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Chapter 1

Introduction

In this thesis I study how a bias in DNA composition affects models of amino acid sequence

evolution. Models of amino acid evolution are used in various ways,e.g. for amino acid se-

quence alignment, reconstruction of protein phylogenies, inferring ancestral protein sequences,

searches in protein databases and simulation of protein evolution (e.g.see [28] for a review).

The model most widely used are continuous Markov models ( [1, 7, 8, 14, 19], [23] for

review of models of molecular evolution). A continuous Markov model has a finite set of

states and describes the probabilities of changing from a statei to a statej (which may be the

same as statei) after some timeT . In the case of modelling amino acid sequence evolution,

the set of states are the 20 amino acids and the Markov models describes the probabilites of

their substitution over time. This means, that all sites of an amino acid sequence are treated

independently from each other [7].

Reconstructing the tree of life has been and still is a major target of molecular evolution

(e.g.see [31] for a review). The tree of life is considered to describe the evolution of all living

species and their relationships. Based on a model of evolution, the task is to find a tree that best

describes the evolution that led to the nucleotide or amino acid sequences we find today. What

a “best” description is, depends on the method that is used for the reconstruction (see [18] for
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a review on current methods).

For trees based on proteins, the reconstruction method uses some model of amino acid

evolution. This model is usually applied on all species of the tree, assuming that this model

approximates molecular evolution well in every species. However, it is known that the DNA

composition of species can vary over a large range. The DNA composition is measured in

the percentage of two of the four the nucleotides used in DNA: guanine (G) and cytosine (C).

Hence, we speak of the G+C content of an organism. Virtually all organisms use the same

code to construct their proteins based on their DNA. It is unclear, whether, and if yes, how a

different DNA composition—that is, a different G+C content—may affects the composition of

proteins of the organisms. If there is such an effect, the tree reconstruction methods have to be

adjusted for this to compensate this effect.

In this thesis, I study the effect of a bias in DNA composition on the models of amino acid

evolution. For this, I use species that are known to have very different G+C contents, con-

struct Markov models of evolution and compare them. The species are from three phyla in the

kingdom of bacteria: Cyanobacteria, which have mostly an average G+C content, Firmicutes,

which have a very low G+C content and Actinobacteria, which have a very high G+C content.

Firmicutes are also known under the name low G+C gram positive bacteria, and Actinobacteria

are also known under the name high G+C gram positive bacteria. I derive Markov models of

evolution for each pair of phyla and study to what extent the three models differ from each

other.

1.1 Continuous Markov models of amino acid evolution

As mentioned above, continuous Markov models are used to describe the evolution of amino

acid sequences. For each amino acid in a sequence, the Markov model describes the probability

of its substitution by another amino acid over time. The probabilities for a continuous Markov

model are given by aninstantaneous rate matrixQ. The instantaneous rate matrix describes
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the rate of change from amino acidi to amino acidj, i.e. it describes how the probability for

such a change alters as time elapses.

When the probabilities for the changes between the amino acids are written in a matrix

P(T )—with Pij(T ) denoting the change from amino acidi to j over timeT—then the proba-

bility of a change for timeT plus a small timedT is given by the instantaneous rate matrix as

follows (the symbolI denotes the identity matrix):

P(T + dT ) = P(T ) + P(T )QdT

= P(T )(I + QdT )
(1.1)

This equation can be solved (see Appendix A.1) to give:

(1.2) P(T ) = eTQ

Given this definition, we can see two properties of the probability matrixP(T ):

P(T + S) = e(T+S)Q = eTQeSQ = P(T )P(S)(1.3)

P(nT ) = enTQ =
(
eTQ

)n
= P(T )n(1.4)

The first property (1.3) states that the way the model reaches timeT +S does not affect the

probabilities for that time: the probability calculated for the complete timeT +S is the same as

first considering the probability for timeT and then for timeS. The model is said to be “mem-

oryless” as the probabilities only depend on the current state and the time of consideration, and

not on how the model reached the current state.

The second property (1.4) is a continuation of the first one on multiple time periodsT . It

states that the probability aftern steps of timeT is the same as the probability after timeT

raised to the power ofn (i.e. n times matrix multiplication ofP(T ) with itself).

Note that the timeT and the instantaneous matrixQ are closely linked: double the time
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and half the rate will yield the same results (TQ = (T/γ)(γQ) for anyγ). This means that

we cannot measure absolute time. Instead, time is usually measured in expected substitutions

per site (see 2.2).

1.2 Estimating Markov models

Basically, there are two possible ways to come up with the instantaneous rate matrix of a

continous Markov model: derive it theoretically or empirically. For nucleotide sequences, the-

oretical parametrization of the instantaneous rate matrix [10,15,20,21] has been widely used,

while for amino acid models empirical models are usually favored. The pioneers for empirical

models for amino acid substitutions are Dayhoff’s famous PAM matrices [7,8], which various

authors later adapted (e.g.Joneset al. [19], Gonnetet al. [14], Adachi and Hasegawa [1]).

