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Abstract 

Lacking experimental data, protein function is often predicted from 
evolutionary and protein structure theory. Under the 'domain grammar' 
hypothesis the function of a protein follows from the domains it encodes. 
Under the 'orthology conjecture', orthologs, related through species 
formation, are expected to be more functionally similar than paralogs, which 
are homologs in the same or different species descended from a gene 
duplication event. However, these assumptions have not thus far been 
systematically evaluated. 
 
To test the 'domain grammar' hypothesis, we built models for predicting 
function from the domain combinations present in a protein, and 
demonstrated that multi-domain combinations imply functions that the 
individual domains do not. We also developed a novel gene-tree based 
method for reconstructing the evolutionary histories of domain architectures, 
to search for cases of architectures that have arisen multiple times in parallel, 
and found this to be more common than previously reported. 
 
To test the 'orthology conjecture', we first benchmarked methods for 
homology inference under the obfuscating influence of low-complexity 
regions, in order to improve the InParanoid orthology inference algorithm. 
InParanoid was then used to test the relative conservation of functionally 
relevant properties between orthologs and paralogs at various evolutionary 
distances, including intron positions, domain architectures, and Gene 
Ontology functional annotations. 
 
We found an increased conservation of domain architectures in orthologs 
relative to paralogs, in support of the 'orthology conjecture' and the 'domain 
grammar' hypotheses acting in tandem. However, equivalent analysis of 
Gene Ontology functional conservation yielded spurious results, which may 
be an artifact of species-specific annotation biases in functional annotation 
databases. I discuss possible ways of circumventing this bias so the 
'orthology conjecture' can be tested more conclusively. 
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1 Introduction 

1.1 Purpose 
 
Modern biological science aims at improving conditions for humanity, 
making it possible for us to live longer, healthier lives. To accomplish this, 
we need to be able to measure, understand, and predict how life functions, 
ranging from human life to that of all other organisms that affect it, such as 
pathogens or beneficial symbionts. The high-throughput biology revolution, 
with technologies that include expression and genomic microarrays, as well 
as large-scale genomic and transcriptomic sequencing, has granted us an 
understanding of the building blocks of organisms, and the next step then 
becomes understanding how they relate and interact, paving the path to full 
systems biology. While wet lab experiments are the Alpha and Omega of 
biology, practical, technological and ethical constraints necessitate a 
computational effort, the field of bioinformatics or computational biology, to 
help us go from disjointed facts to an understanding of the functional whole.  
 
The work described here aims to promote this goal. I have intended to 
explore, evaluate and improve methods for computationally characterizing 
how the individual components of life act and interrelate. In the course of 
this effort, I have studied the underlying evolution of living organisms, 
because it is from evolutionary relationships that many biological hypotheses 
and conclusions are arrived at. More specifically, the underlying question 
that I have been trying to address is this: to what degree exists there easily 
measured, general properties of genes and proteins that can help us 
understand what they do and what processes they are part of?  
 
By easily measured, general properties, I mean attributes that can be tested 
in high-throughput studies without any hypothesis on function a priori. 
There are many such properties that might be useful in this manner. I have 
focused on two: the presence of recurring protein sequence or structure 
elements in the form of protein domains, and the specific phylogenetic 
relationship of orthology, which holds for a pair of genes in two different 
species if they stem from a single gene in the last common ancestor (the 
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cenancestor) of those species. Orthology is complemented by the 
relationship of paralogy, which holds between any genes that descended by 
duplication with subsequent descent from a common ancestor.  
 
In terms of what proteins do and what processes their products are part of, I 
have focused on whether or not those proteins can be sorted into broad or 
narrow functional categories, and on their involvement in human genetic 
diseases [1, 2]. While constantly expanding, these classifications are still 
crude, but it is my hope that any property that can be used to predict 
involvement in such crude categories might also be useful in predicting 
involvement in finer-grained categories, or at the very least narrow down the 
search space. 
 
Within this problem area, I have investigated what functional information is 
available from the properties of protein domains and orthology relationships, 
and on how these two properties relate to each other, wherein selective 
pressure towards retaining an ancestral protein function might form the 
elusive hidden link. We have good reason to believe that orthology often 
confers functional similarity between proteins, and I have found that it also 
confers relatively higher conservation of domain architecture.  
 
One interpretation of this is that orthologous evolution of proteins is 
associated with selective pressure towards retaining some ancestral function, 
which is achieved by making changes in the domain content of proteins less 
likely. This, then, provides support for the idea that many of the functions of 
proteins take place because of the domains they contain, either as direct or 
indirect consequences. This idea is very widely accepted, but not 
conclusively proven. An alternate hypothesis could be presented, under 
which analogous functions could be implemented equally well by proteins 
with very different structures, along very different pathways, in which case 
the connection between specific domains and specific functions would 
follow not from structural necessity but merely from shared ancestry and 
historical happenstance. If this would be the case, it would limit the 
conclusions that we could draw from domain content alone, and so the 
question has bearing on the larger problem of determining which functional 
conclusions we can draw reliably from which properties. 
 
Foremost, I have thus wanted to test two commonly endorsed hypotheses. 
The first has been termed the orthology conjecture [3] or standard model [4], 
and states that proteins without paralogs tend to change in function more 
slowly as they evolve, unlike the case for proteins with paralogs, where 
functional redundancy following from the presence of gene duplicates would 
reduce selective pressure. The second could be called the domain grammar 
hypothesis [Paper II, 5], and I will consider a strong and weak form of it. 
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The weak form simply states that domain architectures contain information 
that can be used to predict the functions of proteins. The strong form states 
that the functions of proteins causally follow from their domain 
architectures, so that a given function is guaranteed to be achieved by a 
protein combining the proper domains, and, moreover, that the function in 
question cannot in fact be implemented without these domains being present. 
The weak form follows from the strong form, and is relevant only for 
practical purposes of designing computational function prediction pipelines. 
The strong form, as indicated above, may or may not hold true, and it is 
likely that it does so only in part: there may be some protein functions that 
follow as a necessary consequence of particular domain combinations, and 
of these, some may be impossible to achieve in any protein lacking that 
domain combination. If this is the case, determining how often a function is 
tied by necessity to a particularly domain combination becomes relevant. 
 
In summary, in order to improve our knowledge of the functional roles of 
genes and proteins, I have studied the evolution of proteins to test which 
impact various factors have on these functional roles. Along the way, this 
work has serendipitously resulted in improvement to certain bioinformatics 
tools and resources, and alerted me to a number of open questions and 
potential sources of bias that may form obstacles we should strive to 
overcome in order to gain a clearer picture. 

1.2 Conventions 
 
Throughout this work, in some contexts, references may be made 
interchangingly to genes and proteins, or to genomes and proteomes, notably 
with respect to orthology and other phylogenetic relationships, and to 
function. In these cases, this is to be understood as referring either to gene 
sequences or to their encoded and corresponding amino acid sequences, 
implying that the reasoning employed could be applied at either level. Any 
references to the function of a gene should be interpreted as referring to the 
function of its product. Likewise, any references to mutation, evolution or 
duplication of a protein refers to these events happening to the gene 
encoding it. 
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2 Background 

 

2.1 Evolution and orthology 
 

2.1.1 Homology 
 
The term homology was first used by Owen [6] as referring to “the same 
organ in different animals under every variety of form and function”. That is 
to say: under this definition, a part of an organism is homologous to a part of 
another organism if they are in some sense “the same organ” and do the 
same thing. This is in fact a statement of the properties of the extant 
organism, rather than its origins, which is unsurprising given that this 
definition preceded Darwin's [7] concept of evolution by descent with 
modification under natural selection. The term, however, has come to be 
adapted [8] to an evolutionary framework and given a revised definition, 
which has nothing to do with what a biological trait does, at least directly, 
and everything to do with where it came from. This more recent definition of 
homology states that a part of some organism is homologous to another part 
of some organism if they both evolved through descent from a part found in 
some shared ancestor organism. 
 
This work exclusively concerns homology as the term is used within 
molecular evolution. For a discussion on how this terminology translates to 
morphological evolution, see Patterson [9]. Within this framework, we can 
talk of homology at all levels of genetic materials, as well as indirectly at the 
level of the encoded proteins. Single nucleotides can be homologs, as can all 
or part of the genes they form, and the chromosomes where they are found. 
Perhaps ironically, given Owen’s definition, it is incorrect to refer to two 
parts (genes, organs etc.) as homologs if they did not evolve from the same 
ancestral part, even if they accomplish the same things for an organism, and 
they should then instead be considered analogs [9, 10]. 
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2.1.2 Inferring homology 
 
At the core of inferring homology between a pair of sequences lie implicit or 
explicit statistical models. These reveal when certain levels of observed 
similarity between sequences become unrealistic in the absence of a 
common origin [9, 10]. Generally, the models are defined relative to an 
alignment of the sequences, which is a set of hypotheses on which characters 
are descended from the same common ancestral characters. In the absence of 
a possible alignment (though structural features can often be aligned even 
when sequence features cannot) [11], homology is generally ruled out, 
whereas each (optimal) alignment corresponds to a potentially valid 
homology relationship. Given an alignment, it is thus possible for us to score 
how confident we are in the homology of a pair of sequences [10, 12, 13]. 
 
With the existence of large-scale sequenced genome databases, along with 
predicted and experimentally verified mRNA transcripts and translated 
proteins, methods have been developed for searching for and ranking 
potential homologs by evaluating potential alignments, in practice always in 
a heuristic fashion. This is an extremely common operation when trying to 
understand what role the protein expressed from a given sequence plays in 
the organism it is a part of. Existing tools for pairwise alignment of 
sequences build on dynamic programming techniques, like the Smith-
Waterman local alignment algorithm [14] or the Needleman-Wunsch global 
alignment algorithm [15]. Subsequent developments such as FASTA [16, 
17] or BLAST [18, 19] are attempts at heuristics to make similar approaches 
applicable to large-scale database searches. Alignment of multiple sequences 
could theoretically be performed using dynamic programming in a higher-
dimensional space, but this is not feasible for practical applications due to 
time and memory constraints. As such, methods like Clustal [20, 21], Kalign 
[22, 23], Mafft [24-26] and Muscle [27, 28] all employ heuristics to merge 
multiple pair-wise alignments into a multiple sequence alignment.  
 
More complex homology search and alignment reconstruction methods are 
available through the use of sequence profiles. These are based on the fact 
that most homologous sequence pairs are in fact part of larger homologous 
sequence families, and also on the fact that the nucleotide sequences are not 
random. Instead they are shaped by structural and chemical constraints to 
perform a biological function when translated into proteins. As such, a 
family will exhibit different degrees of variation at different sites in the 
sequence [29, 30]. Thus, considering known members of the family allows 
treating similarity or difference at a site as more or less important from the 
perspective of these constraints, as inferred from the relative conservation 
within the family at that site. Methods based on these facts – sequence 
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profiles, position-specific scoring matrices (PSSMs) [31], PSI-BLAST [19, 
32], CS-BLAST [33] and the Hidden Markov Models [34-37] all allow 
detection of much more divergent homologs. 
 
It should be noted here that the scores resulting from an alignment 
construction program applied to a pair do not necessarily correspond to the 
evolutionary distance between them in terms of time, although the two 
measures often seem to be correlated [38]. Many bioinformatics 
applications, including several described in this thesis [Paper IV, 39-43], do 
use measures of confidence in a homology inference, such as BLAST bit 
scores [12, 18, 44, 45], in order to rank homologs by order of distance. 
However, this should be considered a heuristic approach taken for ease of 
implementation, and it is an approach that the bioinformatics community 
might want to move away from [38, 46]. 

2.1.3 Low-complexity regions as an error source 
 
While statistically significant sequence similarity between proteins generally 
is a consequence of their homology, there are factors that may cause non-
homologous proteins to be unexpectedly similar in sequence. These include 
a shared but otherwise uncommon amino acid bias, but also the presence of 
internal repeats found in several unrelated genes. I refer to these as low-
complexity regions [47, 48]. 
 
Approaches have been suggested that detect such sequence regions and mask 
them from subsequent analysis [47, 48]. Other suggested approaches make 
specialized sequence comparisons where the particular amino acid 
distributions are considered explicitly [32, 49-52], limiting inferences to 
using only the positional information found in a sequence. 

2.1.4 Phylogenetics 
 
For multiple homologous objects, such as a family of gene sequences (or, at 
a higher level, a group of species), their actual historical relationships will 
form a hierarchy: Species ‘A’ branched off from its ancestor, and its sibling 
branch subsequently split into ‘B’ and ‘C’. The latter two are more closely 
related to each other than to ‘A’, and this series of relationships matches a 
tree structure, with branches corresponding to periods of time separating 
events where new objects rise from the old. These trees are phylogenies, and 
the science or art of inferring them is called phylogenetics. Leaf nodes are 
called taxa or OTUs (Operational Taxonomic Units). Each phylogeny 
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corresponds to a hypothesis of (hierarchical) homology among a set of 
OTUs, which are typically but not always genes or species. 
 
As historical events cannot be observed directly, we can only observe the 
effects they have on presently available observable objects, and infer the 
most credible history from there. We may reconstruct the phylogeny of 
genes or organisms with varying degrees of precision, from observations 
such as the molecular structures of genes, proteins and genomes, phenotypic 
characteristics of organisms, and the presence or absence of fossils or extant 
species. In this, we must also rely on inference criteria such as maximum 
parsimony [53-55] or maximum likelihood [56], both variations on Occam's 
idea of minimal assumptions. 
 
Historically, animal and plant taxonomists have reconstructed the 
genealogies of entire species based on externally visible phenotypic traits as 
well as on fossilized organisms that could be dated using various methods 
[9]. These histories are very far-reaching but often not perfectly resolved, 
involving phylogenies that are multifurcating rather than bifurcating [57], 
and without well-defined branch lengths. Subsequently, the discovery of 
DNA and techniques for the detailed analysis of individual gene or protein 
sequences, or of protein structures, allowed molecular phylogenetics to 
complement these results, partly validating them and partly revising them. 
The last two decades, however, has seen sequence analysis techniques make 
a remarkable shift forward, allowing analysis of not only entire genomes of 
organisms, but entire genomes of multiple organisms simultaneously. As 
such, methods for analyzing the history of organisms based on their entire 
genetic content [58, Paper IV], or from multiple genes [59-65], in relation to 
a wide range of close and distant relatives, are becoming available. 

2.1.5 Disagreements between trees 
 
A central problem in bridging species and gene phylogeny lies in the 
possibility that they can disagree. A pair of genes may be xenologs [66], 
meaning that while they themselves are homologous, one or both has moved 
between species, through any of a variety of events [67], such as through 
transfer of bacterial plasmids [68, 69], through viral infection [68, 69], or 
from endosymbionts into nuclear genomes [70], so that their host organisms 
need not share the same historical relationships as these genes do. This type 
of horizontal gene transfer (HGT) is common in single-cell organisms of all 
stripes [67, 68, 71, 72], and have prompted many to ask whether it even 
makes sense to talk of a true, tree-like genome- or species-level phylogeny 
for prokaryotes [73], though others have argued differently [74, 75]. 
Similarly, duplication of genes, which is very common and a core concept in 
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this thesis, possibly followed by lineage-specific gene loss, also frequently 
gives rise to situations where gene and species phylogeny appear to disagree. 
 
Analogous to the situation of gene versus species phylogeny, genes may 
experience recombination events of various types, causing subsequences to 
be gained, lost, duplicated or shuffled. Genes may be split or merged [76]. 
Recombinant subsequences may or may not correspond to relevant gene or 
protein features such as introns, exons or domains [77-80]. As a result, while 
each individual sequence region that has not been broken up by 
recombination in any of the organisms considered can be said to have a well-
defined, tree-like phylogeny corresponding to its evolutionary history, the 
genes as a whole, like the mosaic genomes previously mentioned, sometimes 
cannot [81, 82]. 
 
