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Abstract

A major factor behind protein evolution is the ability of proteins to evolve new do-

main architectures that encode new functions. Protein domains are widely considered to

constitute the “atoms” of protein chains, acting as building blocks of proteins as well as

evolutionary units. A small number of domains are found in many different domain com-

binations, while the majority of domains co-occur with very few types of other domains.

Domain architectures are not necessarily created once only during evolution. Cases of con-

vergent evolution show how a favourable domain architecture has evolved multiple times

independently. A basic concept for understanding evolution on gene level is orthology.

Two genes are orthologous if they have evolved from the same gene in the last common

ancestor of the species and have thus been created by a speciation event. Paralogous genes

result from a duplication event that produced two gene copies within the same species.

The concept of orthology can be transferred from genes to protein domains and utilised

to explain recombination of protein domains and the evolution of domain architectures.

The focus of this work is to augment the understanding of domain architecture evolu-

tion and its functional implications. We have examined, evaluated and improved existing

methods as well as developed new approaches. The concept of orthology plays a major

role in this work. Orthology is often inferred from phylogenetic trees that are based on

pairwise distance estimations of protein sequences. The Scoredist protein sequence dis-

tance estimator has been developed as one part of this thesis. It combines robustness with

low computational complexity and can be calibrated towards various evolutionary models.

Accurate phylogenetic trees are crucial for many applications, hence the appropriate tree

reconstruction algorithm should be chosen with care. The strengths and weaknesses of

many current tree reconstruction algorithms were assessed, and findings underscore the

value of the Scoredist estimator. The Pfam protein families database comprises a large

number of protein families and domains. As part of this thesis it has been enhanced by

search and query tools, such as PfamAlyzer or the browser-based domain query, that can

be applied on whole domain architectures instead of individual domains only.

We have developed a Maximum Parsimony algorithm for the prediction of ancestral

domain architectures. In contrast to previous approaches, it employs gene trees rather

than species trees. The algorithm was a starting point for an extensive study of the do-

main architectures present in Pfam for 50 completely sequenced species. Sampling widely

across the kingdoms of life, the study sought to find and analyse cases where a domain

architecture had been created multiple times. The algorithm proved robust to potential

biases from horizontal gene transfer. Convergent evolution of domain architectures was

found more frequently than by previous approaches. No strong biases driving convergent

evolution were found. It therefore seems to be a random process in much the same way

evolution through duplication and recombination, yet less frequent.
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Chapter 1

Introduction

Die Natur versteht gar keinen Spaß,
sie ist immer wahr, immer ernst, immer strenge;
sie hat immer recht, und die Fehler und Irrtümer

sind immer die des Menschen!
Johann Wolfgang von Goethe (1749-1832)

Grundlagenforschung ist, was ich tue,
wenn ich nicht weiß, was ich tue.

Wernher Freiherr von Braun (1912-1977)

Evolution has been described as“the mystery of mysteries the replacement of extinct
species by others”, by Johann Friedrich Herschel. In a letter to Charles Lyell he
continued

“He that on such quest would go must know not fear or failing
To coward soul or faithless heart the search were unavailing.”

It remains unknown if Charles Darwin was aware of this quote when he started
his research into this subject. However in the preface of his work “On the origin
of species” (1859; 1872) he cited Herschel even if not in name. In the 6th edition,
Darwin sketched the difficulties of his research

“We possess no pedigrees or armorial bearings; and we have to discover
and trace the many diverging line of descent in our natural genealogies,
by characters of any kind which have long been inherited.”

At first, only more or less obvious properties such as morphology were at hand
(Haeckel, 1866). Nowadays molecular biology makes available the blueprint of or-
ganisms contained in the deoxyribonucleic acid and ribonucleic acid sequences. Se-
quencing projects of the human genome (Lander et al., 2001; Venter et al., 2001)

1



2 CHAPTER 1. INTRODUCTION

and numerous others research efforts constantly deliver more and more data to be
analysed and understood.

1.1 Homology, orthology and paralogy

The concept of homology ( ������� same, equal, similar; ���
	���� word, speech, princi-
ple) describes relationships between individuals that are involved in evolutionary
processes. According to the modern definition, features are homologous if they
share a common evolutionary origin (Reeck et al., 1987). The general idea is that
homologous proteins will have similar properties, such as localisation or function.
Homology is often imposed on nucleic sequences, however this is no neccessity and
the concept can also be looked at from a broader angle.

An early definition of homology was given by Owen (1843) as“the same organ under
every variety of form and function”. This definition is even older than Darwin’s first
publication on evolution (1859) and it therefore completely lacks an evolutionary
perspective. Transferring Owen’s definition into today’s world is not completely
straightforward. “The same organ” can be interpreted from a functional, morpho-
logical or evolutionary point of view. Occasionally the different perspectives will
coincide in their result. Although, in a larger number of cases they will diverge and
lead to different classifications (Patterson, 1988; Abouheif et al., 1997).

The current molecular definition of homology states that two nucleic acid sequences
are homologous if they have evolved from a common ancestor. The terms orthology
and paralogy have been introduced to extend the definition of homology (Fitch,
1970).

“Where the homology is the result of gene duplication so that both
copies have descended side by side during the history of an organism,
(for example, alpha and beta hemoglobin) the genes should be called
paralogous (para = in parallel). Where the homology is the result of
speciation so that the history of the gene reflects the history of the
species (for example alpha hemoglobin in man and mouse) the genes
should be called orthologous (ortho = exact).”

Applied to figure 1.1, the chicken α gene is an ortholog to both the mouse and
human α gene, since they are separated by speciation. Likewise is the chicken β
gene an ortholog to both the mouse and human β gene. The two hemoglobin genes
of one species are separated by a duplication event. Thus, the human α and β gene
are paralogs.

Orthology and paralogy have a number of interesting properties (Fitch, 2000):

� Orthology is not transitive. If the pairs A,B and B,C are known orthologs,
it may not be concluded that A,C are orthologs as well. Transitivity is a
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γ

early globin gene

α
γ

α
γ

species tree

gene tree

Figure 1.1: The evolution of hemoglobin in selected species. The gene tree for the
hemoglobin genes is arranged in the species tree. The ancestor at the tree root
carried only an early globin gene. This was duplicated prior to the speciation event
that separated chicken from human and mouse, giving rise to an α and β copy in
all the species.

property of many algebras. Orthology, in contrast to simple homology, does
not show this property.
The sequence αA in figure 1.2 is separated from αB and βB by the speciation
event s1. Following the definiton of orthology, the sequence pairs αA, αB and αA,
βB are orthologs. Nevertheless, αB and βB are paralogs since they are separated
by the duplication event d1 .