Dayhoff and coworkers used very similar amino acid sequences to derive an empirical

model for amino acid sequence evolution. When sequences are very similar (> 85%), it is

assumed that only little time has elapsed in their evolution from their most recent common

ancestor. This little evolutionary time has two consequences. First, we expect that only a ne-

glectible amount of multiple substitutions have happened,i.e. every observed substitution is

the result of a single substitution event (e.g.L →V) rather than one of multiple substitution

events, which take more time (e.g.L→A →W →V). Second, the transition matrix is approxi-

mately the same as the sum of the identity matrix and the instantaneous rate matrix: if we start

from T = 0 and let only a small amount of timet elapse, we have

(1.5)

P(0 + t) ≈ P(0 + dT )

= P(0)(I + QdT ) (1.1)

= I + QdT asP(0) = I

Therefore, empirically deriving the transition probability matrix of a Markov model gives
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also a good estimate of the underlying instantanteous rate matrix. This is the approach which

is usually taken to derive empirical Markov models of sequence evolution.



Chapter 2

Materials and Methods

2.1 Sequence data

The National Center for Biotechnology Information (NCBI) hosts the GenBank database that

collects publicly available nucleotide and amino acid sequences [3], including whole genomes

of numerous bacteria. I downloaded the whole genomes from GenBank’s FTP server1 as avail-

able on November 2003. Other sites hosting cyanobacterial genomes (e.g. the Cyanobase2)

did not contain genomes that weren’t already submitted to Genbank. I included the plastids of

a bacterium only if the bacterial genome was also available. The complete lists of the bacteria

used in this study are given in tables 2.1, 2.2, 2.3 and 2.4.
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Estimating a model of evolution (see section 2.2 below) can only be done with sequences

whose evolutionary history reflects speciation events as opposed to a history of gene dupli-

cation within a single organism. The former sequences are said to beorthologous, the latter

paralogous[12]. As the evolutionary history of a gene is in general unknown, feasible approx-

imations are necessary. In this study, two sequences are considered orthologous, if they are

each other’s top hit in a similarity search in a database. I use BLAST [2, 25] for the similarity

search. To reduce the probability of random mutual hits, I used an evalue of10−4 as an cutoff

value. With this, the probability of two sequences being considered orthologous just by chance

is at most10−8 (but usually lower). The search for orthologous sequences results in a list of

pairs of sequences of which each sequence is from a different phylum (i.e. I don’t consider

orthologous sequences within a phylum).

To increase the reliability of the alignments (see below), I used protein sequences published

in the SWISS-PROT database [4]. SWISS-PROT is a well maintained database containing

well annotated proteins, thus it provides a reliable basis for sequence comparisons. I used the

version in FASTA format [24] published along with a version of BLAST [2,25] on NCBI’s ftp

server3 on January 21, 2004.

For each sequence of a sequence pair, I searched the SWISS-PROT database with BLAST

with a cutoff evalue of10−8 and added the shared hits to the sequence pair. I dropped pairs

for which there were no shared hits. I created a multiple alignment of the sequence pair and its

shared hits in the SWISS-PROT database in such a way that it can be considered reliable,i.e. it

aligns only positions that really evolved from each other. I dropped pairs for which the reliable

alignment was less than 200 bp long. This prevents substitution rates that look artificially high

just because the alignment is short.

The reliable alignments were done by a program calledclustalw2.pl from J. Gogarten

[13]. It creates two multiple alignments using CLUSTALW (v1.83) [27]: one in the usual way

and one with the sequences reversed (i.e. the sequence starts with its last amino acid and ends
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with its first). Then the program compares the two resulting multiple alignments and outputs

only the columns which are the same in both alignments, dropping columns that contain gaps.

Note that this does not imply that all the amino acids in the column are the identical. Comparing

the usual alignment with the reversed one ensures that only alignment positions are considered

that are reliable. The result of the alignment are two sequences of equal length, where each

sequence has lost some of its columns.

The task of searching the SWISS-PROT database and generating the alignments needs a

lot of computational power. For this purpose, I wrote a program that distributes arbitrary tasks

on a set of machines. The program is described in appendix B.

2.2 Estimating the instantaneous rate matrices

Dayhoff and coworkers estimated their Markov models of amino acid sequence evolution by

inferring ancestral states for each site of amino acid sequences. As it is not always possible to

infer the ancestral states unambiguously, modern approaches create alignments of sequences

and count the substitutions that are observed there [14, 19]. From a count matrix of substi-

tutions the methods derive the transition probability of the Markov model which implies the

instantaneous rate matrix as shown in (1.5). I use the modern approach to estimate the Markov

model. However, both methods, base on closely related sequences, which I clearly don’t have.