On a higher level, population genetics may face analogous problems. 
Defining a species is in fact non-trivial. A population of individual 
organisms might be considered to have a treelike history, which reflects the 
history of the set of species that arose when the population was divided by 
migrations, or by mutations making interbreeding between subgroups no 
longer possible. But this overall history, which is the species phylogeny, 
may only exist as an abstraction of the statistical behaviour of the individual 
organism histories, which in turn contain potentially conflicting gene 
histories, and they contain potentially conflicting domain histories. 
 
Realistically, it is often necessary to work at the level of these abstractions 
when attempting phylogenetic reconstruction, i.e., we must construct gene 
phylogenies that unite the information from individual domains, organism 
phylogenies based on subsets of all available genes, and species phylogenies 
from those few or singular individuals we actually have sequence data for. 
This adds uncertainty to all such analyses, but by bearing these limitations in 
mind, we often are still able to make good use of their results [9]. 
 
Reconciling component phylogenies into a single whole can be done in 
several ways. In a situation where we would have access to the genomes of 
several individuals from the same species, we could use their consensus or 
average representation, or alternatively a profile describing the ranges within 
which they vary, to integrate the information the individuals carry for the 
species as a whole. This can be seen as integration along the dimension of 
population, but to my knowledge it has not yet been attempted to any great 
degree, mainly due to the scarcity of multiple genome sequences for the 
same species.  
 
The other dimension, integrating information from multiple genes within the 
same genome, is better studied [59-65]. The term phylogenomics has been 
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suggested for approaches that integrate phylogenetic signals from multiple 
gene sequences [60], and involve both methods for crafting virtual 
“metagenes” from concatenated gene sequences [64, 83], as well as 
“supertree” methods for finding species phylogenies that are optimally 
compatible with multiple gene phylogenies [59-63, 65, 75, 83]. Other 
methods involve building species phylogenies from information on the gene 
or domain content of organisms [57, Paper IV], or reconciling sets of gene 
phylogenies with a hypothetical species phylogeny [59, 84, 85]. 

2.1.6 Orthology and gene duplication 
 
The current terms orthology and paralogy were minted by Walter Fitch in a 
seminal article [10], though similar concepts were described using different 
terms by Zuckerkandl & Pauling [86] a few years earlier. Basically, 
orthology versus paralogy are properties that a homology relationship can 
possess in relation to a species tree. Two homologous sequences found in 
different species are orthologous if they descend from the same sequence in 
the cenancestor, the last common ancestral species of the species where they 
are presently found. Alternately put, the evolutionary event that gave rise to 
the two species – a speciation event – was also the event that separated the 
two sequence lineages.  
 
In contrast, if the homologs exist within the same species, or are descended 
from different gene duplicates that arose before the cenancestor, they are 
instead paralogs. In the context of a particular species comparison, we can 
separate these two cases: in-paralogs are same-species paralogs that 
diverged through duplication events after the divergence of the species 
lineages under consideration [87, 88]. Out-paralogs are same-species or 
cross-species paralogs that stem from different ancestral paralogs in the 
cenancestor. 
 
Can we talk of orthology when considering more than one species? An 
ortholog group defined relative to a particular lineage of organisms can be 
thought of as all the parts in those organisms that descended from a single 
part in their last common ancestor. However, in this case, it is not guaranteed 
that every cross-species homology relationship in this set will be an 
orthologous relationship. This is because orthology depends on whether or 
not two genes descend from a single gene or not in the cenancestor to the 
two species where they are found. With multiple species included in an 
orthology group, different pairs of species will have different cenancestors, 
allowing pairs of genes from the same multispecies group to be either 
orthologous or paralogous. Ultimately, the definition can be safely applied 
only to pairs of genes [89].  
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There is considerable confusion in the literature concerning the terminology 
for orthologs, however. Due to observations that many orthologs retain the 
same functions – that is to say, that for pairs of genes that are orthologous, 
there are many cases when the products of both genes in the pair can be 
shown to perform the same function – some authors have used orthology as a 
synonym for functional equivalence (see [90]), which does not directly 
follow from the original definition. Furthermore, when a cenancestral gene 
has duplicated in one lineage but not the other, all the descendent genes in 
the first lineage will independently be orthologs to the gene in the second 
lineage, whereas they will be inparalogs of each other. In some cases, 
authors have considered only one of these genes an “ortholog” [91], which 
misses the fact that orthology is a property of pairs of organism parts rather 
than a property of the individual parts themselves. Some authors have 
claimed that the orthology relationship has the logical property of transitivity 
[92]. This, however, can be clearly shown not to be the case [66, 89]. 

2.1.7 Inferring orthology 
 
Like homology, orthology is a property we can only infer, not observe. 
Ultimately, the “true” answer would be gained from comparing a part (gene) 
phylogeny with a species phylogeny. If the subtrees defined by the two 
genes and by the two species are rooted at the same point, they are orthologs. 
More generally, methods for assigning orthology relationships given trees, 
such as tree reconciliation, exist and are well described [59, 84, 85]. A well-
defined species tree must be available, however, which may be problematic 
in several cases [93]. 
 
More notably, for a long time, large-scale phylogenetics-based orthology 
reconstruction has been impractical or intractable for computational reasons. 
Though some recent developments suggest this may be changing [94], this 
state of things has nevertheless prompted a focus on development of 
heuristic methods for inferring orthology, generally from sequence distance 
networks of one type or another. As such, these methods have been 
collectively referred to as graph-based rather than tree-based methods [2, 
95, 96]. The edges of such networks should ideally correspond to 
evolutionary distances, but many methods have instead used homology 
confidence measures such as BLAST bit scores [12] as a proxy. 
 
The simplest graph-based method is the RBH or Reciprocal Best Hit [46, 
97]. Pairs of sequences are considered orthologous if they are both each 
other's closest neighbour. In practice, this means that they are each other's 
top hits in all versus all genome-wide sequence comparisons, generally using 
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tools such as BLAST [18], but sometimes using dynamic programming, i.e. 
Smith-Waterman [14] or Needleman-Wunsch [15] alignment. The RSD or 
Reciprocal Smallest Distance method replaces alignment scores by 
maximum-likelihood estimates of branch length between the sequences [46]. 
Ranking next in complexity, a series of methods follow that add in additional 
inparalogs to the resulting orthology cluster, or that use triangles of 
reciprocal best hits between three species at a time to build multi-species 
ortholog groups. More complex clustering methods can also be used. There 
are also an increasing number of phylogenetics-based orthology resources. 
Some of the most commonly used or otherwise notable tools are briefly 
reviewed below. 
 
Aside from sequence similarity- or phylogeny-based orthology 
reconstruction methods, there is a growing repertoire of context-based 
methods for orthology inference, i.e., using the homology or orthology of 
neighbouring genes as evidence for orthology [98-100]. This conservation of 
neighbourhood, termed synteny, is justified in that the original gene involved 
in a gene duplication event will remain where it was, making for segments of 
orthologous genes conserved across species, at least over sufficiently short 
evolutionary distances. It will, however, be unable to detect all the 
orthologous relationships in the case of one-to-many or many-to-many 
orthology groups. 

2.1.8 Overview of some orthology inference resources 
 
A comprehensive online repository of ortholog databases was recently 
established by the Quest for Orthologs initiative, and is located at 
http://questfororthologs.org/orthology_databases. The following sections 
briefly describe some of these resources, as well as a few others not listed 
there. 
 

2.1.8.1 COGs/KOGs 
 
Possibly the best-known orthology inference resource, the Clusters of 
Orthologous Groups (COGs) [39-41] are constructed by linking together 
genes that are reciprocal best BLAST hits, following a step where obvious 
inparalogs are merged. Where such reciprocal best hits can be found 
between at least three species, an ortholog group is inferred, and 
successively added to by including sequences that are likewise reciprocal 
best hits to existing group members. Finally, the resulting groups are 
inspected manually. While the original version contained mainly 
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prokaryotes, with yeast as the sole eukaryote, the euKaryotic Ortholog 
Groups (KOGs) [41] version included additional eukaryote species. 
 

2.1.8.2 eggNOG 
 
The ‘evolutionary genealogy of genes: Non-supervised Orthologous Groups’ 
(eggNOG) [82, 101] is in many respects similar to COGs/KOGs, but with 
vastly higher coverage as well as extensive integration of functional 
information. Like COGs, it is built based on triangles of reciprocal best hits, 
in this case using Smith-Waterman rather than BLAST scores as a distance 
measure. Inparalogs are initially merged, as are very similar genes in closely 
related species. Several different clusterings are performed at different 
taxonomic levels, and an additional filtering step breaks up clusters 
artificially joined by genes that arose by two separate genes fusing into one. 
 

2.1.8.3 TOGA/EGO 
 
The TIGR Orthologous Gene Alignments (TOGA, at present called EGO) 
[102], works similar to COGs by clustering eukaryotic genes into multiple-
species ortholog groups on the grounds of reciprocal best BLAST hits 
linking at least three species together. 
 

2.1.8.4 EnsemblCompara GeneTrees 
 
The Ensembl sequence database clusters genes into families, constructs trees 
from them and infers orthology and paralogy by reconciliation with a species 
tree [103, 104]. 
 

2.1.8.5 InParanoid/MultiParanoid 
 
InParanoid [105-107, Paper IV], is a graph-based method for inferring 
orthology and paralogy relationships between all members of two complete 
proteomes. As such, it particularly focuses on correctly including species-
specific inparalogs while excluding outparalogs predating the speciation that 
a particular comparison of two proteomes define. This is done at a price, as 
the framework is then limited to comparing two species at a time. An 
attempt to extend InParanoid was made to allow inference of hierarchical 
orthology groups from multiple closely related species in the form of 
MultiParanoid [43], but it has not been updated since publication. 
 

 26 



2.1.8.6 Homologene 
 
The NCBI makes available the Homologene database [108] which consists 
of gene families for which phylogenetic trees have been reconstructed. 
While not explicitly presented as an orthology resource, it has been treated 
as such in some contexts [109]. 

 

2.1.8.7 KEGG 
 
The Kyoto Encyclopedia of Genes and Genomes (KEGG) [110-115] assigns 
genes in a genome to orthology groups through automatic and manual 
inspection of sequence similarity, presence or absence of genes found 
together in other organisms, and by chromosomal proximity. Its main feature 
is its strong focus on functional annotation, assigning as many genes as 
possible to specific roles in biochemical pathways. 
 

2.1.8.8 MetaPhOrs 
 
The recently introduced MetaPhOrs server [116] is effectively a metaserver 
for tree reconciliation-derived orthology, drawing on as many gene trees as 
possible and deriving consistency scores from the degree to which an 
orthology or paralogy inference is supported by multiple trees. 
 

2.1.8.9 OMA 
 
The Orthologous MAtrix (OMA) [117, 118] resource is a graph-based tool 
for inference of groups of 1-1 orthologs (sometimes termed super-orthologs) 
[119]. It uses reciprocal best hits using Smith-Waterman alignment, which 
are then filtered by searching for relationships to genes in other genomes that 
would contradict the inferred orthology relationships [120]. 
 

2.1.8.10 OrthoMCL 
 
OrthoMCL [42] is a graph-based method similar to InParanoid, in that it is 
based on sequence similarity between genes. Same-species genes more 
similar to each other than any gene in another species are clustered together 
as inparalogs. Following this step, the Markov Cluster algorithm (MCL) 
[121] is used to link inparalog groups together into ortholog groups. This 
heuristic approach can be applied both to the pairwise species comparison 
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case or to multiple species at once. OrthoMCL-DB [122], a database of 
orthology inferences using this method, is also available. 
 

2.1.8.11 PhIGs 
 
The PhIGs [123] system is fundamentally a tree reconciliation-based 
orthology inference tool. However, it clusters gene sequences into families 
by help of a species tree before family tree reconstruction and reconciliation, 
assigning each resulting ortholog group to the taxonomic level where it is 
first seen. It also contains Hidden Markov Models used to rapidly assign 
query sequences to a PhIG. 
 

2.1.8.12 PHOG 
 
The PHOG orthology resource [119] is in some sense a hybrid of a tree 
reconciliation method and a graph-based method. To avoid computational 
costs associated with tree reconciliation, pairs of genes within the same 
family trees are classified as orthologs or paralogs based on the distance 
between them along connecting tree branches. 
 

2.1.8.13 PhyOp 
 
Goodstadt & Ponting [124] presented a high-precision reconstruction of 
orthologs and paralogs between dog and human based on sequence 
clustering followed by phylogenetic tree reconstruction and gene-species 
tree reconciliation. It is noteworthy in that the analysis incorporates multiple 
splice forms for each gene, thus potentially avoiding artefacts resulting from 
unfortunate choices of splice form representatives for each gene. 
 

2.1.8.14 Roundup 
 
Roundup [125] is similar to InParanoid in that it infers orthology and 
paralogy relationships between the proteins of two genomes at a time, but 
differs from it by being based on reciprocal smallest distances [46] rather 
than using BLAST bit scores as a distance measure. It is available in a 
number of builds using different sequence inclusion thresholds. 
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2.1.8.15 TreeFam 
 
The TreeFam database contains family trees for genes mainly from animals 
[126] but later also updated to include some fungi and plants [127]. 
Sequences are based on families from PhIGs, but extended through BLAST 
searches and Hidden Markov Model searches within the included genomes. 
Based on the tree reconciliation algorithm of Zmasek & Eddy [128], 
orthology and paralogy relationships are then inferred. 

2.1.9 Accuracy of ortholog inference 
 
How well do the various orthology reconstruction methods work? Given the 
definition, a true benchmark of orthology can only be done where gene and 
species phylogenies are both known, so that the true and inferred 
relationships can be compared. This can be done directly, by considering 
agreement between the sets of orthologous and non-orthologous pairs 
stemming from an inference and from the known relationships; such 
analyses is performed for a small number of manually curated orthology 
relationships in the benchmark studies by Hulsen and co-workers [90] and 
by Altenhoff & Dessimoz [109], and was also done during the initial testing 
of InParanoid [105]. However, the small datasets limit the applicability of 
these results. An indirect approach instead samples groups of genes wherein 
each is predicted to be orthologous to all other genes in the group, with one 
gene taken from each species. A phylogenetic tree is built from these genes, 
and compared to the phylogeny of the species from which they are sampled 
[109]. In this manner, large-scale phylogenetic evaluation of orthology 
inferences becomes possible. Very recently, a phylogenetic benchmark 
consisting of 70 manually curated protein families in animals was applied to 
evaluate a selection of orthology resources, as well as to try to determine the 
influence of various error sources. Errors in genome annotations stood out as 
the major factor limiting the resources under comparison, as well as 
problems where domain shuffling had obfuscated orthology relationships 
[96]. 
 
Since it is known that relative chromosomal position, or gene order, is often 
conserved between sets of orthologous genes (the phenomenon of synteny), 
the degree of synteny exhibited under different methods for orthology 
inference may provide some guidance. While not every true orthology 
relationship will be reflected in synteny, it can nevertheless be useful for the 
relative comparison of methods, though with the risk of bias. This was done 
as part of the evaluations of Altenhoff & Dessimoz [109] and Hulsen and co-
workers [90], as well as when optimizing algorithms for the 
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EnsemblCompara GeneTrees database [104], and for evaluation of the 
PhyOp resource [124]. 
 
Most comparative evaluation of orthology inference methods, however, have 
not actually focused on testing for actual orthology as defined by Fitch, but 
have instead measured conservation of various functional properties among 
orthologous pairs. Hulsen and co-workers [90] measured similarity of tissue 
expression/co-expression profiles and interactions for orthologs inferred 
through various methods. Altenhoff & Dessimoz [109] similarly compared 
conservation of Gene Ontology terms and Enzyme Classification (EC) 
numbers, as well as expression profile. While these tests may be of value for 
researchers in order to determine how similar in these respects they should 
expect orthologous pairs inferred by different methods to be, it reveals 
nothing regarding the reliability of the orthology inferences themselves. 
Moreover, neither study contrasts the average conservation of orthologs to 
that of paralogs, which, if performed, would have allowed evaluation of the 
relationship of these properties to the orthology phenomenon in itself, i.e. the 
orthology conjecture [3]. Zmasek & Eddy [129] perform bootstrap tests on 
orthology inferences, an approach also used in InParanoid [105]. However, 
this merely tests the extent to which the results are robust to input data noise, 
not the extent to which they actually capture the true evolutionary 
relationships.  
 