� Orthology can be an one-to-many or many-to-many relationship.
An example of a many-to-many relationship in figure 1.2 are the two proteins αC

and γC that are homologs to αA,αB and αD.

� The phylogeny of orthologous sequences precisely reflects the phylogeny of
the involved species. This property is unique to orthologs.
The black α proteins are all orthologs to each other. They mirror exactly the
species tree.

A further differentiation of paralogy is the introduction of in- and outparalogs
(Sonnhammer and Koonin, 2002). The distinction between in- and outparalogs is
the point at which the duplication took place relative to the speciation event. For
inparalogs duplication happened after the speciation event whereas for outparalogs
the reverse is true. In consequence, inparalogs are automatically orthologs whereas
outparalogs are not.
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Figure 1.2: Example of speciation and duplication events in the evolution of four
species.

When comparing species B and C in figure 1.2, the proteins αC and γC are inparalogs
whereas αC and βB are outparalogs.

Horizontal gene transfer describes the insertion of genetic material from any organ-
ism but its ancestors. It is known to be common within bacteria (Jain et al., 1999;
de la Cruz and Davies, 2000) but signs of horinzontal gene transfer between other
organisms have also beeen observed (Storm and Sonnhammer, 2003). The term
xenology has been created to describe phylogenies that arose from horizontal gene
transfer (Gray and Fitch, 1983; Novozhilov et al., 2005).

1.2 Protein domains and architectures

Protein domains are parts of proteins or they can constitute a smaller protein.
They are considered the atoms of evolution that undergo recombination to create
new function (Bornberg-Bauer et al., 2005; Janin and Chothia, 1985; Riley and
Labedan, 1997; Vogel et al., 2004a; Doolittle, 1995). It has been estimated that
two thirds of prokaryotic proteins and 80% of eukaryotic proteins have more than
one protein domain (Liu and Rost, 2004). One of the first described domains is a
NADH-binding domain named after its discoverer the Rossman domain (Rossmann
et al., 1974). Protein domains can be defined either by sequence similarity or by
using the three-dimensional structure. It is believed that there is an upper bound
for the number of protein domains (Wolf et al., 2000; Chothia, 1992). The evolution
of protein domains has been described by stochastical models (Karev et al., 2003,
2002; Koonin et al., 2002).
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1.2.1 Protein domain databases

Various protein domain databases have been created that use different classifications
of protein domains. The SCOP database defines protein domains by structure and
groups domains on four hierarchical levels of similarity (family, superfamily, fold,
class) (Murzin et al., 1995; Andreeva et al., 2004). The CATH database uses a semi-
automatic procedure to classify structures into four hierarchical levels (protein class,
architecture, topology and homologous superfamily) (Orengo et al., 1997, 2003;
Pearl et al., 2003). It has been shown that SCOP and CATH agree on the majority
of classifications (Shakhnovich and Harvey, 2004; Hadley and Jones, 1999).

The Pfam database (Paper II, III; Sonnhammer et al., 1997, 1998) defines pro-
tein domains based on sequence similarity. Protein domains are manually curated
building a multiple seed for each domain familiy alignment. The seed alignment is
used to train a profile-Hidden Markov Model (HMM) (Eddy, 1998, 1996; Durbin
et al., 1998) built by the hmmer software package (Eddy, 2006). The obtained
model it subsequently used to find other members of the domain family. This is
achieved by running the UniProt sequence database (Bairoch et al., 2005) against
the profile-HMM. The found domains construct the full dataset that can be several
orders of magnitude larger than the seed. This approach combines the quality of
manually curated data with the quantitative advantages of automatic procedures.
Until recently Pfam only consisted of domain families and lacked a hierarchy. The
2006 article (Paper III) introduced clans as a new hierarchical level. Some but
by far not all domain families are manually grouped together to form a clan. Be-
sides these high quality Pfam-A families, Pfam-B families are of lower quality and
completely automatically created using the Domainer algorithm (Sonnhammer and
Kahn, 1994).

The SUPERFAMILY database applies the same principle as Pfam using a manually
curated seed dataset to train profile-HMMs (Gough, 2002; Gough and Chothia,
2002; Madera et al., 2004). One of the differences to Pfam is that SUPERFAMILY
uses the SAM program package to create profile-HMMs (Hughey and Krogh, 1996).
The properties, strengths and weaknesses of hmmer and SAM have been studied in
detail (Madera and Gough, 2002; Wistrand and Sonnhammer, 2005).

1.2.2 Domain architectures and recombination

Protein domains are often referred to as the building blocks or “atoms”of evolution.
The majority of known protein sequences consist of multiple domains. It is, however,
not completely understood how domains are recombined throughout evolution. Yet
some progress has been achieved. Apic et al. (2001) used the SCOP database to
analyse domain architectures. They found that most domain families combine with
only one or two other domain families. A small number of domain families are very
versatile in their combination behaviour and can have various neighbouring domain
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families. The distribution of the domain family versatilities follows a power law.
The graph of domain combinations thus forms a scale-free network (Wuchty, 2001).

The duplication of genes is an important factor in protein evolution. It has been
argued that although most of the additional copies are silenced later, duplication
is the main source for speciation (Lynch and Conery, 2000). Having two copies of
a gene gives way for one copy to mutate freely while the original function is still
preserved by the other copy. Protein evolution on the domain level is believed to
take place through fusion and fission events. Single-domain proteins are fused to
multi-domain proteins; multi-domain proteins are separated through fission. The
domain families that occur together with many other domain families are duplicated
more often than expected by chance (Apic et al., 2003). From the correlation be-
tween versatility and abundance it has been concluded that domain recombination
occurs randomly (Vogel et al., 2005). Single domains do not always recombine in-
dependently. Combinations of two or three domains can act as evolutionary units,
supra-domains. The domains within this unit have a particular functional and
spatial relationship (Vogel et al., 2004b).

The rate of fusion and fission events has been studied for 131 completely sequenced
species (Kummerfeld and Teichmann, 2005). The authors concluded that fusion was
four times more common than fission. It has been found that domain architectures
are seldomly created de novo. Only 0.4 to 4% of the sequences from 62 species were
considered to be involved in convergent evolution (Gough, 2005). This could also
explain, the tendency of domains to occur in only one combination. Of all observed
combinations of two domains A and B, the majority is solely found as AB; only 2%
also exist in the inverted sequential order BA (Bashton and Chothia, 2002).