This issue is addressed by the next section 2.3.

Given a set of pairwise alignments, where in each pairwise alignment the two sequences

x andy have the same length and don’t have any gaps, I derive the Markov model as follows.

First, I create the count matrixC(x,y) with entries

(2.1) C(x,y)
ij = number of sites where sequencex has amino acidi

and sequencey has amino acidj,
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where a site means a position in the alignment. The entries of the count matrix are positive

integers.Cij denotes theith row and thejth column of the matrix.

Note that in generalC(x,y) 6= C(y,x). However, as I don’t know the direction of evolution,

i.e. I don’t know if amino acidi was replaced byj or if j was replaced byi, I only consider

the symmetrized version of the count matrices

C =
1
2
(C(x,y) + C(y,x))

=
1
2
(C(x,y) + C(x,y)

T ),(2.2)

where the subscriptT indicates transposition of the matrix (i.e. Aij = Bji for A = BT ).

Symmetrizing the count matrix also ensures time reversibility of the Markov model.

Along with the count matrix comes the vector of occurencesc = (c1, . . . , c20) with:

ci = amount of amino acidi in the alignment

=
20∑

j=1

Cij + Cji.

The entries of the vector of occurences are nonnegative integers. From the vector of oc-

curences, I obtain the vector of amino acid frequenciesπ = (π1, . . . , π20) with

πi =
∑20

i=1 Cij∑20
i,j=1 Cij

=
ci

2
∑20

i,j=1 Cij

,

The vector of amino acid frequencies describes the fraction of an amino acid in the pairwise

alignments, thus the elements of the vector are between 0 and 1 and sum up to 1. It is assumed

that these frequencies remain constant over time,i.e. they are the equilibrium frequencies of

the Markov model.
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From the symmetrized count matrix, I finally obtain the mutability matrixM with elements

(2.3) Mij =
Cij∑20
i=1 Cij

.

The entryMij of the mutability matrix is the probability of seeing amino acidj in the on

of the sequences of a pairwise alignment, given that we see amino acidi in the other sequence.

Therefore, each entryMij falls between 0 and 1 and each row of the mutability matrix sums

up to 1. In other words, the mutability matrix is a stochastic matrix.

As I derived the mutability matrix from the symmetrized count matrix, the mutability ma-

trix is alsotime reversible, that is the model can’t tell the direction of evolution: evolving from

sequence A to sequence B is the same as evolving from sequence B to sequence A. The model

is said to fulfill thedetailed balance equation

(2.4) πiMij = πjMji,

which says that the probability from going from statei to statej is the same as going from

statej to statei.

Although Dayhoff did not mention it originally, the mutability matrix is the transition prob-

ability matrix of the Markov model,i.e. M = P(T ) for some time unknown timeT . In the

case of closely related sequences this unknown time is supposed to be small enough for the

approximation shown in (1.5). In my case of divergent sequences the approximation can’t be

done and I will have to adjust for this. This is covered by the next section. But first I will make

two further definitions that I will need later.

Given the vector of frequencies and the mutability matrix, the average substitution fre-

quency is:

(2.5) D(M) = 1−
20∑
i=1

πiMii,
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The average substitution frequencyD(M) is the probability that the model does not stay in

its current state. It is a measure for the observed distance between the sequences of the set

of alignments: the more time has elapsed, the more substitutions are expected and vice versa.

Thus, we can define time in terms of number of expected or observed substitutions. If the rate

matrix is scaled such that its mean rate is1, then each substitution event corresponds to a time

unit.

(2.6) Q̄ =
Q∑20

i πiQii

This is the suggested method of N. Goldmann [22] to present instantaneous rate matrices,

as it easily allows for comparisons.

2.3 Adjusting for not closely related sequences

Henikoff and Henikoff [16] used blocks of conserved regions of a protein family to estimate

scores for amino acid alignment. Although in principal similar to the method described in the

previous section, their resulting matrix has not been used for phylogenetic reconstruction, as it

misses an underlying model of evolution. The reason for this is that the sequences from which

the blocks of conserved regions was obtained were not closely related.

Veerassamyet al. [29] derived a model of evolution from the BLOCKS database [17]

that Henikoff and Henikoff used. They implemented this model which they call PMB in the

PROML and PROTDIST v3.6 programs of the PHYLIP package [11], a collection of pro-

grams for phylogenetic reconstruction. Bullerwellet al. [5] used the PMB model to derive a

phylogeny of mitochondrial genes in fission yeasts. Smithet al. [26] applied the method of

Veerassamyet al.on modeling the evolution of RNA.