On the whole, different orthology resources have different species coverage 
and may provide different utility depending on the sensitivity and precision 
needs of a particular application [90, 130]. The only large-scale evaluation of 
agreement with phylogeny, by Altenhoff & Dessimoz [109], evaluates only 
one tree reconciliation-based orthology inference method 
(EnsemblCompara), which surprisingly enough did not strongly outperform 
competing heuristic methods in this benchmark, which might otherwise have 
been expected. One remaining obstacle to comparative evaluation on a large 
scale of orthology inference methods is the technical difficulty of matching 
up the different representations used. Common standards for sequence data 
(SeqXML) and orthology inferences (OrthoXML) have been suggested for 
circumventing this problem [131], and may soon enable more 
comprehensive evaluations of competing methods. 
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2.2 Protein domains 
 

2.2.1 Protein modularity and domain architecture 
 
As techniques for analysis of protein structure developed, it became apparent 
that some structural forms appeared in multiple proteins, which were 
otherwise structurally different [132, 133]. Such recurring elements, termed 
domains, came to be seen as building blocks for protein structure on a level 
higher than secondary structure elements [134, 135], and were shown to 
often be independently folding (with the term ‘fold’ often used in the same 
sense as ‘domain’) [133, 136]. Moreover, the sequences corresponding to 
these protein domains can be aligned, and from the resulting alignments, 
powerful methods for sequence profile searches can be used to find 
additional sequences belonging to such domain families. Likewise, novel 
gene sequences can be assigned to protein domain families from the library 
of already-known domains, and unassigned regions from many proteins can 
be subjected to sequence clustering methods that aim to discover novel 
domain families [132, 134, 137, 138]. 
 
From a theoretical perspective, the existence of structurally and potentially 
functionally well-defined subsequences may provide a vital piece of the 
puzzle regarding how protein complexity can evolve [133, 139]. 
Recombination of domain sequences – either through exon shuffling [139-
142] or through mechanisms such as gene fusion or fission [76, 143, 144] – 
might allow a relatively small number of mutational steps to result in protein 
variants with novel functional specificities, resulting from the combination 
of the properties of their constituent domains. It also allows refinement of a 
domain in one context to be reused in another protein context, meaning that 
not every protein family must evolve from scratch. 
 
Categorizing proteins into families is a vast project to which much effort has 
been dedicated. Families at the protein level may be defined by the presence 
of a domain, or there may be distinct combinations of domains that 
characterize a higher-level family [145, 146]. As sequence databases grow 
more complete, better and better surveys can be made of the diversity of 
proteins, both with regards to domain families and multidomain 
combinations. A picture also gradually emerges of the distribution of these 
families across different lineages, enabling analysis of when particular 
domains or combinations first emerged [142, 147] and subsequently 
shedding light on which genetic innovations played a part in the rise of 
particular classes of organisms [139, 148]. A specific subproblem is 
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estimation of the domain content of the LUCA or Last Universal Common 
Ancestor, which can be addressed by methods such as maximally 
parsimonious reconstruction of its domain repertoire [149, 150]. 

2.2.2 Overview of some protein domain databases 
 
As more and more protein sequences and structures were identified through 
structural genomics projects and genome projects, domain families were 
identified either through manual curation or through clustering approaches. 
This process has been carried out independently by several different groups 
using different datasets and methods, and as a result, multiple redundant 
domain classification systems exist. While conclusions drawn from one are 
often valid relative to another, the systems are not directly compatible. This 
section lists some of the most widely used systems. 
 

2.2.2.1 CATH/Gene3D 
 
The CATH database [151-156] is a hierarchical classification system of 
structural domains. Each letter (‘C’, ‘A’, ‘T’, ‘H’) corresponds to a 
hierarchical level, with Homologous superfamilies belonging to Topologies, 
which belong to Architectures, which belong in turn to one of the four 
Classes. It is constructed from the protein structures available in the Protein 
Data Bank (PDB) [157]. Domains sharing the H or T level can be assumed 
to be homologous, whereas this cannot be guaranteed for the higher levels 
(Orengo, personal communication). It is built using both computational 
structure comparisons and manual curation. While only proteins with 
experimentally determined structures are thus part of CATH, it has been 
used to build sequence family Hidden Markov Models, which are used to 
search sequence databases and assign CATH classifications to proteins 
without experimentally determined structures. These models and 
assignments make up the affiliated Gene3D database [154, 158-161]. 
 

2.2.2.2 CDD 
 
The Conserved Domain Database (CDD) [162, 163] at NCBI is a domain 
metadatabase in that it imports domain models from many other databases, 
as well as unique models based on 3D structure data. These models are used 
to assign domains to sequences in the NCBI databases. Unlike the other 
databases listed here which typically use Hidden Markov Models, CDD uses 
the RPS-Blast algorithm [164] for this purpose. 
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2.2.2.3 Interpro 
 
Interpro [165, 166] is a domain metadatabase, which integrates domain 
assignments from many different schemas (including those listed here) for a 
large set of protein sequences. It also contains functional predictions made 
using this domain information. 
 

2.2.2.4 Pfam 
 
The Pfam database [167-174] is analogous to the Gene3D and 
SUPERFAMILY databases in that it is built by training Hidden Markov 
Models (HMMs) for known domain families. These are then used to search 
sequence archives in order to assign protein sequence regions to these 
families. However, instead of structure-defined families, Pfam is built from 
manually curated seed alignments either based in literature or from 
automated clusterings of sequences not currently assigned to any domain 
family, the Pfam-B database. Various methods have been used to perform 
this clustering [132, 134, 137, 138]. The Pfam database is not hierarchical as 
such, but later versions include a higher level of organization in that 
homologous domain families are gradually grouped together into Clans 
[172]. 
 

2.2.2.5 SCOP/SUPERFAMILY 
 
SCOP [175, 176] is highly similar to CATH in that it defines protein 
domains from structure, though it relies more on manual assignment and 
curation than on automated structure comparisons. It, too, has four 
hierarchical levels, though these do not correspond exactly to the CATH 
levels [177]. Similarly, SUPERFAMILY [178-182] is analogous to Gene3D, 
or to Pfam, with the SCOP families serving as seed alignments. 
 

2.2.2.6 SMART 
 
The SMART database [183-189] is similar to Pfam in that it is populated 
using Hidden Markov Models from seed alignments. Unlike other databases 
in this section, it does not aim to be exhaustive but rather specializes in 
signalling and regulatory domains, as well as in integrating associated 
functional information. 
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2.2.3 Mechanisms of domain architecture evolution 
 
What are the mechanisms that allow the domain architectures of proteins to 
change between successive generations, and what kind of changes do these 
mechanisms actually cause? Notably, there are two aspects to the evolution 
of domain architectures. The first is which mutations actually take place. The 
second is whether a given mutation is retained in the population and perhaps 
brought to fixation, or purged from it through reduced fitness or random 
chance [190]. 
 
As for the mutations, there are a variety of ways in which the sequences 
encoding proteins in the genomes can change, either in place or through 
introduction elsewhere into the genome of a modified duplicate. 
Homologous recombination [191, 192] is a DNA repair mechanism that 
replaces material in one region with that from a homologous region. Non-
homologous, or illegitimate, recombination [193] may exchange material 
between entirely different genes. Mobile elements such as retrotransposons 
[194, 195] or DNA transposons [195, 196] provide further mechanisms for 
larger-scale genetic changes. Point mutations may add or remove start or 
stop codons, splice sites, or other sequence markers that affect which DNA 
regions will end up in the translated proteins [143]. This may shorten, 
lengthen, split or fuse genes. Processed transcripts may be inserted in the 
genome through retrotranscription, generally as inactive pseudogenes but not 
always [195]. In combination with atypical splicing, retrointegration can 
even involve chimeric transcripts spliced from exons of several genes [197]. 
Segmental duplication of genome regions may duplicate all or part of genes, 
creating architecture copies or novel architectures [197]. A novel coding 
sequence may arise through the process of exonization [141, 142, 197]. An 
uncommon but notable phenomenon is that of circular permutation of a 
domain architecture (e.g. ABCD -> DABC), the mechanisms of which have 
been explored by Weiner & Bornberg-Bauer [198] and by Vogel & Morea 
[199]. 
 
There is not room within the scope of this thesis to give a detailed rundown 
of the population genetics behind duplicate or mutant retention and/or 
fixation in a population, but the core premise is this: a modified trait may 
persist either through genetic drift (i.e. by chance), or through positive 
selection. The former is more likely the smaller the effective population size 
is, allowing for population bottleneck phenomena. 
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2.2.4 Reconstructing domain architecture evolution 
 
How can we chart the processes that change domain architectures over 
evolutionary time? Fundamentally, this is done by inferring changes from 
present-day architectures, usually through maximum parsimony assumptions 
where the scenario involving the smallest number of changes is concluded. 
For each multidomain architecture, Ekman and co-workers [200] identified 
the most similar architecture found elsewhere, and treated the differences 
between them as corresponding to an observed change.  
 
Several studies [150, 201] have considered the repertoire of domains, 
architectures or domain combinations as a set of binary characters defined 
for each species, and reconstructed the most parsimonious ancestral 
assignments of these characters. The more restrictive Dollo parsimony 
criterion [202] has also been used [201, 203], which requires that any traits, 
such as the presence of a domain, can only be gained once but lost multiple 
times in parallel, based on the assumption that specific gain should be much 
less likely than loss of a domain already present. Other studies [Paper I, 142] 
have used explicit gene trees and assigned ancestral domain architectures to 
internal nodes so as to minimize the number of domain gain and loss events 
along each tree. 
 
All of these approaches suffer from the presence of many largely ad hoc 
assumptions that risk biasing the results depending on the particular 
framework. While parsimony has sometimes been described as being 
assumption-neutral, it corresponds in effect to a scoring scheme where all 
changes are assigned the same score. However, other studies have shown 
that gene fission and fusion events [76, 201] and domain gain and loss 
events [150] occur with different frequencies. In response to this, Itoh and 
co-workers [150] scored gain events as three times more costly than loss 
events, but found that their results were robust to changes in this parameter. 
Architecture change events also occur with different frequencies at the 
termini of proteins than in central positions in an architecture. This is likely 
because certain architecture changing events – fusions, fissions, and 
insertion or deletion of start or stop codons – always affects the terminal 
positions [142, 143, 204, 205]. 
 
However, parsimonious reconstruction of ancestral properties along a tree 
also does not consider the time that passes along a tree branch, whereas in 
reality we would expect that changes should be much more likely along very 
long branches than very short branches. The relative relationships between 
branch lengths can in fact be thought of as a property of the taxon sampling 
more than anything else. Including many closely related taxa will make for 
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either very short branches or multifurcating rather than bifurcating trees, if 
unreliably short branches are collapsed. Revisions to the original maximum 
parsimony algorithm [150] that do not assume strict bifurcations have been 
suggested, and may alleviate this problem somewhat, though issues resulting 
from unequal branch lenghts will still remain. 

2.2.5 Evolution of domain family sizes 
 
The most accessible way of understanding the evolution of domain 
architectures has been charting the distributions of domains, domain 
combinations and domain architectures across individual genomes, 
taxonomic groups, and kingdoms of life, as this does not require direct 
reconstruction of phylogenies. Early on, as bacterial genomes began to be 
sequenced, the distribution of sets of paralogous genes – i.e. gene families, 
overlapping with single domains or multi-domain architectures – within 
genomes was studied. It was found that a particular family size distribution 
occurred again and again; the power law [206-208]. 
 
The power law distribution, which is a specific case of the Generalized 
Pareto Distribution (GPD) [209], corresponds to “the dominance of the 
population by a selected few” [208], i.e., that a majority of families are 
sparsely populated or singletons. On the other end of the scale, this 
distribution has a “heavy tail” [210], such that a few very large families exist 
and a majority of instances in fact come from a minority of families. There is 
a vast body of literature on power law phenomena in a variety of contexts, 
including computer network architecture [211], word usage in languages 
[212], wealth distributions [213] and scientific citations [213]. In biology, it 
has also been demonstrated for some genomic features, such as distribution 
of pseudogenes or short DNA sequences [208]. Furthermore, power law 
distributions are seen in the node degrees of protein-protein interaction 
networks [214] and metabolic networks [215, 216].  
 
Power law distributions have been linked to concepts such as self-similarity 
[217], a property shared with fractals, as well as scale-freeness and small-
world network properties [218], but the use of these terms is not always 
stringent [217]. It has been further noted that family size distributions may 
be even better modelled using the general GPD [209, 219, 220], with 
additional parameters varying between kingdoms of life, but as those 
distributions nevertheless yield asymptotic power law behaviour, this point 
is mostly academical. It is also the case that several different network 
architectures can display the same power law degree distributions, even 
while differing with respect to such properties as the propensity for “network 
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hubs” to be connected [217], impacting the extent to which the network 
exhibits modular behaviour. 
 
In general, situations where power laws are observed are such that the most 
likely expected alternative would be an exponential decay or binomial 
distribution, which are different from the power law mainly by the absence 
of those few very large families in the heavy tail. Classic random graphs 
such as Erdös-Renyi networks [221] will have a binomial degree 
distribution, prompting development of alternative random graph models for 
biological networks, such as preferential attachment [222], where already 
well-connected nodes are proportionally more likely to acquire additional 
connections. The prevalence of power law behaviour in domain family 
distributions [206-208], domain combinations (i.e. supra-domains) and 
domain architectures [223-225], thus provide a basis for conclusions on how 
the domain architecture repertoire of proteomes evolve. In a recent review 
work [205], we further validated these power law distributions based on the 
state of the Pfam database in 2010, and found that the same trends remained 
clear. 
 
Huynen & van Nimwegen [206] interpreted the power law distribution of 
family sizes as consistent with a model of random gene duplication, but with 
family- and organism lineage-specific probabilities of duplication (or, more 
likely, of duplicate retention). This would follow if duplicates within certain 
functional categories were more useful than others in a particular organism, 
depending on its functional requirements. Yanai and co-workers [226] 
disputed this, claiming that uniform duplication probabilities across families 
provided a sufficiently good fit to the observed data. 
 
Later work suggested more complex evolutionary models such as birth-
death [219] or birth-death-innovation [207, 209], and modelled domain 
family size distributions accordingly. Karev and co-workers [209], like 
Huynen & van Nimwegen [206], concluded that different domain families 
gained or lost members at different rates, based on the selective advantage of 
having more or fewer members of those families available. They also 
concluded that domain gain and loss rates must be asymptotically equal for 
simulations to match observed distributions, which would follow from a 
punctuated equilibrium type model where family size evolution may shift, 
though rarely, between different evolutionary submodels but otherwise be 
relatively stable. These shifts would then correspond to shifts in organismal 
complexity. The number of genes involved in particular functional 
categories within genomes also follow power law distributions [227, 228], 
with power law coefficients differing between functional categories, which 
is consistent with the selection-based models discussed above, particularly as 
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these functional categories are likely to match up with domain family 
categories to some extent. 
 
As such, there seems to be some support for a model in which the sizes of 
domain families are controlled mainly by duplication and loss of whole 
genes (rather than by domain-level mutations), processes which in turn may 
vary in frequency depending on the utility of particular families for 
particular niches. The fact that the same distributions are seen both for single 
domains, combinations of domains and entire architectures further imply that 
evolutionary events affecting whole genes play a larger part in shaping 
protein repertoires than domain architecture changing mutations do, though 
the latter also has an impact. 