Another mechanism in protein evolution is the rearrangement of protein domains,
which does not necessarily occur as a results of fusion/fision events. Besides fu-
sion/fission, two other mechanism have been proposed (Ponting and Russell, 1995;
Jeltsch, 1999). Using examples of cicular permutation of protein domains the fre-
quency of the proposed mechanisms has been assessed (Weiner et al., 2005; Weiner
and Bornberg-Bauer, 2006). The authors found examples for all three mechanisms.
However, the fusion/fission-mechanism seemed to be much more common.

1.3 Protein sequence analysis

A common task of protein sequence analysis is to determine the relatedness be-
tween a set of given sequences and to estimate the evolutionary distances between
them. Such values are needed for the reconstruction of phylogenetic trees and ho-
mology analysis that provide the basis for more advanced methods. Unfortunately,
non-homologous sequences can be very similar and are likely to be annotated as
homologs by mistake (Spang and Vingron, 1998). However, the measured difference
between two sequences always depends on the underlying evolutionary model.
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Usually only substitutions of single sites (point mutations) are considered for es-
timating evolutionary distances. The substitution of a site is assigned a certain
cost and the combination of the costs for all dissimilar sites gives the evolutionary
distance. Insertion and deletions (indels) of sites are more cumbersome to process.
One reason for this is the difficulty of assigning costs for indel events. It is also
not clear how different indel lengths should be treated. Another problem in dealing
with indels is that it is no longer obvious which sites from two sequences match.
This task is in most cases solved by alignment algorithms based on dynamic pro-
gramming as introduced by Needleman and Wunsch (1970) as well as Smith and
Waterman (1981). When aligning a large number of sequences, dynamic program-
ming is not feasible due to the complexity of O(nm) for m sequences of length n.
Current multiple sequence alignment algorithms use a variety of methods to find
suitable trade-offs between performance, quality and generality (Katoh et al., 2005;
Edgar, 2004; Lee et al., 2002a; Notredame et al., 2000; Subramanian et al., 2005;
Lassmann and Sonnhammer, 2002).

1.3.1 Simple models of evolution

Once two sequences are aligned, the evolutionary distance can be determined by
examining the dissimilar sites (excluding indels). The most simple way to measure
evolution is by calculating the p distance (see Nei and Kumar, 2000). It is defined
as the proportion

p̂ = nd/n,

where n is the total number of sites and nd the number of dissimilar sites. One major
disadvantage is that the p distance does not account for multiple substitutions at
one site. Mulitple substitutions cannot be discovered retrospectively, as the real
evolutionary distance will be bigger than the measured difference. The Poisson
corrected distance corrects the p distance to

d̂ = − ln(1− p̂).

The evolution of deoxyribonucleic acid (DNA) sequences has been modelled by
Jukes and Cantor (1969). They assumed the probability of a site to mutate within
some time unit to some given nucleotide to be α. The evolutionary distance is then
given as

d̂ = −
3

4
ln

(

1−
4

3
p̂

)

.

Other models for DNA evolution use different rates for transitional and transver-
sional nucleotide subsitution (Kimura, 1980) or GC content as the HKY model
(Hasegawa et al., 1985). The latter two models are designated to DNA sequences
only. The Jukes-Cantor model can be adapted to amino acid sequences. It suffices
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to exchange the original factor 3

4
with 19

20
(Takezaki et al., 1995), leading to

d̂ = −
19

20
ln

(

1−
20

19
p̂

)

.

1.3.2 Models based on collected sequence data

Assuming the substitution probability α for all transitions from one amino acid to
another is very ad hoc and does not model reality well. Amino acids are often sub-
stituted with an amino acid of similar biochemical properties, e.g. polarity, volume
(Dayhoff, 1972). An evolutionary model can be based on the actually observed sub-
stitutions on multiple sequence alignments. Dayhoff et al. (1978) used data from
71 families of closely-related proteins. Within each family, two sequences differed
at the most in 15% of the sites. From this data, they extrapolated substitutions for
larger evolutionary distances using a Markov chain model. Dayhoff and co-workers
modelled evolution in two steps. At first, amino acid substitutions occur as a re-
sult of a mutated in the underlying DNA sequence. In a second step this change
is accepted by evolution if it is advantageous or at least not harmful. The evolu-
tionary distance of two aligned protein sequences is measured as Percent Accepted
(point) Mutation (PAM). An evolutionary distance of 150 PAM corresponds to 1.5
substitutions per site on average. Since multiple substitutions will be experienced
at some sites, two sequences of a distance of 150 PAM will still have some preserved
sites. In fact, even for 250 PAM 20% of the positions remain unchanged. The crux
of evolutionary distances is that multiple substitutions cannot be observed directly
and need to be estimated.

Evolution modeled as Markov chain

The Dayhoff model regards evolution as a Markov chain with the typical prop-
erty that only the current state determines the probability distribution of the next
transition. Let X = X(t) ≥ 0 be a familiy of probability variables. The Markov
property states that a process X is a Markov chain, if

P[X(tn) = j|X(t1) = i1, . . . , X(tn−1) = in−1] = P[X(tn) = j|X(tn−1) = in−1],

∀ states j, i1, · · · , in−1, ∀ points in time t1 < t2 < . . . < tn. The Dayhoff model
assumes time homogeneity for the process, i.e. the transition probability P[X(s +
t) = j|X(s) = i] is independent of time s (see Müller, 2001; Ewens and Grant, 2001).
The transition probability matrix P (t) = (pij(t)) denotes all transition probabilities
after time t has passed. Each matrix element is given as pij(t) = P[X(s + t) =
j|X(s) = i]. The transition probability matrix P (t) has some important properties:

� P (0) = I
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� pij(t) ≥ 0

� ∑
j pij(t) = 1

� P (s+ t) = P (s)P (t) for s, t ≥ 0

With the differentiability assumption this renders possible to calculate the rate
matrix Q as the limes

lim
t→0

P (t)− I

t
= Q.

The rate matrix Q can be used to easily compute the transition probability matrix
P (t) for all t ≥ 0

P (t) = exp(tQ) =

∞
∑

n=0

Qntn

n!
.