2.2.6 Evolution of domain combinations 
 
Similar mathematics as apply to the size distribution of domain families also 
applies to the number of different combinations that domains are found in. If 
two domains are present together in a protein, the corresponding nodes are 
linked in a domain co-occurrence network. Similarly, domain neighbour 
networks link domains for which there is at least one protein where those 
domains are found next to each other. Mutations causing domains to 
recombine, then, leads to the creation of new edges in such networks. 
Przytycka and co-workers [203], Itoh and co-workers [150] as well as 
Kummerfeld & Teichmann [229] have all analyzed such networks. Apic and 
co-workers [223] found that the degree distribution matches a power law, 
and Wuchty [218] demonstrated that it can also be fitted to a general GPD, 
results that remained consistent in our recent validation [205].  
 
The existence of a power law for domain combinations makes for the 
existence of certain ‘promiscuous’ [230], ‘mobile’ [184, 231] or ‘versatile’ 
[231-234] domains, which have very many different combination partners, 
most of which in turn are found only in that combination or in a small 
number of combinations. Several different metrics have been suggested for 
measuring the “intrinsic” versatility of a domain family, in the sense of how 
likely members of the domain family are to enter into novel combinations as 
they grow more abundant through duplications [233, 234]. Attempts have 
been made at investigating if particular functional categories are 
overrepresented among promiscuous domains, but no statistically significant 
trends have been demonstrated [231-234]. 
 
The most important question for the purpose of this work, however, is 
whether there is selection for or against particular domain combinations or if 
their evolution is primary characterized by random drift. Apic and co-
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workers [224] suggested a random model for domain architectures sampled 
from a domain repertoire (the ‘bag of domains’ model). They concluded that 
far fewer combinations are actually observed than would be expected under 
this model. This would follow from gene duplication being the dominant 
mechanism for formation of new proteins, regardless of whether selection is 
exerted on particular combinations or not. This is also consistent with the 
relatively small numbers of convergently evolved architectures [203, 235, 
Paper I], and with most domain combinations only seen in one of the two 
possible N- to C-terminal orientations, despite there being few structural 
constraints against this [236]. 
 
Kummerfeld & Teichmann [229] extended the co-occurrence network 
representation to have directed edges (i.e. ‘occurs to the left of’ and ‘occurs 
to the right of’ represented separately). By comparing the observed network 
to a random model, they could conclude that while supra-domains (i.e. 
domain combinations) were found in more than one N- to C-terminal 
orientation only very rarely, it was still more common than expected from 
this network-informed random model. Similarly, the network exhibited more 
prominent clustering behaviour than expected from the random model. 
These findings may reflect selective pressure in the form of positive 
selection for certain domain combinations, but more work will be required to 
fully determine the truth. 

2.2.7 Monophyly versus polyphyly of domain architectures 
 
Yet another approach to address the question of the direct functional 
importance of particular domain architectures (the strong form of the domain 
grammar hypothesis) is to determine how frequently multi-domain 
architectures evolve convergently. If it can be concluded that selective 
pressure operates on the formation of novel domain architectures, it would 
imply that particular combinations were better than others at implementing 
particular functions. However, concluding that selection occurs may also be 
difficult in this case, due to the absence of an obvious neutral null model to 
compare against. Regardless, it is clear that most multi-domain architectures 
are monophyletic rather than polyphyletic traits within gene trees; that is, 
they have arisen only once [Paper I, 203, 232, 235].  
 
The assumptions underlying the use of Dollo parsimony [142, 202, 203] in 
attempts at reconstructing ancestral domain architectures also reflect this 
insight. However, while uncommon, convergent evolution of domain 
architectures is not unheard of [Paper I, 203, 235]. An interesting result was 
obtained by Przytycka and co-workers [203] in that, based on graph 
theoretical constraints and Dollo parsimony, it is possible to prove 
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stringently, given a set of extant protein architectures, whether a given multi-
domain architecture can have evolved monophyletically or not. As such, the 
results of such an analysis forms the most conservative possible estimate for 
the prevalence of convergent evolution of domain architectures, while those 
reported in Paper I may form a most permissive upper bound. 
 

2.2.8 Comparing domain architectures 
 
It is not trivial to compare two proteins with respect to their domain 
architectures in a systematic manner. More specifically, there are several 
ways to consider the difference, and depending on the purpose of the 
comparison, different methods may be most useful. 
 
Some approaches simply consider the set of domains shared between both 
architectures, focusing on the presence or absence of particular domains 
without considering their exact arrangement [237]. It can be argued that this 
is, in fact, the chemically most relevant aspect. However, from a perspective 
of the evolution of the architectures, it is likewise important to note how they 
have changed. By aligning domain architectures, the differences between 
them can be explicitly considered, and it is possible to determine an edit 
distance [204], which is the number of domain-level changes of any type 
required to turn one architecture into another, as well as to classify the 
changes qualitatively.  
 
The edit distance is a simplified model of reality, because different changes 
are more or less likely to occur, and have different impacts on overall protein 
structure and function. However, weighting particular changes has so far not 
been attempted in a comprehensive manner, likely because reliably 
determining their relative costs would require a thorough analysis of a very 
large benchmark dataset. The closest that studies have come this far, is by 
ignoring cases where only the number of consecutive small repeats have 
changed, such as by collapsing consecutive repeats into single “pseudo-
domains” [Paper I, Paper V, Paper VI, 200, 201, 237]. The rationale for this 
is that such regions are known to be highly volatile in evolution. Another 
example is found in the ancestral architecture reconstruction analysis of Itoh 
and co-workers [150], where gain events are considered three times as costly 
as loss events. 
 
Next, there is the fact that if two proteins differ by one domain, this is a 
much larger part of their wholes if they are two-domain proteins than if they 
are twenty-domain proteins. When comparing architectures from a structural 
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perspective, then, some normalization for number of domains may also be 
called for [81, 238]. 
 
It is possible to construct a comparison metric for a particular purpose. 
Notably, this was done by Song and co-workers [81] for the purpose of 
finding a weighted difference metric that could optimize identification of 
true homologs from a manually curated reference set. This imposes limits on 
interpretation of such differences, but is useful for applications that rely on 
domain architectures to find distant homologs [237, 239, 240]. Likewise, Lin 
and co-workers [238] optimized their similarity metric for recapturing shared 
KOG eukaryotic ortholog group membership. 

2.3 Protein function 
 

2.3.1 Classification of protein function 
 
A great deal is known about what individual proteins do. Much of this 
knowledge, however, is available only as unstructured text in books or 
articles. This makes propagating the information to all those who could 
make use of it more difficult to do efficiently, and it also prevents stringent 
application of statistics, which is the formal tool the sciences must use for 
drawing any type of general conclusions from a collection of data. 
Moreover, it makes this knowledge inaccessible as a source of information 
for automated prediction of the function of uncharacterized proteins. 
 
In its most general form, exactly defining the concept of protein function is 
non-trivial. Ultimately, it refers to the relevance of a protein for the biology 
of the organism. It has been argued [241] that the totality of a protein’s 
interactions can describe this role. However, to fully capture function, these 
interactions must then be annotated both with respect to the conditions under 
which they occur and with respect to how they contribute to phenotype-level 
phenomena.  
 
One trend has been to classify proteins into pathways, assigning them a role 
in a chain of catalysts or binders that carry out some metabolic or signalling 
function. There exists a variety of pathway resources, both for specific 
model organisms and more general. Another form of functional 
classification, particularly for enzymes, concerns describing a protein 
mechanistically, in the sense of which particular affinities it has and what 
reactions it might affect. However, the most complex schemes for 
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formalized descriptions of protein function are probably the ontology 
approaches [242]. These are arbitrarily extendable controlled vocabularies 
for wide-range functional annotation. 

2.3.2 Overview of some protein function definition systems 
 

2.3.2.1 COGs 
 
While technically an orthology inference framework, some studies consider 
the COG ortholog group [39-41] to which a gene is assigned as a description 
of its function. This approach arguably is justified only if orthology can be 
assumed to imply functional conservation. 
 

2.3.2.2 Enzyme Classification (EC) 
 
The oldest system for functional classification of protein was designed by 
the Enzyme Commission to group enzymes according to activity. It is 
hierarchical, and represents each enzymatic function by four numbers, 
corresponding to increasingly specific description of mechanism and 
substrate [243]. Each enzyme usually is described only by a single EC 
number. 

 

2.3.2.3 FunCat 
 
The MIPS [244-250] FunCat [251] functional categories form a controlled 
vocabulary for protein function description. It is hierarchical, with a 
relatively large number of root terms divided into broad categories, each 
having successive, more specific, child terms. A protein is frequently 
annotated with multiple terms, and presence of child terms should be 
assumed to imply presence of their parent terms. 
 

2.3.2.4 Gene Ontology (GO) 
 
This system was designed to aid curators of model organism genome 
databases in annotating genes and gene products in a consistent manner, 
allowing for easier comparative analysis. Arguably the most ambitious of the 
systems described, the Gene Ontology [252-254] is similar to the FunCat in 
that it is a hierarchy of description terms connected through parent-child 
relationships. However, rather than a tree it forms a directed acyclic graph, 
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as each term may be the child of multiple parents. Each term is also assigned 
an evidence code representing its origin, which may in some sense be 
considered a kind of qualitative confidence measure. There are three main 
root terms, representing biological process participation, cellular localization 
and molecular function respectively. Most child terms imply all their 
ancestral terms, though there are some exceptions because of subtleties in 
the exact relationships represented by each link. The system can also contain 
qualifiers, enabling for example a protein to be explicitly flagged as not 
possessing a certain term, but this is still rarely used by annotators [255]. 
 

2.3.2.5 KEGG pathways 
 
The Kyoto Encyclopedia of Genes and Genomes [110-115] has long 
compiled chemical pathways in living systems, listing both chemical species 
and the proteins controlling the reactions. Through orthology inferences 
(mainly based on reciprocal best hits from sequence similarity searches), 
proteins may be assigned to these pathways, producing species-specific 
pathway maps. As such, membership in a KEGG pathway is often used as a 
functional descriptor for proteins. 
 

2.3.2.6 OMIM 
 
The Online Mendelian Inheritance in Man (OMIM) [108] database lists 
heritable genetic conditions, mainly diseases, as well as human genes to 
which they have been mapped. As such, it can be used to describe disease 
involvement of genes, which can be considered an indirect descriptor of 
function – each such disease is fundamentally the result of the absence of a 
particular gene function. 
 

2.3.2.7 UniProt keywords 
 
The UniProt [256] database curators assign functional descriptions to 
proteins using a system of keywords from several controlled vocabularies. 

2.3.3 Introns and alternative splicing 
 
As more and more gene sequences became available, the odd phenomenon 
was observed that the gene sequences encoding eukaryote proteins did not 
make up unbroken contiguous stretches of nucleotides, but rather chains of 
several such contiguous stretches called exons, flanked by non-coding 
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regions called introns [257]. Not all eukaryotic genes are split up into exons, 
but most are [258, 259]. During transcription, the entire gene is transcribed, 
after which a complex of proteins and catalytic RNAs, termed the 
spliceosome, removes all introns and splices most or all of the exons together 
into a processed transcript, which can then be translated [79]. In many cases, 
there is a combinatorial variety with respect to which exons are retained and 
which are skipped, which is thought to depend on the particular cellular state 
[260, 261]. That is, expression of genes can be dynamically controlled not 
only with respect to how much is produced, but also with respect to the 
particular sequence which is expressed. As such, intron structure can in some 
sense be considered a functional property of genes. It also causes technical 
difficulties in orthology analysis and gene annotation, since comparison of 
different splice forms is likely to exaggerate sequence divergence [124, 259, 
262]. 
 
This splicing-based extended regulatory framework is thought to be an 
important part of the solution to the so-called N-value paradox [263], which 
is that seemingly very complex organisms, such as ourselves, do not have 
much larger gene repertoires than organisms like yeast. By having much 
larger alternate splice form repertoires, multicellular eukaryotes may thus 
have much larger protein repertoires than their gene repertoires allow. 
 
The sequence signals controlling the splicing process are not entirely 
understood, and reliable analysis of splicing therefore requires transcriptome 
sequence data for classifying genome regions as either introns or exons. 
Concerns have been raised in that differences in the degree of transcriptome 
sequence coverage between species may bias the results studies comparing 
exon-intron structures of proteins [259]. Despite this, some notable results 
have emerged. 
 
It appears clear that there is a strong signal of conserved introns between 
species [264-266], but also a considerable degree of species-unique splice 
forms [267, 268] and exons [269]. The original discovery of introns sparked 
a debate on whether these sequences represents an initial state – an appealing 
hypothesis since it matches a model of a pre-protein ‘RNA world’ – which 
was subsequently lost in prokaryote lineages, or if they instead more recently 
have invaded eukaryotic genes [79], perhaps in the process enabling 
increased genomic complexity and subsequently more complex multicellular 
life. While there may still not be a definitive answer, probabilistic analysis 
has shown that a model with significant conservation of some very old 
introns explains the observed genomic structures well [266, 270]. 

 44 



2.3.4 Comparing protein function 
 
Just as with domain architectures, comparisons of protein function are non-
trivial. While free-text descriptions can be compared using text mining tools, 
such comparisons are best made on controlled vocabulary annotations. 
Schemes placing any protein into a single category allows for only 
similar/dissimilar comparisons, whereas hierarchies of annotations 
necessitate more complex metrics. 
 
Much research has gone into finding similarity metrics for Gene Ontology 
annotation sets, ranging from considering the number of shared terms [271] 
to various normalized methods [272] as well as methods weighted by term 
rarity [272-275], many of which employ semantic similarity [276]. There are 
also methods explicitly taking the GO structure into account [277]. 
Ultimately, there is no objective way to benchmark the utility of such 
metrics except for a particular purpose, such as predicting shared disease 
involvement. 

2.3.5 Predicting protein function 
 
Experimental determination of what a protein does in an organism takes 
many forms. Chemical assays may demonstrate particular activity or affinity, 
whereas identification and isolation of mutants or their artificial construction 
in knock-out studies may demonstrate the phenotypic impact of the absence 
of a functional form of the protein [278]. Fluorescence studies may 
demonstrate where and when it is expressed [279], and methods like the 
yeast two hybrid technique can evaluate whether or not a pair of proteins 
interact physically [280]. However, there are strong limitations in practice to 
our capacity of characterizing the protein universe experimentally. The first 
is a factor of simple numbers – while experimental characterization of all 
genes may be carried out for a small number of model organisms, the 
number of sequenced genomes grows very rapidly at this stage in the history 
of science. The second is that not every interesting wet lab experiment is 
possible, either for technical reasons or for ethical reasons, in every relevant 
organism. Last, the sheer number of possibilities to test is problematic, and 
reducing the hypothesis space, or at the very least ranking possible functions 
by how probable they are given available data, would speed up the process. 
 
As a result, the possibility of predicting function is an interesting one. 
Through access to the formalized results of experimental validation of a part 
of the protein universe, computational techniques drawn from various 
subfields such as sequence and language analysis [34, 277, 281] graph 
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theory [282, 283] and machine learning techniques like Bayesian networks 
[284, 285], Support Vector Machines (SVMs) [286, 287], or decision trees 
[288-291], we may be able to predict what function a protein is likely to 
have. Statistical techniques may allow assigning confidence measures to 
these predictions. 
 
There are several main approaches that functional prediction has taken. The 
one most widely used is arguably to base predictions on the sequence of the 
query protein. The sequence can be used to identify high-confidence 
homologs or orthologs where function is known, and the existing annotations 
of those proteins can be transferred to the query [292]. Parts of proteins, such 
as domains, can be identified and functional annotations associated with 
them, if available, can be assigned. There are also non-homology based 
sequence-oriented function prediction methods, where the presence of small 
motifs [293, 294], secondary structure elements [293-296] or other low-level 
sequence features are used as a basis for functional classification through 
machine learning methods. It can be argued, however, that homology is 
difficult to rule out as the underlying reason behind the information content 
of these features. 
 
Beyond sequence, query proteins with known structures, or with structures 
predicted through homology with subsequent molecular dynamics 
optimization, can be compared with respect to these structures to the 
structures of proteins with known function [295-297]. Furthermore, 
annotations can be transferred in a similar manner as with sequence. 
Alternatively, structure features such as active sites [295, 298], chemical 
surface properties and so forth [295], can be used to predict functional 
properties. 
 
Using neither sequence nor structure information directly, Guilt By 
Association (GBA) methods [299] exploit the fact that interacting proteins 
are often part of the same processes [300], as are coexpressed proteins [300], 
particularly if their orthologs are also coexpressed [301], and proteins that lie 
in close chromosomal proximity [302]. An extreme example of the latter is 
when genes are found in the same bacterial operon, which strongly implies a 
functional relationship [303]. Annotations have also been transferred 
between proteins based on similarity of their phylogenetic profiles, i.e. the 
tendency of their orthologs or homologs to co-occur across a range of 
genomes [304-308]. 
 
Recent developments in constructing protein-protein interaction or 
association networks from a variety of experimental data, including 
coexpression data [309], shared genomic context [310], protein complex 
formation [280, 311], and transient interactions such as those detected 
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through yeast two-hybrid systems [280, 311] may also be used to define 
something similar to pathways. There are several composite network 
resources explicitly intended for functional representation, such as FunCoup 
[312] and STRING [313-316]. Using graph theoretic tools, networks may be 
subdivided into modules that often are functionally coherent; however, see 
Song & Singh [317] for a critical view. Interactions conserved across 
multiple species appear to be of particular predictive value [318, 319]. 
Multiple approaches have been suggested for propagating functional 
annotations across a network of this type [283, 320-327]. 
 
Another approach, that shares its names with a family of methods for multi-
gene phylogenetic analysis, is phylogenomics. This involves mapping known 
function onto gene family trees and extrapolating functional subfamilies 
from them [285, 328-331].  
 
All in all, there has been a veritable deluge of publications of algorithms for 
predicting protein function from one feature or other. Generally they are 
evaluated under some form of holdout analysis such as cross-validation, 
compared with some set of competing methods, and made publically 
available. It is unclear how many of these methods ever come to be applied 
in a practical context outside of their original or follow-up publications. One 
trend opposing this balkanization of the subfield lies in the construction of 
metaservers that apply a wide range of different algorithms to a protein 
query and integrates the results [295, 296, 332], and it could also be 
remediated by more widespread use of tools like the Distributed Annotation 
Service (DAS) framework [333]. 

2.3.6 Gene duplications and functional changes 
 
What happens to a gene that is duplicated? Suzumu Ohno [334] explored 
this early by suggesting a model for the effects of a gene duplication on the 
selective pressures experienced by the resulting copies. There are several 
possible outcomes of this scenario.  
 
One is the nonfunctionalization of one of the copies through 
pseudogenization and subsequent gene loss. While, conceivably, genetic 
drift may sometimes fix a duplicate in the population without its loss being 
associated with a fitness decrease, it appears unlikely that this would happen 
often, and as such, an entirely redundant duplicate should generally become 
non-functional [335]. 
 
How can the duplicate make itself useful? Ohno suggested a scenario, later 
termed neofunctionalization [336] under which a redundant copy would 
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become free to evolve (by redundancy relaxing negative selection), but soon 
experience positive selection that optimizes it to perform a novel function. 
Thus, the copy becomes necessary again in order for the organism to 
maintain its now-extended functional repertoire, and therefore it is fixed in 
the population. 
 
Another option, termed subfunctionalization [336], could follow if the 
original gene function had multiple aspects or facets. Some of these could be 
lost due to redundancy in one copy, some in the other copy, which would 
lead to both duplicates complementing each other with respect to the original 
set of functions. This would remove constraints on one set of subfunctions 
resulting from a need to also maintain the other set of subfunctions within 
the same gene, and would thus allow subsequent parallel optimization of the 
subfunctions in different genes, leading to increased fitness relative to before 
the duplication. Thus, the duplicates would be more likely to be fixed in the 
population. Force and co-workers [336] refer to this model of 
subfunctionalization as the Duplication-Degeneration-Complementation 
(DDC) model. See also Stoltzfus [337] for a very similar model published at 
around the same time. Notably, both neofunctionalization and 
subfunctionalization could be achieved either through changes to protein 
coding sequence or to gene regulatory regions [338]. 
 
Fourth, if there would be some benefit of maintaining multiple copies of 
genes with the same function, this could also lead to fixation, an outcome 
termed gene conservation [339]. Ohno [334] originally suggested that this 
may be beneficial as a protection against gene loss, but later research has 
largely disproven this scenario (discussed in [338]). Another possibility lies 
in dosage effects [340, 341], where multiple genes could enable either faster 
or more flexibly controlled production of a protein.  
 
While it appears likely that all the described scenarios occur throughout 
evolution, their relative importance remains under debate [342], and much 
ongoing research aims to clarify this matter. Regardless, it is clear that some 
degree of functional change, either regulatory or at the protein level, is 
expected to occur in most duplicates, while it should be much less likely in 
non-duplicated genes. 

2.3.7 Protein function versus orthology 
 
Experimental research demonstrated early on that gene knockouts in model 
organisms could be "rescued", restoring the lost function, by introducing an 
orthologous gene via gene technology [88, 343]. This matches well the 
predictions mentioned above, and the commonly held belief came to be that 
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orthologous genes generally perform the same function whereas paralogous 
genes generally do not. 
 
There is ample evidence that genes that are orthologs generally perform the 
same function. Not only have many complementation experiments of the 
type described above been performed [343], but there is also a vast body of 
literature that supports functional and structural conservation in homologs 
[344-350]. Since many homologs are also orthologs, this tells us that 
orthologs generally are well conserved in these respects. What it does not tell 
us, is if the orthologs are better conserved than other homologs, i.e. paralogs 
[4]. 
 
This orthology conjecture is theoretically attractive, for reasons described in 
the previous section, but has not been explicitly tested to any great extent. In 
recent years, some scientists have questioned it and instead proposed a 
model under which the rate by which homologs diverge functionally does 
not depend on their orthology status [3, 4]. Explicit and comprehensive 
testing of the hypothesis of increased conservation of orthologs, then, 
becomes relevant. 
 
The central problem in analyzing the relative conservation of some property 
of orthologs versus paralogs, comes from the issue of determining 
evolutionary time. Obviously, we can only infer the time that may have 
passed since the divergence of a pair of homologs, not observe it directly. 
Moreover, we can infer it only through degree of observed differences 
between the sequences. Evolutionary rates may vary both between genes and 
between lineages. Organisms with short generations and little proofreading 
will accumulate neutral mutations at a higher rate, whereas variations in 
selective pressures - including occurrence of evolutionary bottlenecks - will 
further affect the relative rate of non-neutral mutation accumulation [351]. 
 
Some studies have explicitly investigated differences between orthologs and 
paralogs in the conservation of other features relative to (some measure of) 
time. It has been shown that protein sequence divergence increases following 
gene duplications [352, 353]. Another analysis demonstrated that the 
structural divergence of domain sequences is lower in orthologs than in 
paralogs at the same level of sequence identity [354]. However, overall, the 
question has not been addressed to a great degree. 
 
Another obstacle to analyses of this type, which may be harder to address, is 
that of biased retention of gene duplicates, or the ‘Davis and Petrov effect’ 
[353]. The likelihood of a duplicate gene coming to fixation appears to differ 
between different classes of genes, meaning that comparisons of orthologous 
gene pairs and paralogous gene pairs may in fact also be comparisons of 
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genes involved in different processes, and thus, subject to different 
evolutionary pressures [4]. Curiously, it appears that the set of genes most 
frequently experiencing fixation of duplications in worm and yeast is in fact 
enriched for slow-evolving genes [355]. If this effect holds in general, then, 
it might serve to hide rather than cause artificial semblance of an increased 
functional divergence following gene duplications. 

2.3.8 Protein function versus protein sequence conservation 
 
The more general question of the relationship between homology and 
functional similarity has, in contrast, been adressed to a relatively large 
extent. The basic idea of homologs being more functionally similar on 
average than unrelated proteins can be considered to have been effectively 
proven true, though exceptions have been documented where either protein 
function has evolved convergently or where homologs have diverged in 
function [356]. More interesting is perhaps the extent to which functional 
conservation varies with sequence divergence or with time that has passed 
since divergence. 
 
The early studies in the field concerned themselves primarily with enzymes, 
as the EC system from the start provided datasets where the questions asked 
would be well-defined. A variety of sequence identity threshold studies were 
carried out, where the main objective was to identify above which level of 
sequence identity enzyme functional annotation could be reliably transferred 
[344-350]. Similar results have been presented for Gene Ontology 
annotations [349], for KEGG pathways [350] and FunCat functional 
categories [350]. Biases in dataset composition were identified as a factor 
affecting the results of these studies [347], making for a range of different 
thresholds reported, but the main pattern holds true across studies, in that 
there exist thresholds of this type for conservation of enzyme function. 
Notably, it is difficult to say whether or not these thresholds reflect structural 
necessity or simply the extent to which protein fold space, generated through 
the stochastic processes of domain recombination and gene family 
expansion, happens to have become populated.  
 
In analogy to the function versus sequence results, relationships between 
sequence and structure divergence for homologous proteins have been 
identified and independently validated [347, 357]. Given that the 3D 
structure of a protein is required for its function, the general agreement 
between these studies is expected and reassuring from a methodological 
perspective. 
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Sequence identity, as in percentage of identical characters in an alignment, is 
a crude proxy for sequence divergence, however. It is coarse-grained, and 
has no way to account for mutational saturation, making it increase in a non-
linear fashion as time progresses [358, 359]. Corrections can either be 
applied to this measure in order to estimate phylogenetic time, or the 
analysis can be performed using proxies such as BLAST bit scores [12], 
which are implicitly informed regarding the functional relevance of 
differences or similarities through the use of a substitution matrix. However, 
as these are ultimately confidence rather than distance measures, such 
measures remain at least in theory mere proxies for true evolutionary 
distance. Evaluations have been performed of how sequence and structure 
diverges relative to these measures as well [360]. 

2.3.9 Protein function versus domain architecture 
 
It can easily be shown that protein function annotations correspond to some 
extent with the presence of particular domains [165, 361, 362] or domain 
architectures [Paper II, 182, 289]. While there exists some degree of 
circularity here, as many annotations have been assigned based on the 
presence of domains or domain architectures, the correspondence also exists 
for purely experimental functional annotations. That is, the function of a 
protein clearly is related – in a statistical sense – to its domain architecture 
[182, 362-364]. 
 
From a structural or mechanistic perspective, it is frequently known how 
protein functions are carried out, and in those descriptions, properties of the 
constituent domains such as binding affinities or active site characteristics 
often play important roles [298, 365, 366]. In many isolated cases, thus, it is 
known that the particular way in which a protein accomplishes its tasks 
requires the specific domain architecture that it has. Why, then, question the 
common assumption that proteins possess functions that follow from their 
domain sets? 
 
The main problem here comes from the fact that proteins are gradually 
evolved through successive descent, rather than assembled de novo for each 
organism from some pool of available domains. Orthologs in different 
species – even distant species – as well as paralogs within the same species 
frequently share not only the same domain content, but the order of those 
domains [225, 229, 236]. Reconstructions of domain architecture evolution 
strongly indicate that most shared architectures are shared, not because of 
convergent evolution but rather because of common descent [203, 232, 235]. 
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While a certain domain architecture clearly does “cause” a protein to have a 
particular function, there may be any number of alternative domain 
architectures, involving different domains, that could be configured to cause 
the same function to be carried out. That we do not see them in nature would 
also follow if it were the case that all proteins performing that function were 
descended from a common ancestor. As such, we cannot conclude from 
these absences only that a given domain combination is the only way to 
implement a particular function. 
 
Similarly, domains are often broad classes of related sequences and 
structures, while functional specificity may follow [367, 368] from just a few 
residues in some cases. A given domain architecture might potentially be 
repurposed for very different functions. Again, the fact that this may not 
have been observed for a given architecture does not make it impossible. 
 
A counter hypothesis to the strong form of the domain grammar hypothesis 
would then instead state that most domains and domain architectures in 
theory can be made to accomplish a variety of functions through fine-tuning 
of a small number of residues, but that only a few of these were realized 
early on in evolution. Subsequent proteins filling these functional roles have 
then descended from these ancestral proteins. This counter hypothesis also 
predicts the pattern of correlations between domain architectures and protein 
functions that we observe, necessitating more complex approaches in order 
to test the domain grammar hypothesis. 
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3 Summary of present investigations 

 

3.1 Objectives 
 
As mentioned in the introduction, the scientific motivation behind this work 
has been the evaluation of the extent to which commonly used tools and 
concepts – domain architecture combinations and the distinction of orthologs 
from paralogs – are useful in order to characterize the functions of novel 
proteins. This question has been approached both by direct evaluations and 
indirectly by searching for evidence for those evolutionary mechanisms 
which justifies the use of these concepts for the purpose of protein function 
prediction. To enable the furthering of these objectives, some evaluation and 
improvement of practical methods were also undertaken, and where possible, 
any applications of the work have been made available to the scientific 
community at large. 
 
Clearly, there exists a widespread belief that the domain architecture of a 
protein determines what functions it carries out. As stated in the 
introduction, I term this the domain grammar hypothesis. I further 
distinguish between its strong form, which is the assumption that the domain 
architecture of a protein is what causes it to have certain functions, and that 
particular functions require particular domain architectures, and its weak 
form, which says that if we learn the domain architecture of a protein, we 
can use this information to predict its function. The latter will hold even if 
domain architecture is only indirectly associated with function. 
 
There also exists a widespread belief that an orthologous relationship 
between two proteins will directly reduce their expected degree of functional 
divergence relative to the length of time they have been separated, all other 
things being equal. This has been referred to as the orthology conjecture in a 
previous work [3].  
 
Null hypotheses can be formulated for either of these two beliefs, under 
which most or all protein functions could evolve regardless of the domain 
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architectures of the proteins involved, and under which gene duplication 
does not appreciably change selective pressures so as to change the pattern 
of functional divergence over time, respectively. 
 
Can we formulate a test for the domain grammar hypothesis? For the weak 
form, we need only demonstrate that protein domain content can be used to 
predict protein function. This is accomplished merely by constructing a 
function prediction algorithm that takes only domain architectures as input. 
For the strong form, devising a suitable test becomes more difficult. A 
suitable starting point can be the functional comparison of same-architecture 
and different-architecture protein pairs. However, since both function and 
architecture diverge with time, we must compensate for the latter factor. A 
more complex test, then, would be the functional comparison of same-
architecture and different-architecture protein pairs at equivalent separation 
in time.  
 
Unfortunately, even observing higher functional conservation in same-
architecture pairs in such a comparison would not prove a causal link, 
because there is an alternate model that could also explain the observation. 
Suppose that the degree of protein function conservation after a given period 
of time has passed since divergence is dependent not on whether the domain 
architecture is conserved, but whether or not enough of the protein structure 
is conserved, regardless of whether this conservation of structure 
corresponds to conservation of the domain architecture or not. Since 
conservation of domain architecture leads to conservation of structure, we 
would in that case expect an indirect link between conservation of domain 
architecture and conservation of function. As such, not even the test 
suggested above could prove that conservation of domain architecture is a 
requirement for conservation of function. 
 
However, there may be indirect evidence to be found for the domain 
grammar hypothesis, by way of evaluation of the orthology conjecture. 
Testing that hypothesis should be fairly straightforward in theory, by 
comparing orthologous and paralogous protein pairs functionally, relative to 
how long they have diverged. In practice, the feasability and results of such a 
test will depend on what definition of protein function is used.  
 
Furthermore, if we would see a difference in conservation of some property 
between orthologous and paralogous protein pairs, and that difference is not 
an artefact resulting from method or dataset bias, we can relatively safely 
conclude that it must result from differences in selective pressure on the 
proteins in the pairs from these categories. That is, if paralogs are less 
conserved relative to time in some respect, we have no other explanation 
than that this must be the direct or indirect result of a process such as the 
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previously introduced models for functional change following a gene 
duplication event. This in turn tells us that any such differentially conserved 
properties are likely to be functionally relevant, so that either negative 
selection on them which otherwise would have taken place is now relaxed, 
or that positive selection on them now works to optimize some new 
functional capacity.  
 