In the long run the model will have the same distribution of amino acid occurance
independent of the distribution at the start. This stationary distribution is called
π, with limt→∞ pij(t) = πj > 0 the frequency of amino acid j independent of i.
The property of the stationary distribution is that it is not affected by evolution:

∀t ≥ 0 : πP (t) = π and πQ = 0

A common task is to assign a similarity measure to two amino acids. One appli-
cation is the alignment to sequences where it is essential to know which sites are
more related and are thus more likely to have developed from a common ancestor.
The similarity of amino acids is measured as log-odds score (or lods score). This is
a comparison of two models. The first model M assumes a common ancestor from
which the current amino acids have developed. The second model U states that
independent evolution has led to the two amino acids. The score s(i, j) for the two
amino acids i and j is in general given as

s(i, j) = log
P (i, j|M)

P (i, j|U)

and for the Dayhoff model for some evolutionary distance t ≥ 0 as

s(i, j|t) = log
pij(t)

πj

.

Despite the popularity of its overall approach, the Dayhoff substitution matrix
suffers from two major problems. The data was gathered from a few closely-related
proteins (up to 17 PAM distance). It is questionable whether the substitutions
observed between more distantly-related sequences are just a magnification of the
substitutions seen on closely-related proteins (Gonnet et al., 1992). Additionally,
possible small errors in the data can become severe when extrapolated to larger



10 CHAPTER 1. INTRODUCTION

0 100 200 300 400 500

evolutionary distance [PAM]

-5.8

-5.7

-5.6

-5.5

-5.4

-5.3

-5.2

-5.1

-5.0

-4.9

lo
g

 l
ik

e
li
h

o
o

d

x 104

Maximum Likelihood

Expected Distance

Figure 1.3: Typical distribution of the likelihood function L(t|F,Q,A). The Max-
imum Likelihood gives the single most likely value. The Expected Distance inte-
grates over all likelihoods. For a typical likelihood distribution, this gives higher
values for the Expected Distance estimator.

distances. Subsequent substitution matrices have tried to overcome these problems.
Jones et al. (1992) used a larger dataset from many different proteins. Special
adaptions also exist for transmembrane proteins (Jones et al., 1994; Ng et al., 2000).
Müller and Vingron (2000) used a resolvent method (Ma and Röckner, 1992) to
calculate substitution matrices. For this, they considered alignments between 1
and 300 PAM from the SYSTERS database (Krause and Vingron, 1998). Whelan
and Goldman (2001) used a Maximum Likelihood phylogenetic trees instead of the
Maximum Parsimony approach chosen by Dayhoff et al. and Jones et al.

Evolutionary distances from an alignment of two sequences can be estimates with
the Dayhoff model in two different ways. The Maximum Likelihood estimates gives
the distance of the substitution matrix that fits the alignment differences best. The
Expected Distance estimator integrates over the whole range of likelihoods and
in most cases gives higher estimates than the more popular Maximum Likelihood
method (Agarwal and States, 1998). The likelihood for the distance t given the
alignment A, the rate matrix Q and the diagonal matrix F with statonary distri-
bution values π is given as

L(t|F,Q,A) =
∑

i,j

nij log(Fe
tQ)ij .
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The data matrix N = (nij) is generated from the alignment. The entry nij denotes
the number of aligned amino acid pairs i and j. The Maximum Likelihood estimate
t̂ML is obtained as the solution of

0 =
d

dt
L(t|F,Q,A) =

∑

i,j

nij

d

dt
log(FetQ)ij .

The Expected Distance is the result of integration of the whole range of likelihood
estimates

t̂ED =

∫

tL(t|F,Q,A) dt.

The BLOSUM evolutionary model

All the above mentioned models are based on a Markov chain and include the
assumption of evolutionary time t. The Blosum score matrices come with a lighter
statistical load. The BLOCKS database (Henikoff and Henikoff, 1991) comprises
aligned, ungapped regions of homologous sequences. From this database clusters of
sequences above some level of identity L% were derived. The frequency of observing
the amino acid i in one cluster aligned to amino acid j in another cluster was
calculated as Aij correcting for the cluster size. The frequency of each amino acid
is then obtained as

qi =

∑

j Aij
∑

kl Akl

.

The fraction of pairing between the amino acids i and j is expressed as

pij =
Aij

∑

kl Akl

.

These two estimates are enough to calculate the score as

s(i, j) = log
pij

qiqj

,

that constitute the BLOSUM matrices (Henikoff and Henikoff, 1992). Different
L values give different score matrices. Contrasting to the Dayhoff evolutionary
model the BLOSUM concept lacks some mathematical relationship between differ-
ent score matrices. Still, matrices for high L values vaguely correspond to a short
evolutionary time span. The BLOSUM62 matrix is widely used for alignment and
database search purposes thanks to it general applicability. However, the BLO-
SUM50 matrix has been proposed for gapped alignments (Pearson, 1996). Since
the BLOSUM matrix has no rate matrix, evolutionary distance estimation is not
completely straightforward. One approach is to estimate a rate matrix from the
BLOCKS database (Veerassamy et al., 2003), thus bypassing the existing BLOSUM
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matrices. A second approach is to calibrate the BLOSUM score matrix to fit the
Dayhoff model (Paper V).

The detection of homology between protein sequences is a task that requires a
model of protein evolution in order to distinguish related from unrelated sequences.
Choosing score matrices built from the Dayhoff or the BLOSUM model is a natural
choice for this. The Basic Local Align Search Tool BLAST (Altschul et al., 1990)
uses the BLOSUM62 matrix as default. BLAST seeks databases of either DNA
or protein sequences for similar sequences according to the given score matrix. A
stochastic model determines the significance, E-value, of the found matches (Karlin
and Altschul, 1990).

The orginal published version supported only ungapped alignments. However later
publications describe the inclusion of gaps in the theory (Altschul et al., 1997).
BLAST is often used to find homologs based on the whole sequence of a given
protein. A different approach is to highlight protein domains and build homology
detection on domain prediction results (Paper IV).

1.4 Phylogenetic trees

Phylogenetics ( ���
��� race; 	������	��
� birth) strives to display and explain the evolu-
tionary relatedness of organisms. The descendence of sequences of whole species
is often represented by phylogenetic trees that display similarities and differences
between a selected set of attributes or characters.

A graph theoretical definition of a tree is a graph G = (V,E) in which for every pair
of vertices v1, v2 ∈ V there is one unique path in G from v1 to v2. A path from v1 to
v2 is a sequence of distinct vertices v1, v2, . . . , vk such that for all i ∈ {1, 2, . . . , k−1}
the edge e = {vi, vi+1} ∈ E. The number of vertices one vertex v is connected with
is called degree of v, d(v). Many applications in phylogeny focus on binary trees,
that only consist of leaves of degree 1 and interior vertices of degree 3. Additionally
they may have one additional node of degree 2, called root (see Semple and Steel,
2003).