As such, demonstrating reliably that some property is better conserved in 
orthologs over time than in paralogs, assuming that the results are reliable, 
and that we have no alternative explanation than changes in selective 
pressure resulting from duplication events for why ortholog and paralog 
evolution would differ, would provide us with indirect evidence of both the 
orthology conjecture and of the functional relevance of the conserved 
property. In the case of conservation of domain architecture, then, 
demonstrating higher relative conservation of domain architectures in 
orthologs than in paralogs would provide indirect evidence for the strong 
form of the domain grammar hypothesis as well. While neither hypothesis 
would be proven, given that unknown alternative explanations could not be 
ruled out, such observations would nevertheless provide strong implications 
for both. 

3.2 Paper I: Domain tree-based analysis of protein 
architecture evolution 

 

3.2.1 Summary 
 
This work had two main objectives. First, it aimed at developing and making 
available a method for ancestral domain architecture reconstruction which 
would require no a priori species trees or even gene trees, which means that 
theoretical and practical issues with building a phylogenetic tree for 
sequences where recombination has occurred are circumvented. Second, it 
aimed at using this tool to determine how common domain architecture 
reinventions are, i.e., cases where convergent evolution has given rise to the 
same domain architecture independently in multiple lineages. Aside from 
being an interesting question in its own right, this becomes relevant as a 
reliable inventory of domain architectures which have or have not evolved 
convergently might provide evidence for the domain grammar hypothesis if 
there are signs that some domain combinations, but not others, are selected 
for during domain architecture evolution. 
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The basic approach was straightforward – given a (domain) phylogeny, a 
maximum parsimony reconstruction (which is guaranteed to find a set of 
assignments involving the smallest number of mutation events possible) was 
used to assign domain architectures to the internal nodes of the tree. For each 
domain family, a domain tree was computed using neighbour-joining. As an 
extension of standard phylogenetic bootstrapping [369], for each domain 
family alignment, a large number of corresponding pseudoalignments were 
contructed by randomly sampling columns from the original alignment. For 
each pseudoalignment, tree reconstruction and ancestral domain architecture 
reconstruction was performed separately. To conclude either polyphyly or 
monophyly of a multi-domain architecture, then, we required that a majority 
of pseudoreplicates agreed with the predicted architecture origin events for 
each of its domains. 
 
Carrying out this analysis for several datasets ranging from 62 to 96 species, 
both with and without filtering out sequences where there may be missing 
domains, we concluded that between 5.6% and 12.4% of multi-domain 
architectures have more than one origin in this dataset. This estimate is 
higher than one made by another group [235] using SUPERFAMILY [178, 
182] rather than Pfam [174] domains. These differing results may stem from 
differences between the underlying domain databases, or it might reflect 
differences between the projects in scope and the degree of dataset pruning 
that is done. 
 

3.2.2 In retrospect 
 
This project suffers from some method limitations. If it were replicated, 
arguably it should be made to encompass the same pre-filtering for 
potentially missing or incorrect domain assignment as was done by Gough 
[235]. While the per-domain analysis is powerful, a maximum-likelihood 
approach might provide more reliable trees than the distance-based approach 
used here, but the main problem lies in the interaction between the maximum 
parsimony framework and the quality of the trees. Since many domain 
sequences are highly similar, the reconstructed trees will have some very 
poorly supported branches that are usually very short, or even have zero or 
negative lengths where the distances between sequences cannot be 
accurately represented by any tree. These correspond to places where no 
reliable binary branching order can be shown to win out, and admitting our 
uncertainty in these cases would correspond to collapsing these branches, 
creating a multifurcating tree with only trusted branches. When forcing such 
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data to conform to a binary tree, this means that much of the inferred 
topology may in fact only reflect dataset noise. 
 
As parsimony does not consider branch lengths at all, or, rather, considers 
change along one branch as equally important as along any other, the 
particular topology of a binary tree to which it is applied will impact the 
results significantly. That is, the combination of binary trees with short, 
unreliable branches and maximum parsimony [54, 55] applied along its 
topology, will make the final results sensitive to noise. While our bootstrap 
approach [369], as applied in the paper, may serve to prevent incorrect 
conclusions from being drawn as a result of this, it remains fundamentally an 
ad hoc approach. 
 
A more elegant solution would be either to apply an extension of maximum 
parsimony to multifurcating trees [150], and collapse unreliable branches as 
per the above, or to replace the parsimony framework with a maximum 
likelihood framework, which would allow explicit consideration of branch 
lengths. How much the results of an analysis of this type would shift if this 
were done is not known.  
 
We have, however, begun construction of a maximum likelihood algorithm 
for ancestral domain architecture inference. At present, the algorithm allows 
scoring a set of such assignments along a gene tree. A draft software 
implementation also exists, and we have tried to use Markov Chain Monte 
Carlo (MCMC) [370] methods for optimizing ancestral domain architecture 
assignments. Unfortunately, performance on simulated data is still relatively 
poor, possibly because the ancestral domain architecture assignment search 
space is not sampled efficiently enough. 
 
How could we test the domain grammar hypothesis from data of this type? 
Evidence of selection acting on which domain architectures are reinvented 
(i.e. produced through mutational shuffling and retained by selection or 
genetic drift) would imply that not all novel architectures are equally useful 
in every context, in line with the domain grammar hypothesis. However, to 
determine that selection takes place requires a suitable neutral model as 
comparison. The most feasible approach, then, might be to consider a large-
scale, reliable set of domain architectures that have arisen one or more times 
throughout evolution, and test whether or not the distribution can be fitted to 
a model where all combinations have equal selective fitness. Another 
approach could be to study the functional similarity of pairs of proteins 
sharing the same domain architectures. If domain architectures are only 
indirectly associated with protein function, pairs sharing architecture by 
convergence should be functionally much less similar than pairs sharing 
architecture by descent. 

 57 



3.3 Paper II: Predicting protein function from domain 
content 

 

3.3.1 Summary 
 
A central question within this thesis as a whole is the extent to which 
domains and domain architectures are relevant to protein function, i.e. the 
domain grammar hypothesis. The goal of this work was to test this by 
proposing a model for how the function of a protein might follow from the 
set of domains and domain combinations that it contains. Several versions of 
this model were evaluated, both a rule-based system and a model for 
assigning a probability that a protein possesses a particular function given its 
domain architecture. During the course of the project, we discovered that 
similar work had been carried out by the Interpro [166] team with respect to 
single domains; we accordingly formulated our rule-based approach as an 
extension of their method. The probabilistic method also had the advantage 
of being insensitive to at least a moderate fraction of false negative training 
examples, something we expected in a large-scale dataset unless it was 
subjected to significant manual curation prior to the analysis. 
 
To evaluate our model, it was tested on the intersection of the Gene 
Ontology [252-254] annotations available at the time with a non-redundant 
subset [371] of UniProt [256], re-predicting annotations under cross-
validation. As comparison, a non-domain centric approach, annotation 
transfer from the closest BLAST [18, 19, 49] hit to an annotated protein, was 
used. While this approach remained more sensitive on average, it was also 
less accurate, and more prone to false positives, presumably through matches 
to only one or a few domains in an architecture. Combinations of multiple 
domains increased sensitivity beyond use of single domains only, with little 
loss of accuracy. Last, as expected, the probabilistic method performed 
better on average than the rule-based method.  
 
We further identified a number of cases where proteins containing particular 
combinations of domains were significantly enriched for some functional 
term, but where such enrichment at the same time was not observed for any 
of its constituent domains or domain subsets. These cases may represent 
instances of complex function arising through the interplay of multiple 
domains. While there exists significant risk for circularity in an analysis of 
this type due to domain information having been used to annotate the 
proteins in the first place, the central results reported here remained robust 
even when excluding any Gene Ontology annotations having the Inferred 
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from Electronic Analysis (IEA) evidence code. This by no means removes 
all circularity, but it provides an indication that the results are not entirely 
artefactual. 

3.3.2 In retrospect 
 
The basic method used in this work remains sensible, but datasets have 
evolved since it was performed, particularly through more concerted and 
consistent efforts by Gene Ontology curators. Applying this method on a 
larger scale still, but on curated data (which might be possible within the 
Interpro setting) could potentially yield better and clearer cases of domain 
combinations which bestow additional functional information beyond that 
contained in the single domains themselves. Unfortunately, the list presented 
in the paper may not be particularly reliable, as no correction was performed 
for the massively multiple hypothesis testing (effectively all combinations of 
domains versus all Gene Ontology terms). Any reapplication of the 
algorithm must ensure that this problem is taken care of. 
 
From a theoretical perspective, while the results show in practice that 
domain architectures may be of use for functional predictions, this does not 
prove the validity of the presented model as to domain combinations directly 
causing particular functions. In particular, large protein families, within 
which both functions and domain architectures are conserved, would 
produce these results just as much as particular domain combinations being 
absolutely required for particular functions would. As such, while the study 
supports the weak form of the domain grammar hypothesis, it cannot say 
anything about the strong form. 
 
The validity of our approach for functional prediction and identifying 
functionally relevant domain combinations was recently shown in an 
independent study. The most recent update of SUPERFAMILY [182] 
contains a highly similar approach, and yields comparable results. 
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3.4 Paper III: Benchmarking homology detection 
procedures with low complexity filters 

 

3.4.1 Summary 
 
This work in fact resulted from preparations for the work reported in Paper 
IV and Paper VI, but addresses a question of some bioinformatical relevance 
in its own right. For creating the initial set of homology inferences that 
InParanoid [Paper IV] is built from, the BLAST program [18, 19, 49] is 
used. This tool, stated most generally, infers homology from observations of 
similarity between sequences. However, not all sequence similarity is a 
consequence of homology. The presence of mobile repeat elements causes 
similarity between sequences not otherwise homologous, and there are also 
cases where proteins share uncommon amino acid frequency distributions 
without being homologs. These factors then cause non-homologous proteins 
in which they are found to appear more similar than otherwise expected, and 
again gives rise to false positive homology assignments. In many cases, this 
causes significant problems for homology-based analyses. Various 
preprocessing steps or modifications to homology inference methods have 
been proposed, but their respective trade-offs in terms of false positives and 
negatives had not been conclusively evaluated. 
 
Benchmarking a homology inference tool or pipeline suffers from the 
problem that identification of high-fidelity non-homologs can be non-trivial, 
particularly if the type of problems that algorithms may run into in realistic 
applications should also appear within the evaluation. Single domain 
sequences corresponding to known 3D structures have often been used 
[372], but this biases the dataset away from the complicated cases where we 
were most interested in performance. Though in Paper I we concluded that 
domain architecture reinvention was more common than previously reported, 
it is still rare enough that a useful and arbitrarily large benchmark can be 
constructed, according to simple classifications of pairs of domain 
architectures as either clear homologs, unclear cases and clear non-
homologs. 
 
Using our benchmark dataset, we evaluated a number of different options, 
pre- and postprocessing steps for the BLAST algorithm, in a context similar 
to that used in InParanoid for genome versus genome comparisons. The 
results showed that the most recent BLAST options incorporating 
compositional adjustment of scoring matrices [49] achieved the best 
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performances, though with the side effects that reported alignments were 
sometimes truncated. 
 

3.4.2 In retrospect 
 
The approach we present for benchmark dataset construction has some 
problems, notably that it relies on substantially complete domain 
assignments and on the Pfam higher-level Clan [172] organization to also be 
complete, in the sense that any two domain sequences that are homologous 
can be assumed to also be part of the same Clan. While the Clan system is 
continually being expanded, this goal has not yet been met. It seems 
doubtful, however, that this fact should have a large effect on the results of 
the benchmark. Plans are underway, though not yet completed, for applying 
the strategy described here to generate benchmark datasets, but based on 
different domain databases, to measure the extent to which classifications of 
pairs of proteins as homologous, non-homologous or unclear changes with 
choice of domain database.  
 

3.5 Paper IV: InParanoid 7: new algorithms and tools 
for eukaryotic orthology analysis 

 

3.5.1 Summary 
 
The InParanoid framework [105-107] is a heuristic approach for inferring 
orthology and paralogy relationships between the proteins of two species at a 
time. It is particularly notable in its clear resolution of in-paralogs from out-
paralogs, and the relatively swift speed by which it can be built. Its main 
limitation at this stage, conversely, is that it can only answer questions posed 
in the context of two species. Paper IV presented an update release (7.0) of 
the InParanoid database, with all pairwise comparisons between a hundred 
eukaryotes considered, and with the codebase updated to version 4.0.  
 
The main changes in this update follow directly from the findings in Paper 
III, in that the underlying homology inferences are now computed using two 
successive BLAST passes with different filter settings. The base threshold 
for homology is lowered from 50 bits to 40, but at the same time, hits must 
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also pass more stringent overlap criteria. All in all, these changes improve 
both sensitivity and accuracy, resulting in more accurate orthology 
inferences. 

3.5.2 In retrospect 
 
The improvements to InParanoid provided a reliable orthology resource on 
which the remaining investigations described in this thesis could build. 
While there is little difference in the case of most species, performance has 
now improved greatly for some species where high prevalence of coding 
sequence repeats previously caused many sequences to incorrectly aggregate 
into very large orthology clusters – the slime mold [373] in particular. As 
such, the advances made through Papers III and IV allowed the orthology-
centered analysis of Papers V and VI, as well as the additional novel results 
presented in this thesis. 

3.6 Paper V: Orthology confers intron position 
conservation 

 

3.6.1 Summary 
 
Conservation of intron positions between two homologous genes can be 
thought of as a measure of the extent to which their splicing-related 
regulation is conserved, which can be seen as a property of function. As 
such, under the orthology conjecture, we would expect such conservation to 
be higher between orthologs than between paralogs. Using InParanoid 
orthology inferences and a simple measure of intron position conservation 
between a pair of aligned proteins, comparing orthologs and paralogs with 
respect to this property can be fairly straightforward. However, as 
divergence of any property is expected to increase with time, the analysis is 
only meaningful if somehow stratified for differences in divergence. 
Therefore pairs of orthologous or paralogous proteins were divided into bins 
based on sequence identity, and the average intron position conservation was 
compared between the groups within each such bin and the difference 
evaluated for statistical significance.  
 
Overall, the analysis showed significantly higher intron position 
conservation for orthologs than for paralogs (in support of the orthology 
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conjecture), but also some anomalies, notably that inparalogs exhibited 
significantly higher conservation than outparalogs, as well as a large fraction 
of even close homologs with no conservation of intron position at all. 

3.6.2 In retrospect 
 
During the course of Paper VI as well as the other investigations described 
here, a number of possible pitfalls for an analysis of these types became 
apparent, notably that a binning analysis encompassing too few bins (and 
hence, too wide-ranging bins) coupled with an uneven distribution of the 
binned variable will cause artificially significant differences to appear 
between categories. It may also be that protein sequence identity is a poor 
proxy for evolutionary time, such that saturation of mutations will lump 
together almost all pairs above a certain divergence into the same bin.  
 
Attempts were later made at applying the same binning strategy and distance 
measures as in Paper VI to the homologous pairs from Paper V, where we 
expected that the difference between in- and outparalogs should turn out to 
derive from the artefacts mentioned above and thus disappear with these 
changes. Strangely enough, that difference remained significant, whereas the 
difference between orthologs and outparalogs lost significance. This might 
imply biases in intron position recognition such that a protein with a same-
species homolog is more likely to have been annotated as having introns at 
the same positions as its inparalog.  
 