The leaves of phylogenetic trees are labelled with elements from the set of sequence
or species names X. Interior vertices typically remain unlabelled. A set of n ≥ 3
sequences can give rise to 1× 3× 5× . . .× (2n− 5) = (2n− 5)!! different unrooted
or 1× 3× 5× (2n− 3) = (2n− 3)!! different rooted trees. The range of tree shapes
from one set of sequences may vary substantially. Two trees can be compared by
examining which vertices are connected by edges. An edge can be represented by
a bipartition that shows the two sets of leaves that would be obtained if the edge
was removed, thus splitting the graph into two connected units. The bipartition
is called X-split and denoted as A|B with A,B as two non-empty, non-overlapping
subsets of the set of sequences A,B ⊂ X, A∩B = ∅, A∪B = X (Buneman, 1971).
The similarity of two trees with the label set X can be measured by the Robinson-
Foulds topological distance (RF distance) that compares the X-splits (Robinson
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and Foulds, 1981). The distance equals the minimum number of elementary tree
operations (merging and splitting of nodes) needed to transform one tree into the
other. It is also equal to two times the number of dissimilar X-splits between the
two trees. The RF distance ranges between 0 for identical trees and 4n − 6 if all
leaves are positioned differently.

Phylogenetic tree construction algorithms for sequences fall into two classes. The
first ones analyse alignments of the DNA or protein sequences directly. Examples
of such approaches are Maximum Likelihood or Maximum Parsimony algorithms.
Methods of the second class use pairwise distances as input data. These pairwise
distances can be obtained from the estimators as discussed in the previous section.
Algorithms from the second class are very popular thanks to their speed. They are
much faster than members of the first class while retaining an acceptable quality
(see Nei and Kumar, 2000).

1.4.1 Maximum Likelihood and Maximum Parsimony

Maximum Likelihood (ML) is often considered the best approach (Zhang and Nei,
1997). Here, each tree topology is assigned a likelihood, summing over all possible
ancestral sequences (Felsenstein, 1981; Kishino et al., 1990). This is repeatedly
carried out for all tree topologies and the tree with the highest likelihood is finally
chosen. The major drawback of maximum likelihood is its poor scalability. Already
with a small number of sequences, it becomes unfeasible to examine every possible
tree topology.

The Maximum Parsimony (MP) approach is a general concept and can be used for
various tasks in sequence analysis. It is frequently justified by “Ockham’s razor”,
which states that the most simple solution should always be chosen. In the context
of phylogenetic trees, Maximum Parsimony can either be used to assign a cost to
a given tree or it can search through the tree space to find the tree with the lowest
costs. Phylogenetic trees need not neccesarily to be constructed from DNA or
protein sequences, but may also include other data (Fitch; Sankoff and Cedergren,
1983). The Maximum Parsimony can be used to predict ancestral sequences at
inner nodes (Paper VII).

Algorithms based on the Maximum Likelihood or Maximum Parsimony principle
are computationally very expensive if they are used to inspect the whole tree space
(Foulds and Graham, 1982). Even today’s available speed improved versions (Ron-
quist and Huelsenbeck, 2003; Huelsenbeck and Ronquist, 2001; Schmidt et al., 2002;
Swofford, 1996) are only suitable for alignments of few sequences (Williams and
Moret, 2003).

1.4.2 Phylogenetic trees from pairwise distances

One of the oldest and most simple algorithms among the distance methods is
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the unweighted pair group method using arithmetic averages (UPGMA), originally
developed by Sokal and Michener (1958). Actually, UPGMA is more a cluster
method than a tree construction algorithm. The idea is to aggregate in each step
the two closest clusters or single objects. Subsequently, distances between the new
cluster and all other objects have to be calculated. UPGMA assigns the same weight
to all objects by summing over all distances in the cluster and multiplying by the
cluster’s cardinality. All leaves of the resulting tree are equidistant to the root. This
kind of tree is called ultrametric (see Semple and Steel, 2003). Applied to protein
sequences this assumes a constant mutation rate for all proteins and all species. In
most cases this molecular clock assumption is wrong. Particularily sequences from
distant-related species or genes under a high selective pressure are likely to have
varying mutation rates. In such cases the UPGMA tree can be very misleading,
sharing not one single non-trivial X-split with the correct tree (see Durbin et al.,
1998).

UPGMA trees are fast and easy to generate, but do not prove suitable if the evo-
lutionary rate is variable. The validity of the molecular clock hypothesis originally
attributed to Zuckerkandl is still heavily debated. It has been assumed that essential
genes which are exposed to a high evolutionary pressure would evolve slower than
nonessential proteins. This has been reported for bacteria (Jordan et al., 2002),
however it could not be verified for eukaryotes (Hurst and Smith, 1999; Hirsh and
Fraser, 2001).

The neighbour-joining algorithm (NJ) developed by Saitou and Nei (1987) can even
be applied if the evolutionary rate is not fixed. It is not built around the assumption
of a molecular clock, rather it assumes additivity. Additivity states that the distance
between all pairs of leaves is given by the sum of edge lengths of the path between
them. The neighbour-joining algorithm seeks the closest neighbour to a sequence.
It does not just pick the sequence with the shortest distance but evaluates the
surrounding of the other sequence. If the pairwise lengths are additive, neighbour-
joining guarantees to find the correct tree. Pairwise distances computed from real
alignments are seldom fully additive. This does not hinder the use of NJ and it
often returns a tree very similar to the correct tree. Atteson (1997) showed that if
the error of the distance estimates is at most half the length of the shortest branch
in the underlying phylogeny, then NJ always returns the correct tree. It has been
demonstrated that the topology of the NJ tree is close to that of the Minimum
Evolution (ME) tree (Saitou and Imanishi, 1989). Fast versions of NJ have been
published (Howe et al., 2002; Mailund and Pedersen, 2004), in which heuristics are
used to avoid unnecessary recomputations.

Several modifications have been applied to the original NJ algorithm. One of them
is BIONJ that has been proposed by Gascuel (1997). In standard NJ the interior
node has the same distance to the joined nodes. BIONJ uses a simple model
of the sampling noise (variance) of evolutionary distances. During each step of
the clustering process, nodes are selected for joining so that the variance of the
new distance matrix is minimized. It thus takes into account the fact that long
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distances present a higher variance than short ones. Another modification of NJ
is the Weighbor algorithm, or “weighted neighbor joining” (Bruno et al., 2000).
Here the selection of nodes to join is based on additivity and positivity properties,
which are estimated using Maximum Likelihood. It has been reported to achieve
tree accuracies comparable to exhaustive ML, yet at much lower computational
costs. Besides NJ and its various modifications, other attempts to fulfill the ME
criterion have been taken by Desper and Gascuel (2002). Their Greedy Minimum
Evolution algorithm is used to calculate a tree, which is further improved by Nearest
Neighbor Interchange. The authors presented unweighted and weighted versions
of their approach, both implemented in their program FastME. In a large study
of distance methods BIONJ showed the highest general accuracy. However, the
accuracy differed only little between the evaluated methods (Paper VI).

The significance of phylogenetic trees can be measured by bootstrapping (Felsen-
stein, 1985; Efron and Tibshirani, 1993). Bootstrapping generates a new alignment
from the orginal alignment by randomly picking columns with replacement. The
phylogenetic tree obtained from this alignment is compared to the original tree. For
each shared X-split, the bootstrap value for the X-split is increased. This procedure
is typically repeated at least 100 times. The final result is the original tree where
each branch is annotated with the bootstrap value. These values can be interpreted
as a support for the branches. Bootstrapping only checks on the tree topology and
not the branch lengths.

1.5 Orthology inference

The knowledge of orthologous relationships is important for analysing proteins of
unknown function. Already annotated proteins of closely-related species can hint at
starting points for further experimental examinations. Orthologs (which includes
inparalogs as well) are more likely to have preserved a similar function than outpar-
alogs. It is therefore important to separate in- from outparalogs during orthology
inference.

The definition of orthology is usually illustrated on a phylogenetic tree. Hence, the
usage of phylogenetic trees for orthology assignment is an obvious option, yet not the
most commonly used one. Sequence similarity has instead been a much employed
approach. This choice has been influenced by computing power restrictions. Other
methods use the conservation of gene loci structure (synteny) for orthology inference
(Wheeler et al., 2006; Blake et al., 2006).

1.5.1 Orthologs from phylogenetic trees

Orthostrapper (Storm and Sonnhammer, 2002) takes alignments from two groups of
species plus alignment data from an outgroup of more distantly related sequences.
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By using the outgroup, Orthostrapper is able to exclude outparalogs from the anal-
ysis. The Orthostrapper algorithm can identify orthologs and compute a confidence
value for each orthology assignment. The confidence value is calculated by boot-
strapping (Efron et al., 1996). The program can be accessed and results can be
displayed using the OrthoGUI program (Paper I).

The RIO algorithm uses a similar approach to determine orthology confidence values
(Zmasek and Eddy, 2002), but is aimed at finding all orthologs to one sequence
rather than all orthologs between two species. A large data analysis has been
carried out using the Orthostrapper algorithm, resulting in the HOPS database
(Storm and Sonnhammer, 2003).

The TreeFam database stores manually curated phylogenetic trees with orthology
assignments (Li et al., 2006). Data from the PhIGs database were used to get seed
clusters (Dehal and Boore, 2006) which were expanded and subjected to algorithms
for inferring duplication and speciation nodes.

1.5.2 Orthologs from pairwise comparisons

Similarity-based orthology inference for two species starts with a pairwise compar-
ison of all proteins from one species and all proteins of some other species. The
BLAST program has become the standard tool for sequence similarity (Altschul et
al., 1997). It assembles for each protein a list of similarity scores for all proteins from
the other species. The protein that receives the highest score in terms of Reciprocal
BLAST Hits (RBS) is considered an orthology candidate. The hypothesis is that
orthologs should score higher than outparalogs as these were separated from each
other earlier. This assumes a fixed rate of evolution for all proteins, which is not
necessarily true. It has been shown that the highest scoring protein is sometimes
not the nearest phylogenetic neighbour of the query sequence (Koski and Golding,
2001).

The COG (Clusters of Orthologous Groups) database was the first large-scale at-
tempt to contruct a databse of orthologs (Tatusov et al., 1997, 2000, 2001). The
COG database currently contains data from 66 species. A eukaryotic addition to
COG named KOG that holds data from seven eukaryotic species has been published
as well Tatusov et al. (2003). A drawback of the COG/KOG clusters is that they
often list outparalogs by mistake. The algorithm behind the COG/KOG database
has also been used to generate the EGO database (Lee et al., 2002b). Here, DNA
sequences were used as input data to build the database.

The InParanoid database (Remm et al., 2001; O’Brien et al., 2005) is a collection
of orthologs and inparalogs. If two genes in one species show a higher similarity
than the ortholog in another species, the two genes are considered inparalogs. If
they are less similar than the ortholog they are considered outparalogs. All RBS
orthologs and inparalogs are assigned confidence values. In a recent study, InPara-
noid was found to be the best orthology inference program for the identification
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of functionally equivalent proteins (Hulsen et al., 2006). The OrthoMCL database
uses a similar approach as the InParanoid database but builds orthologous groups
of multiple species by using a Markov clustering algorithm (Li et al., 2003; Chen et
al., 2006).

PhIGs is a graph-based method for orthology inference (Dehal and Boore, 2006).
The algorithm follows known phylogenetic relationships to aggregate orthologs. At
each internal node of the phylogenetic tree, ortholog clusters were calculated. The
database currently holds data from 23 opisthokonts and 11 chordates.





Chapter 2

Results

Die Wissenschaft, sie ist und bleibt,
was einer ab vom andern schreibt.

Eugen Roth (1895-1976)

Paper I – OrthoGUI: graphical presentation of Orthostrapper

results

The Orthostrapper algorithm (Storm and Sonnhammer, 2002; Storm, 2004) is a
tree-based approach for orthology inference. The sequences within a multiple align-
ment are labeled as two (groups of) species and input into Orthostrapper. The al-
gorithm builds a phylogenetic tree from the alignment and traverses the tree seeking
for monophyletic subtrees. The output is a matrix of orthology reliability based on
bootstrapping (Felsenstein, 1985; Efron et al., 1996).

The Orthostrapper program is a Java command line tool but requires the presence
of other executables as Belvu (Sonnhammer, 2006). To relieve users from these
technical details, make Orthostrapper ubiquitously accessible and present the re-
sults in a human-readable fashion, we developed a graphical user web interface.
OrthoGUI is a user-friendly interface which combines web access to Orthostrapper
with a graphical presentation of the results.

The OrthoGUI homepage automates the Orthostrapper pipeline and guides the user
smoothly through the analysis. The Orthostrapper result matrix is processed and
orthologs are clustered based on the average linkage method. OrthoGUI displays
the coloured clusters within a matrix as well as on a phylogenetic tree. The resulting
matrix can also be exported to a local file via the browser.