However, very recently at the time of writing, a bug was found in the parsing 
scripts used to build the dataset for Paper V. This is likely to have caused 
many pairs of orthologs as well as paralogs to appear much more dissimilar 
in intron structure than they actually are. This explains the larger-than-
expected fraction of homolog pairs lacking any intron position conservation 
at all, and while there are no a priori reasons to expect that this artefact 
should affect ortholog and paralog pairs differently, it does make drawing 
strong conclusions from the results inadvisable at this point. 
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3.7 Paper VI: Domain architecture conservation in 
orthologs 

 

3.7.1 Summary 
 
In this project, like in Paper V, we aimed at evaluating the orthology 
conjecture by comparing orthologous versus paralogous pairs of homologs 
with respect to similarity of domain architecture. We have not been able to 
find any previous attempts to study this; while Hulsen and co-workers [90] 
investigated the degree to which orthologs shared Interpro domain families, 
they did not contrast this with the corresponding conservation in paralogs. 
The approach is fundamentally very similar to that of Paper V – InParanoid 
was used to identify pairs of orthologs and paralogs, Pfam domain 
architectures were assigned and compared, and differences between the 
categories were measured and tested for statistical significance within bins 
corresponding to different ranges of sequence divergence. To get around the 
problem of saturation, Jukes-Cantor corrected protein sequence identity 
computed from the aligned regions was used in place of raw sequence 
identity. Bin borders were also optimized so as to avoid forming bins which 
were very sparsely populated from one category but not the other. 
 
Overall, we could demonstrate that, above a certain degree of divergence, 
orthologs were relatively better conserved than paralogs at the same 
evolutionary distance, whereas no such trend was seen when comparing in- 
and outparalogs. Changing the number of bins had at most a small impact on 
the results, implying that the observations are, in fact, reliable. Furthermore, 
considering the average conservation of domain architecture when 
comparing human with successively more distant species, we observed a 
larger drop in conservation than expected when going outside the 
vertebrates. This is consistent with the model that two consecutive rounds of 
whole-genome duplication occurred early in the vertebrate lineage (the 2R 
hypothesis) [374]. 
 

3.7.2 In retrospect 
 
Of the publications included in this thesis, Paper VI provides the most 
reliable support for the hypotheses investigated, with observations matching 
predictions from a combination of the orthology conjecture and the domain 
grammar hypothesis. A recent study (performed later but published earlier) 
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using a tree-based method [142] also found that changes in domain 
architectures were around twice as common following gene duplications as 
following speciations, which is consistent with our results. 
 
One potential problem, which we discuss in the paper, is that domain 
architecture changes conceivably could make recognition of some 
orthologous relationship more difficult. This is also supported by recent 
benchmarking efforts [96], and could potentially bias the set of orthology 
inferences towards orthologs with more similar architectures and outparalogs 
with less similar architectures. As such bias lies in the direction of our 
results, it is a relevant problem, though one difficult to circumvent. While 
indirect properties of orthology, such as expectations of conserved synteny, 
may not be affected by the biases that influence sequence similarity, they are 
not generally applicable across large evolutionary ranges. Phylogenetic 
reconstruction generally depends on sequence similarity, and as such 
remains vulnerable. Careful curation of the ortholog set could be used to 
minimize its potential impact, but makes constructing a dataset large enough 
to perform statistical analysis difficult and may also introduce bias. 
However, the fact that our observations hold for comparison of orthologous 
pairs versus inparalogous pairs is promising, as the proteins in these pairs 
exhibited reduced domain architecture conservation for some ranges of 
separation while still being considered ortholog cluster members. 
 
Further testing of the robustness of these conclusions could certainly be 
carried out, notably by evaluating more species comparisons, the use of 
phylogenetically derived orthology inferences, and by repeating the analysis 
using structural domains (such as SCOP/SUPERFAMILY) in place of Pfam 
domains. Likewise, other proxies for evolutionary time, such as the number 
of synonymous substitutions, could be used to further validate the results. It 
would be interesting to see how species comparisons at different 
evolutionary distances or from different lineages affect the outcome, though 
this is also problematic as it becomes more difficult to sample enough pairs 
from the various categories at equivalent divergence times to be able to 
conclude that any observed differences are significant. 

 65 



3.8 Additional work: Direct functional conservation 
analysis of orthologs and paralogs 

 

3.8.1 Introduction 
 
The obvious continuation of the analyses performed in Papers V and VI 
would be, of course, to evaluate the ortholog conjecture directly by 
comparing the functional similarity of orthologs and paralogs at equivalent 
levels of divergence. The exact same framework can be used, and we applied 
such an analysis using as definition of function experimental annotations 
from the Gene Ontology. 
 

3.8.2 Materials and methods 
 
We compared the degree of conservation of Gene Ontology annotation of 
ortholog and non-ortholog protein pairs acquired by pooling data from all 
pairwise comparisons of nine well-studied model organisms. Their species 
were chosen because they are common model organisms, are part of the 
Gene Ontology Annotation project [375], have sequences of high quality 
available, and because the resulting set allows a spread across a large 
evolutionary range. They include the plant Arabidopsis thaliana, the fungi 
Saccharomyces cerevisiae and Schizosaccharomyces pombe, the amoeba 
Dictyostelium discoideum, the worm Caenorhabditis elegans, the fly 
Drosophila melanogaster, the fish Danio rerio, and the mammals Mus 
musculus and Homo sapiens.  
 
As the Gene Ontology sub-ontologies are potentially very different with 
regards to completeness of annotation or conservation of function, we 
separated them throughout the analysis. To avoid drawing any conclusions 
from terms assigned based on orthology, only terms assigned using the 
following Gene Ontology evidence codes were retained: EXP (Inferred from 
Experiment), IDA (Inferred from Direct Assay), IPI (Inferred from Physical 
Interaction), IMP (Inferred from Mutant Phenotype), IGI (Inferred from 
Genetic Interaction), IEP (Inferred from Expression Pattern). 
 
The Gene Ontology annotated datasets were obtained either from the GO 
website, from ENSEMBL BioMart [376], or from the respective model 
organism websites. Any GO annotations with a classifier, such as 'NOT', 
were excluded from the analysis. The file 
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http://archive.geneontology.org/latest-termdb/go_daily-termdb.obo-xml.gz 
was downloaded on July 7 2009. Proteins lacking annotation within a given 
category were excluded from analysis of that category. For all proteins, any 
Gene Ontology terms that were strictly implied from the existing annotation, 
given the structure of the GO, were added, excepting the non-informative 
ontology root terms. 
 
The InParanoid 7 clusters between all the species in the dataset were 
constructed using the latest version of the InParanoid software [Paper IV]. 
Sequences were retrieved from the datasets used to build the InParanoid 
database. NCBI BLAST version 2.2.18 was used to generate the underlying 
set of homology inferences, with the MSPcrunch BLAST parser [Paper III] 
used to merge compatible HSPs. As with InParanoid 7, a two-pass BLAST 
approach was used where all nonredundant proteins in one species dataset 
were used as queries against those of another species dataset, using 
compositional adjustment and SEG low complexity filtering. Any hit 
achieving a bit score above 40 at this step was realigned with compositional 
adjustment and low complexity filtering turned off. This approach was taken 
because of our findings that compositional adjustment, while much more 
accurate for homology assignment, produces shorter alignments [Paper III]. 
 
All comparisons of two species from those included were considered, 
yielding a total of 36 species comparisons. In each comparison, we 
considered two types of protein pairs. Ortholog pairs are any pair of proteins, 
one from each species, that are part of the same InParanoid cluster. Non-
ortholog pairs are any pair of proteins, one from each species, with a BLAST 
bit score [18] above 40 (the cutoff used in InParanoid) that are not part of the 
same InParanoid cluster, and that, additionally, fulfill InParanoid's sequence 
overlap criteria; that is, that the sequence range spanned by the aligned 
regions must be at least 50% of the length of each protein in the pair, and the 
residues aligned must comprise at least 25% of each protein. To avoid 
falsely classifying proteins from clusters that for some reason were missed as 
non-orthologs, only proteins that are part of an InParanoid cluster are 
included in the analysis. To allow robust statistical analysis, pairs of each 
type were pooled between all species comparisons for each category 
separately. 
 
Two proteins can be said to be functionally identical if they have identical 
sets of Gene Ontology annotation terms. When two proteins share some, but 
not all, of their Gene Ontology terms, this may reflect either a difference in 
function or insufficient annotation. Mistry & Pavlidis [271] introduced 
several measures for comparing Gene Ontology annotations of proteins. 
Their basic approach was the Term Overlap (TO), which is simply the 
number of annotation terms, ancestors included, that two proteins have in 
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common. Expanding on some other options they evaluated, we also 
implemented a Jaccard-normalized version of TO (dividing the number of 
shared terms with the number of terms possessed by either protein) and a 
version of the Jaccard-normalized score weighted by the information content 
of the terms, so that rare terms contribute more to how functionally similar 
the proteins are considered to be. We found the Jaccard-normalized TO 
(JTO) score to be the most relevant for our purpose, as it corresponds to the 
accuracy when assigning any annotation term through transfer from an 
ortholog or a homolog. Because of this, those scores were used for this 
analysis. Weighting by information content affected the results only slightly 
and we observed the same trends in the data when doing so during early 
trials. 
 
As orthologous protein pairs are usually more similar in sequence than other 
homologs, it is non-trivial to separate the effect of orthology from the effect 
of close homology. The approach we took was to compare orthologous and 
non-orthologous protein pairs at the same sequence distance, in order to 
isolate the specific contribution of orthology. The data was divided into 
“bins” by sequence divergence, using Jukes-Cantor corrected sequence 
distance (computed using the same procedure used in Paper VI). The sizes of 
the bins were selected using an iterative procedure (identical to that used in 
Paper VI) to ensure each contained sufficient numbers of pairs from both 
categories under comparison. Within each bin, we considered the functional 
similarity of orthologs versus non-orthologous homologs, i.e., paralogs. 
 
The number of ortholog and non-ortholog pairs each protein is involved in 
will vary considerably. In particular, the number of ortholog pairs defined by 
an InParanoid cluster is roughly proportional to the square of the number of 
cluster members. Because we were interested in the functional similarity of 
two arbitrary proteins, avoiding bias to the analysis from a relatively small 
number of large gene families was desirable. Because of this, in the 
statistical analysis, the statistical contribution from each protein pair was 
weighted inversely to the frequencies of its constituent proteins in the protein 
pair dataset. 
 
Within each bin, the weighted means for each category were tested for 
statistically significant difference under a randomized permutation test [377]. 
The protein pairs from both categories were pooled, and new sets of protein 
pairs, equal in size to the two categories, were drawn from this pool. This 
process was repeated 1000 times, and the number of times when the 
difference in weighted mean between the two sampled set was at least as 
large as that between the two categories in the original dataset was recorded. 
The frequency with which that occurred then corresponds to the P-value for 
the null hypothesis, that the two categories would stem from a distribution 
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with the same mean value. Within each experiment, these raw P-values were 
corrected for multiple tests (across the bins) using Bonferroni correction. 
The categories were considered to be significantly different if the corrected 
P-values were below 0.05. 

3.8.3 Results 
 
Figure 1A–C shows the mean JTO score for orthologous versus cross-
species outparalogous protein pairs across sequence identity bins, for the 
three Gene Ontology sub-ontologies, using only proteins with 
experimentally determined annotations. The error bars show the standard 
error of the means, and the upwards-facing triangle markers indicate whether 
the means are significantly different between the categories (P < 0.05, 
permutation test, Bonferroni corrected for twenty observations per plot). On 
average, ortholog pairs show higher JTO than cross-species outparalog pairs, 
though it is only consistently significant for the Cellular Localization sub-
ontology. That sub-ontology further displays an oddity in that conservation 
in either category does not decrease appreciably with sequence divergence. 
In the other two categories, out-paralog JTO decreases, but not ortholog 
JTO. Notably, overall JTO is much lower for the Biological Process sub-
ontology than for the other two. 
 
Figure 2A–C shows the equivalent plot for orthologous versus inparalogous 
protein pairs, which are also expected to show a significant difference under 
the orthology conjecture. We do see a difference, but it is the opposite of 
what was expected: inparalog pairs are strongly and significantly more 
similar than ortholog pairs at all degrees of divergence. The inparalog pairs 
also do not show lower conservation in the Biological Process sub-ontology, 
which is seen for all other pair categories. 
 
Figure 3A–C shows the equivalent plot for inparalogous versus same-species 
outparalogous protein pairs. This is intended as a negative control, as the 
orthology conjecture predicts that inparalogs and same-species outparalogs 
should not differ if the assumptions of the analysis are valid, i.e. that the 
divergence measure or function conservation measure is not biased in any 
way. The inparalog pairs are significantly more similar than the same-
species outparalog pairs, though the separation is not as large as in some of 
the other comparisons. There is less overall conservation in the Biological 
Process sub-ontology than in the other two sub-ontologies. 
 
Figure 4A–C shows the equivalent plot for cross-species versus same-
species outparalogous protein pairs. This is intended as a negative control in 
the same sense as the previous plot. The same-species outparalogs are 
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consistently significantly more similar than the cross-species outparalog 
pairs at all degrees of divergence. There is again less overall conservation in 
the Biological Process sub-ontology than in the other two sub-ontologies. 
 

3.8.4 Discussion 
 
There are several anomalies in the results that are consistent neither with the 
orthology conjecture nor the underlying assumptions of the experiment.  
 
Notably, cross-species outparalog pairs are much less similar than same-
species outparalog pairs. A likely explanation for this is that there is a strong 
species bias in the experimental Gene Ontology annotations, such that 
different model organism database curators have focused on different 
properties or chosen different terms for describing similar properties. 
Furthermore, different model organisms may form model systems for 
different functional classes, concentrating research there. This is likely also 
the cause of the unexpected and vast difference between orthologs and 
inparalogs observed. It could also be that many proteins have gained species-
specific functions, by becoming integrated in species-unique contexts and 
processes. 
 
It is disconcerting that so many of the categories show no clear decrease in 
functional similarity with evolutionary divergence. Given the overall low 
similarity within cross-species pairs, it may be that the data is generally so 
sparse that such a trend is obscured through biases with respect to which 
proteins that have nevertheless been annotated with particular terms. 
Alternatively, this could reflect issues with using a protein-based divergence 
measure rather than actual evolutionary time estimates from nucleotide 
sequences. 
 
While there does seem to be support for a somewhat greater functional 
conservation in orthologous than cross-species outparalogous genes, 
consistent with the recommendation that orthologs should be chosen over 
other homologs when transferring annotations from model organisms, the 
issues with this analysis as a whole indicates that the experimental 
framework, and perhaps the current state of the Gene Ontology annotation 
set itself, are insufficient for drawing any reliable conclusions on the 
orthology conjecture. This could be due to sampling effects and to biases in 
which genes have been evaluated for which potential annotations. 
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Figure 1 

JTO conservation of orthologs versus cross-species outparalogs, relative to 
separation measured as expected number of amino acid substitutions per site. 
Results shown separately for the three Gene Ontology sub-ontologies. Error bars 
show standard error of the means (SEM). Green triangles indicate significant 
differences (P < 0.05 after Bonferroni correction).   

A. Cellular Localization B. Molecular Function C. Biological Process 
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Figure 2 

JTO conservation of orthologs versus inparalogs, relative to separation measured as 
expected number of amino acid substitutions per site. Results shown separately for 
the three Gene Ontology sub-ontologies. Error bars show standard error of the 
means (SEM). Green triangles indicate significant differences (P < 0.05 after 
Bonferroni correction).   

A. Cellular Localization B. Molecular Function C. Biological Process 
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Figure 3 

JTO conservation of inparalogs versus same-species outparalogs, relative to 
separation measured as expected number of amino acid substitutions per site. Error 
bars show standard error of the means (SEM). Green triangles indicate significant 
differences (P < 0.05 after Bonferroni correction, under a permutation test for mean 
JTO within each bin). 

A. Cellular Localization B. Molecular Function C. Biological Process 
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Figure 4 

JTO conservation of cross-species versus same-species outparalogs, relative to 
separation measured as expected number of amino acid substitutions per site. Error 
bars show standard error of the means (SEM). Green triangles indicate significant 
differences (P < 0.05 after Bonferroni correction, under a permutation test for mean 
JTO within each bin). 