19
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Paper II – The Pfam protein families database

The Pfam database comprises a large number of protein families and domains. Seed
alignments for each Pfam-A family are manually curated and used for generation of
profile-HMMs (Eddy, 1998, 1996; Durbin et al., 1998). Subsequently, the UniProt
database (Bairoch et al., 2005) is exhaustively sought for the Pfam-A domains, re-
sulting in the full protein domain alignments. The domain families are annotated
with literature references and links to popular databases (Murzin et al., 1995; Mul-
der et al., 2005; Hulo et al., 2006). The manually curated Pfam-A domains are
supplemented by the automatically generated Pfam-B domains.

Based on the Pfam domain predictions, the domain architecture of the proteins
can be studied. The domain query function enables searching for a given domain
architecture. Domains can be freely arranged and gaps between domains may be
specified. The result is a list of all proteins that share the query architecture.

Paper III – Pfam: Clans, Web Tools and Services

The Pfam database has been enhanced with clans, a hierarchy level to group similar
domain families. Some previous families have been split into several families that
are subsumed into clans. The reason for this measure is that it proved infeasible
for certain domain families to build a profile-HMM that catches all members of
the domain family yet does not overlap with other entries. In addition, several
new domain families have been incorporated in this release of the Pfam database.
All tools have been updated to account for the changes. Additional web services
have been integrated into the database to offer automated searches to external
researchers.
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Paper IV – PfamAlyzer: Domain-Centric Homology Search

Homology search aims to identify proteins with a common evolutionary descent.
Traditional methods have treated all sequence sites equally and are thus sequence-
centric. This paper introduces domain-centric homology search as a complement to
sequence-centric homology search. It seems particularily suited for searching distant
homologs. The idea behind domain-centric homology search is to take advantage
of the fact that domain sites are much more important to a protein’s function than
non-domain sites. Usually, domain-sites are more stable during evoluton than non-
domain sites and should be given priority when identifying distant homologs. It
has been verified that convergent evolution of domain architectures is rare (Paper
VII; Gough, 2005). The potential risk of type I errors is therefore low. We have
studied the limitations of the traditional sequence-centric homology search. The
results show that up to 16% of proteins with the same domain architecture are
missed by BLAST homology search.

Traditonal homology search is typically carried out in one step with the BLAST tool
(Altschul et al., 1997). Domain-centric homolgy search uses two phases. At first, the
given sequence is analysed for protein domains. We use the hmmer software package
(Eddy, 2006) to examine the given sequence for Pfam domains. The outcome of this
step is a domain architecture, the sequence of protein domains that have been found
on the protein sequence. The second phase searches the Pfam-annotated UniProt
(Bairoch et al., 2005) database for proteins with the same domain architecture.

The PfamAlyzer application has been created to enable easy-to-use domain-centric
homology searches. The user can analyse a protein sequence for Pfam domains and
use the found domain architecture to further search UniProt. PfamAlyzer provides
means for seeking specific domain architectures within Pfam. Arbitrary domains
can be combined freely, optionally with gaps. The query may be limited to taxo-
nomic groups. Results are displayed either in a list-fashion or as species distribution
where the sequences are shown as leaves on a phylogenetic tree according to their
origin. This allows exploring domain recombination and studying the spread of
domain architectures within different species.
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Paper V – Scoredist: A robust protein sequence distance

estimator based on the BLOSUM scoring matrices

Pairwise evolutionary distances of amino acid sequences are frequently applied in
many areas of Bioinformatics. Virtually all current high-troughput phylogenetic
tree reconstruction algorithms use pairwise distances as input (Saitou and Nei, 1987;
Gascuel, 1997; Desper and Gascuel, 2002; Bruno et al., 2000). Multiple subsitutions
occurring at one site are the major hinderance in determining the exact evolutionary
distance. Eventually, a mutated site may change back to the original amino acid
leaving no traces behind and this cannot be discovered later. Statistics has to be
applied to estimate evolutionary time from the observed alignment.

The evolutionary distance between protein sequences is commonly measured in Per-
cent Accepted (point) Mutation (PAM) (Dayhoff et al., 1978). Either the original
matrix series by Dayhoff et al. (1978) or subsequent series that follow the same prin-
ciple are commonly used (Müller and Vingron, 2000; Jones et al., 1992; Whelan and
Goldman, 2001). The evolutionary distance is estimated by looking in the matrix
series for the transition probability matrix that explains the observed differences
most accurately. The optimal matrix can be found either by an iterative search for
the Maximum Likelihood matrix, or by integration to find the Expected Distance
(Agarwal and States, 1998). The drawback with both Maximum Likelihood and
Expected Distance is the computational complexity. Other methods that only ap-
ply some correction to number of observed differences are known to be faster but
less accurate.

We developed a correction-based protein sequence estimator called Scoredist. It uses
a logarithmic correction of observed divergence based on the alignment score accord-
ing to the BLOSUM62 score matrix (Henikoff and Henikoff, 1992). We evaluated
Scoredist and a number of optimal matrix methods using three evolutionary mod-
els for both training and testing Dayhoff (1978), Jones-Tylor-Thornton (1992), and
Müller-Vingron (2000), as well as Whelan and Goldman (2001) solely for testing.
Test alignments with known distances between 0.01 and 2 substitutions per posi-
tion (1-200 PAM) were simulated using ROSE (Stoye et al., 1998). Scoredist proved
as accurate as the optimal matrix methods, yet substantially more robust. When
trained on one model but tested on another one, Scoredist was nearly always more
accurate. The Jukes-Cantor (1969) and Kimura (1983) correction methods were
also tested, but were substantially less accurate. The Scoredist distance estimator
is fast to implement and run, and combines robustness with accuracy. Scoredist has
been incorporated into the Belvu (Sonnhammer, 2006) alignment viewer.
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Paper VI – Assessment of Protein Distance Measures and

Tree-Building Methods for Phylogenetic Tree Reconstruction

The construction of phylogenetic trees finds many applications in current research.
It is a means to address evolutionary questions as observed in taxonomy or protein
function inference. In molecular epidemiology, e.g., phylogenetic trees have been
used to study the evolution of HIV (Kalish et al., 2004) and may support future
vaccine design.

Maximum Likelihood phylogeny inference is generally believed to produce the most
accurate trees. Each topology is assigned a likelihood, summing over all ancestral
sequences possible (Felsenstein, 1981; Kishino et al., 1990). This is repeatedly
carried out for all topologies and the tree with the highest likelihood is finally chosen.
The major drawback of Maximum Likelihood is its poor scalability. Already with
a small number of sequences, it becomes infeasible to examine every possible tree
topology (Williams and Moret, 2003).

Distance-based methods have gained major importance and are today clearly dom-
inating other approaches. Their popularity is due to being statistically consistent
in all settings (Desper and Gascuel, 2004) as well as outperforming other methods
by far in terms of speed. Applying distance-based approaches, tree reconstruction
is thus conducted in two separate steps. First, pairwise distances are estimated
for all sequences. Tree building is then based on the obtained pairwise distances.
Previous studies have either compared performance of tree construction or distance
methods (Russo et al., 1996; Desper and Gascuel, 2004). However, the best dis-
tance measure with one tree method does not necessarily have to turn out as the
right choice for some other tree algorithm. Additionally, real data do always need
to pass distance estimation and tree reconstruction steps. We evaluated combina-
tions of distance measures and tree construction methods and tested their ability
to reconstruct correct trees.

Neighbour-joining (Saitou and Nei, 1987) is the most popular distance-based method.
A number of variants of the standard algorithm have been proposed. We used the
programs BIONJ (Gascuel, 1997), FastME (Desper and Gascuel, 2002), Weighbor
(Bruno et al., 2000), and standard neighbour-joining in combination with Scoredist
(Paper V) and 11 other distance estimators (Jukes and Cantor, 1969; Dayhoff et
al., 1978; Kimura, 1983; Müller and Vingron, 2000; Jones et al., 1992; Whelan and
Goldman, 2001). These were evaluated on a test set based on real trees taken from
100 Pfam families (Paper II). Each tree was used to generate multiple sequence
alignments with the ROSE (Stoye et al., 1998) program using three evolutionary
models. The accuracy of the methods was analysed with a modified version of the
topology measure given by Robinson and Foulds (1981).

We found that BIONJ produced the overall best results, although the average ac-
curacy differed little between the tree building methods (normally less than a per-
cent). A noticeable trend was that FastME performed poorer than the rest on
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long branches, which has also been reported by others (Bruno, 2005). Weighbor
was several orders of magnitude slower than the other programs. Larger differ-
ences were observed when using different distance estimators. Jukes-Cantor and
Kimura distance correction produced clearly poorer results than the other meth-
ods, even worse than uncorrected distances. Despite its computational simplicity,
the Scoredist distance estimator was one of the best distance methods.
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Paper VII – Gene Tree based Analysis of Domain Architecture

Evolution

Protein domains are recombined throughout evolution to acquire new function
(Murzin et al., 1995; Rossmann et al., 1974; Jaenicke, 1987). This work addressed
the evolutionary processes that govern domain recombination. One approach to
understanding the complex processes is the study of convergent evolution. We
identified and analysed cases of convergent evolution of protein domain architec-
tures. Previous approaches focused on the domain architectures only (Kummerfeld
and Teichmann, 2005). This study considered the protein domain alignments. The
outcome is a finer grained analysis that even allows the discovery of convergent
evolution of domain architectures within the same species.

The algorithm outlined in this paper infers ancestral domain architecture given the
phylogenetic trees from the protein domain families. As it is akin to traditional
Maximum Parsimony algorithms (Semple and Steel, 2003), it processes a tree in
two passes. The first pass starts at the leaf level and infers the least expensive
ancestral architectures. Occasionally, it is not possible to make a decision if several
potential ancestral architectures are attributed the same costs. The second pass
starts at the root and aims to solve these cases.

The algorithm was appplied on domain-assigned sequences from 50 fully-sequenced
genomes. The completeness of the domain assignments is of high importance to
the study. Therefore, two datasets were formed. The max50 data set required
all N-, C-terminal or inter-domain sequence lengths to be below 50 acmino acids.
The nolimit dataset did not embody these limitations. The phylogenetic trees
were generated with QuickTree (Howe et al., 2002) using the Scoredist (Paper V)
distance estimator.

Previous studies could identify 27 cases of convergent domain architecture evolution
(0.7% of the examined domain architectures) (Gough, 2005). We could confirm that
convergent evolution is rare, yet more frequent than originally thought. About 1.9%
of the architectures in the max50 and 4.2% of the architectures in the nolimit were
found to be examples of convergent evolution. Convergent evolution seems to be
a random process. There was no bias towards certain domains or functions in the
datasets.
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Discussion and Further Work

Indes sie forschten, röntgten, filmten, funkten,
entstand von selbst die köstlichste Erfindung:

der Umweg als die kürzeste Verbindung
zwischen zwei Punkten.

Erich Kästner (1899-1974)

It is in the nature of science that there always remain questions to be answered. New
insights may cast doubt on what was previously believed conclusively solved. New
genome sequencing projects enlarge our knowledge and supply many researchers
with data for their investigations. This work has sought to further the understand-
ing of protein domain architecture combinations. The task has been approached by
examining existing methods and databases.

The implications the reliability of phylogenetic trees has on the conclusions in cur-
rent research can hardly be overestimated. We have carried out a comprehensive
study of existing phylogenetic tree reconstruction algorithms using real phylogenetic
trees instead of artificially created ones. The results can hopefully advise scientists
on chosing appropriate algorithms for their research projects. Currently, compu-
tational limitations in many cases only permit distance-based tree reconstruction.
In fact, the protein distance estimation is the main bottle-neck and not the tree
reconstruction algorithms itself. The Scoredist protein distance estimator has been
developed with the aim for fast alternative to Maximum Likelihood and Expected
Distance estimators. In our findings, Scoredist performed unmatched in speed and
robustness. However, as technology advances and the need for low complexity loses
importance, it may be possible to deploy more complex phylogenetic tree recon-
struction algorithms, e.g. based on Maximum Likelihood, for large data sets as
well.

Using data from completely sequenced genomes, we were able to show that conver-
gent evolution on domain level is in fact more common than previously thought.
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This was achieved using a Maximum Parsimony inspired ancestral architecture in-
ference algorithm. The algorithm uses a tree topology of protein domains to predict
ancestral architectures. By combining the results for all domains of a particular
domain architecture introduces a confidence estimation into the predictions. The
branch lengths of the phylogenetic trees are currently not considered. An enhanced
algorithm could make use of this information as well and assign better confidence
values. The functional aspects of domain recombination have not yet been fully ex-
amined. Recent pulications indicate that the sequence identity plays an important
role in protecting proteins against misfolding (Wright et al., 2005). This may lead
to formulating a language of domain recombination which could be incorporated
into the algorithm for an improved ancestral domain architecture inference.
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