A. Cellular Localization B. Molecular Function C. Biological Process 
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4 Conclusions 

 
From the research that has been described in this thesis, by myself and by 
others, is there anything that can conclusively be said about the relationship 
between orthology, protein domain architecture, and protein function? 
Specifically, can anything be said regarding the validity of the orthology 
conjecture and the domain grammar hypothesis? 
 
From my work in Paper II, as well as from the subsequent independent 
validation in SUPERFAMILY [182], it is clear that protein domain 
architecture, whether as the presence of single domains or as the presence of 
particular combinations of domains, provide functional information and can 
be used to predict at least some classes of protein function. As such, the 
weak form of the domain grammar hypothesis certainly holds.  
 
During this work, I have discovered several factors that complicate 
validation of the strong form of the domain grammar hypothesis. Most 
particularly, the problem remains that homologs conserved in function may 
independently be conserved in domain architecture.  
 
There is however some indirect validation of the strong form of the domain 
grammar hypothesis as well, from the results of Paper VI. Assuming that the 
shortcomings described in my evaluation of the connection between 
orthology and function are related to biases in the Gene Ontology only and 
not to the use of a protein sequence based measure for evolutionary time, 
Paper VI supports increased domain architecture conservation in orthologs 
after a certain time has passed. Since selective pressures ultimately depend 
on the effects a gene product has on phenotype fitness, such increased 
conservation is most likely a consequence of some form of functional 
conservation, perhaps one insufficiently represented by current functional 
annotation efforts. In comparison with the Gene Ontology, domain 
assignments are relatively complete and free of bias, so it is not 
inconceivable that they might reveal patterns otherwise not visible. As such, 
our demonstration of increased domain architecture conservation in 
orthologs imply that the orthology conjecture is indeed valid for some 
aspects of protein function, and that conservation of those aspects does 
depend on domain architecture conservation. As such, it implies that the 
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strong form of the domain grammar hypothesis is true for at least some 
classes of functions and domain architectures. 
 
One problem with the above interpretation lies in the fact that the study in 
Paper V did not yield results for gene structure that matched those reported 
in Paper VI for domain architecture. That is, while Paper V demonstrated 
higher relative conservation of intron positions for orthologs than for cross-
species paralogs, it also demonstrated higher relative conservation for 
inparalogs than for same-species paralogs. Unpublished follow-up analyses 
showed that this latter trend remained even with the same sequence 
divergence measure and significance testing strategy as used in Paper VI and 
the functional conservation in orthologs analysis. However, intron structure 
information is less complete, and more prone to bias, than domain 
architecture assignments, which may mean that effects similar to those 
affecting the latter analysis also affect the data used in Paper V. 
Furthermore, we very recently found that an error was made when 
constructing the data set for Paper V, such that many protein pairs appeared 
to have much more divergent intron structures than they truly have. As such, 
those results also appear too uncertain for me to be able to draw any 
conclusions either way from them regarding the orthology conjecture. 
 
We were not able to directly show the validity of the orthology conjecture, 
which matches results recently reported by others [3]. However, we were 
able to identify anomalies in the framework used to test this hypothesis, and 
from these, we conclude that it is not possible to confirm or reject the 
orthology conjecture from presently available data. 
 
Overall, then, I was partly successful in my efforts. I have shown that the 
weak form of the domain grammar hypothesis holds, and that there are 
indications that the orthology conjecture and the strong form of the domain 
grammar hypothesis hold, at least for some classes of proteins. I have also 
identified obstacles that further research into these questions must surmount 
to be able to come up with a more conclusive answer. 
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5 Possible directions of future work 

 
Concerning the issues of potential biases in existing protein function 
annotation resources toward more similar annotations for inparalogs and 
other same-species protein pairs, one approach might be to use functional 
annotation that is entirely high-throughput in origin, systematically 
generated in the same fashion for all genes in a genome. Do such datasets 
exist? While there are whole-genome knockout studies, there may still exist 
a species bias in that different model organism biologists might tend to focus 
on different aspects, and, as such, might describe phenotypes in a species-
specific manner. This source of bias should not favour inparalogs over same-
species outparalogs, however, and it may be possible to normalize functional 
similarity measures with respect to it, producing an unbiased dataset. 
However, since the relationship between sequence divergence and 
conservation of other properties may be highly non-linear, such 
normalization will not be trivial. 
 
It would be highly desirable to validate our results from Paper VI under 
different settings – changing the underlying domain definition scheme, 
changing the species set, changing the measures used to estimate 
evolutionary divergence, and changing the orthology inference strategy. The 
easiest way to do this might be to exploit tree-based orthology resources 
where branch lengths are available. Most crucially, the general reliance in 
most orthology resources on protein sequence divergence as a proxy for 
evolutionary time is problematic, since it is potentially strongly affected by 
the very selection processes we seek to analyze. Moving towards relatively 
more neutral measures of synonymous substitution distances is thus 
desirable, though it requires an underlying data set with clear mappings 
between nucleotide sequences and their encoded proteins, which are not 
always stored in the protein databases, and which suffer from poor 
synchronization between databases such as version differences. 
 
One way to evaluate the domain grammar hypothesis might be to investigate 
how the degree of functional variation differs within groups of same-
architecture proteins that are monophyletic and polyphyletic, respectively. 
That is, do architectures that have reliably originated many times through 
convergent evolution exhibit greater variation of function than architectures 
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that all stem from a common same-architecture ancestor? In all likelihood, 
the degree of this variation will differ between architectures and functional 
classes.  
 
There may exist a set of architecture-function correspondences that are 
equally valid for monophyletic and polyphyletic architectures, and these 
would form evidence for the strong form of the domain grammar hypothesis 
being valid at least for that class of architectures. However, concluding this 
requires us to be able to rule out insufficient sampling of examples, and as 
such, a large dataset of reliable cases of convergent evolution of domain 
architectures, coupled with reliable functional annotation neither directly nor 
indirectly inferred from domain architecture, would be needed. At present, 
no such data set is available. Available parsimony-based methods for domain 
architecture reconstruction are most likely too uncertain to construct one. A 
likelihood-based framework may however be able to, and if applied to high-
quality large-scale gene trees, spanning genomes with extensive and 
unbiased experimental functional characterization, it may be possible to do 
so. For this purpose, I have also begun work on a probabilistic method for 
domain architecture reconstruction along a gene or domain phylogeny. An 
additional potential problem lies in how to compensate for differences in 
divergence time in an analysis of this type, as it may not be well-defined for 
pairs of proteins that convergently evolved the same architecture. 

 
Another approach, though costly and time-consuming, might be directed 
experiments, constructing synthetic proteins from domains taken from 
various sources and evaluating their function experimentally. Its value would 
lie in direct evaluation on the utility of domain architecture as a guide to 
designing protein function, perhaps the central selling point of the domain 
grammar hypothesis. 
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6 Sammanfattning på svenska 

Ett centralt problem i den nya biologin är att förstå vilken roll varje protein 
spelar i den organism där det återfinns. Att avgöra det genom 
laboratorieexperiment är i många fall inte möjligt av etiska, ekonomiska eller 
tekniska skäl. Därför har man utvecklat metoder för att försöka förutsäga vad 
ett protein egentligen gör med hjälp av databehandling, statistik och 
databaser över redan känd information. De flesta metoder för att förutsäga 
ett proteins funktion bygger på att hitta andra, tillräckligt liknande proteiner 
vars funktion redan är känd. Det här projektet har ytterst syftat till att 
förbättra dessa metoder. 
 
Ett fall där likhet mellan proteiner kan antas medföra att de antagligen också 
gör ungefär samma sak är när de har likartad molekylär struktur. Proteiners 
funktion bygger på vilka kemiska egenskaper de har, något som följer just av 
deras struktur. Det är känt att proteiner är sammansatta av återkommande 
strukturella byggstenar kallade domäner, som finns i många olika proteiner i 
olika kombinationer. Proteiner med likartad uppsättning domäner borde 
alltså också vara funktionellt lika, så att man kan dra slutsatser utifrån dem 
om motsvarande geners funktion. Ingen har dock testat systematiskt hur 
mycket vi egentligen kan säga om ett proteins funktion enbart utifrån dess 
domäner, eller ifall sambandet är direkt eller indirekt. 
 
En annan viktig faktor är geners eller motsvarande proteiners släktskap med 
varandra. Många gener är varandras homologer, så att de stammar från 
samma ur-gen i någon nu utdöd art. De proteiner de kodar för kan därmed 
inte vara mer olika funktionellt än vad som medges av hur mycket vart och 
ett av dem har förändrats under de tusentals generationer som gått sedan de 
gick skilda vägar. Om den ursprungliga genen kopierades till två gener, som 
båda blev kvar inom samma art, sägs homologerna vara paraloger till 
varandra. Det finns då skäl att tro att deras respektive proteiners funktioner 
snabbare skall börja skilja sig åt, eftersom organismen inte behöver fler än 
ett av dem. Gener vars ur-gen skildes åt genom att en art blev till flera arter 
är istället ortologa med varandra. Om de blir alltför olika kommer ur-genens 
roll inte längre att fyllas av någon gen alls, så att en individ med gener 
förändrade på det sättet dör eller inte får lika stor avkomma. På så vis borde 
det naturliga urvalet se till att proteiner som är ortologa med varandra förblir 
funktionellt lika över längre tid än proteiner som är paraloga med varandra. 
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Detta evolutionära scenario ligger till grund för flera metoder för att 
förutsäga proteinfunktion, men hur väl det stämmer har inte heller testats 
uttömmande. 
 
Inom bioinformatiken finns alltså en hel del verktyg för att förutsäga 
proteiners funktion, endera från vilka andra proteiner som är deras ortologer 
eller från deras strukturella domäner. Vår bild av både evolution och 
proteinkemi gör antagandena rimliga, men de har inte testats systematiskt, 
och har ibland ifrågasatts. Eftersom det är både teoretiskt och praktiskt 
viktigt att ha svar i de här frågorna har jag på olika sätt försökt utvärdera 
relationen mellan proteinfunktion, domänuppsättning, och huruvida ett 
protein utvecklats som ortolog eller som paralog. 
 
Andra problem har behövt lösas längs vägen. I den första artikeln i 
avhandlingen tog vi fram en metod för att avgöra hur domänarkitekturen hos 
en grupp proteiner troligast har utvecklats över tid. Vi var särskilt 
intresserade av hur ofta domänarkitekturer hade uppstått flera gånger i olika 
släktlinjer, oberoende av varandra. Vi kom fram till att detta visserligen var 
ovanligt, men vanligare än vad tidigare studier kommit fram till. 
 
I den andra artikeln undersökte jag sambandet mellan domänarkitektur och 
funktion mer direkt. Jag satte upp flera möjliga modeller för hur dessa båda 
fenomen kunde vara sammankopplade, och undersökte sedan hur väl 
modellerna kunde återskapa vad som redan är känt om proteiners funktion. 
Det visade sig att väldigt mycket av vår kunskap om proteiners funktion kan 
återskapas bara från kunskap om deras domänuppsättning, och dessutom att 
vissa funktioner bara kan förutsägas från kombinationer av domäner, inte 
från enskilda domäner. Därmed kan jag säga att domänuppsättningen helt 
tydligt är användbar för att förutsäga proteiners funktion. Däremot säger 
resultaten inget om huruvida sambandet är direkt eller indirekt. Till exempel 
skulle ortologa proteiner kunna vara mer lika både funktionellt sett och i sin 
domänarkitektur, som två oberoende effekter av den ortologa relationen. 
 
För att kunna undersöka den här möjligheten, och kanske utesluta felkällan, 
behövde jag undersöka hur ortolog respektive paralog evolution påverkar 
domänarkitektur och funktion. Jag deltog i ett projekt vid Stockholms 
Bioinformatikcentrum för att förbättra en metod för att avgöra om gener och 
motsvarande proteiner är ortologa eller inte, kallat InParanoid. Den tidigare 
versionen av InParanoid gav felaktiga resultat för vissa arter, på grund av 
egenheter i deras proteinsekvenser. Genom att använda en del av resultaten 
från avhandlingens första artikel kunde jag pröva olika metoder för att 
komma runt den här felkällan. Resultaten från den studien ingår som den 
tredje artikeln i avhandlingen. Utifrån de resultaten kunde vi förbättra 
InParanoid och ge ut en ny, mycket mer omfattande version, vilket beskrivs i 
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avhandlingens fjärde artikel. Därmed kunde jag börja utvärdera vilken roll 
ortolog respektive paralog evolution egentligen spelar. 
 
Gener i komplicerade organismer är uppdelade i mindre fragment, som 
kallas exoner och introner. Efter transkription klipps intronerna bort, och 
exonerna klistras ihop till en sekvens som sedan translateras till motsvarande 
protein. Genom att styra vilka exoner som skall användas och vilka som 
skall ignoreras, bland annat baserat på kontrollsekvenser i intronerna, kan 
cellen skapa många olika varianter av ett protein från samma gen. Den femte 
artikeln i avhandlingen beskriver vår utvärdering av frågan om de här 
möjliga kontrollsekvenserna var bättre bevarade mellan ortologa gener än 
mellan paraloga gener. Genom att använda InParanoid och kunskap om 
intron-exon-struktur i olika arter kunde vi visa att intronernas läge i genen 
verkar förändras snabbare över tid mellan ortologer än mellan paraloger, 
vilket är vad vi förväntade oss från teorin. Andra delar av resultatet var 
däremot sådana att de varken kan förklaras med standardmodellen eller dess 
nollhypotes, något som antyder att det kan finnas dolda brister i de data och 
metoder vi använt. 
 
Den viktigaste delstudien var att se hur evolutionen av domänarkitektur 
beror på ortologi respektive paralogi. Vi använde återigen InParanoid, nu på 
många fler arter, och kunde se hur paralogers domänarkitektur förändras 
snabbare över tid än ortologers, resultat som vi beskriver i den sjätte artikeln 
i avhandlingen. Vår tolkning av de här resultaten är att det visar både hur 
funktion bevaras bättre i proteiner som inte har en kopia i samma art och hur 
den större graden av bevarad funktion visar sig genom bättre bevarad 
domänarkitektur. Det antyder i sin tur att sambandet mellan funktion och 
domänarkitektur inte enbart är indirekt, även om det är svårt att säga något 
om dess exakta omfattning. 
 
Slutligen ville jag undersöka hur funktion bevaras eller förändras mellan 
proteiner beroende på om de är ortologer eller paraloger till varandra. 
Metoden jag använde var nära besläktad med den som användes i de två sista 
artiklarna. På samma sätt som i den femte artikeln visade sig resultaten 
varken vara förenliga med den testade modellen eller dess antites. I stället 
menar jag att de tyder på brister eller vinklingar i hur databaserna för 
proteiners funktion har tagits fram, så att det i nuläget inte går att använda 
data och metoder av dessa slag för att utvärdera kopplingen mellan 
proteiners funktion och ortologi. Jag diskuterar också möjliga sätt att komma 
runt de här bristerna, så att man i framtiden tydligare kan pröva antagandet 
att funktion bevaras bättre mellan ortologer än mellan paraloger. 
 
Sammantaget har jag alltså velat utvärdera några viktiga modeller för hur 
proteiners funktion och struktur förändras av evolutionen över tid, och vad 
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resultaten av de utvärderingarna har för betydelse för vår möjlighet att 
förutsäga funktion där den annars är okänd. Jag har delvis lyckats med detta, 
genom att visa att domänarkitektur låter oss förutsäga funktion samt hur en 
indirekt observerad högre grad av bevarad funktion mellan ortologa 
proteiner visar sig i en högre grad av bevarad domänarkitektur. Jag har inte 
kunnat direkt påvisa någon högre grad av bevarad funktion mellan ortologa 
proteiner, och jag har hittat möjliga felkällor som måste hanteras innan 
någon studie helt kan utröna sanningen. 
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