The problem with divergent sequences is that the time that has elapsed in the evolution

of the sequences is too large that the approximation of the transition probability matrix and
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the instantaneous rate matrix in (1.5) holds,i.e. we can only get estimates forQT but not for

QdT . The idea presented in Veerassamyet al. [29] is to derive a correction formula that yields

an estimatêT for the actual evolutionary distance given the observed distanceD by solving

a differential equation that involves the derivate ofD with respect toT . Dividing QT by T̂

will yield an estimate forQ. Getting the estimates works as follows, as also shown in Smith

et al. [26].

Given a set of pairwise alignments of divergent sequences, I determine for each pairwise

alignment the percentage of dissimilarity. The percentage of dissimilarity is the fraction of

alignment sites of the whole alignment that contain different amino acids. Then I slide a

window of some window lengthw over the range of dissimilarity. Each window creates a

cluster of alignments whose dissimilarities falls in the window range. For the first window, the

range is from0 to w, for the next window from0.02 to (w + 0.02), for the next from0.04 to

(w + 0.04) and so on. The last window covers the range from(1− w) to 1. Most alignments

will be in multiple clusters; in fact, consecutive clusters will usually contain almost the same

set of alignments.

For each clusterc I calculate the mutability matrixMc(Tc) and the observed distance

D(Mc(Tc)) as shown in the previous section. Note that both the mutability matrix and the

observed distance depend on some unknown actual evolutionary distanceTc. The aim is to

derive a correction function that estimatesTc given the known observed distance. For this, I

calculate the derivative ofD(Mc(Tc)), using the 5-point formula for numerical differentiation

(e.g. [6]):

(2.7)
d
dx

f(x0) =
1

12h
(f(x0 − 2h)− 8f(x0 − h) + 8f(x0 + h)− f(x0 + 2h))

The 5-point formula estimates the derivative of the functionf at the pointx0 by considering

values off aroundx0 seperated by a small intervallh. It can be derived by a Taylor expansion

of f to the fourth derivative and has an error only in order ofO(h4), therefore yielding good
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numerical approximations. Withf = D, x0 = Tc andh = 0.01Tc we get

(2.8)
dD(M(Tc))

dT
=

1
12(0.01Tc)

[D(M(Tc − 0.02Tc))− 8D(M(Tc − 0.01Tc))

+ 8D(M(Tc + 0.01Tc))−D(M(Tc + 0.02Tc))]

Using equation (1.4) we can calculate the mutability matrices for the various times around

Tc and get

(2.9) Tc
dD(M(Tc))

dT
=

1
0.12

D(M(Tc)0.98)− 8D(M(Tc)0.99)

+ 8D(M(Tc)1.01)−D(M(Tc)1.02)

The right hand side of this equation contains only the known valuesMc and the functionD.

The powers can be calculated by diagonalizingMc If we plot the approximation of the deriva-

tive against the observed distance, we can approximate the points by a polynomial functionf

of the observed distance (see figure 3.1).

For notational convenience I define

(2.10) D = D(M(T ))

Using the polynomial approximation functionf , we get a differential equation

(2.11) T
dD

dT
= f(D) =

n∑
i=0

aiD
i

We know that at small evolutionary distances, the observed and the actual evolutionary

distance is approximately the same and there are no multiple substitutions:

(2.12) lim
T→0

D = 0 and lim
T→0

dD

dT
= 1.
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Taking the limit forT → 0 on both sides of equation (2.11) lets us conclude thata0 = 0 as the

left hand side’s limit is 0.

If the degree of the approximation functionf is low enough, the differential equation (2.11)

can be solved and yields a correction functionC for the actual evolutionary distance

(2.13) T̂ = C(D)

Note that the correction formula covers all clusters,i.e. for each pair of phyla there will be a

correction formula. With the estimatêT of the actual evolutionary distance, we can find an

approximation for the instantaneous rate matrixQ of the data set.

2.4 Approximation of the instantaneous rate matrix

From equation (1.2) we know that

(2.14) Mc = e(AcTc)

for some instantaneous rate matrixAc. With the estimate for the average of the actual evolu-

tionary distance, we can calculate an instantaneous rate matrix for each clusterc:

(2.15) Ac =
ln(Mc)

T̂c

The calculation of the logarithm can be numerical unstable for a transition matrixMc that

is not close enough to the identity matrix.4 To detect such a case, we can relate how much

the exponential using the calculated logarithm ofMc differs from the realMc. Veerassamy

et al. [29] suggested the following criteria:

(2.16)
‖exp(AcT̂c)−Mc‖

‖Mc‖
< tol
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where‖.‖ denotes the norm of a matrix as the largest singular value andtol is 1000 times the

distance between the1.0 and the next floating point number representable by the computing

machine. On the machine I usedtol is 10−6.

Each cluster will result in an instantaneous rate matrixAc. If everything were perfect, there

had to be a universal rate matrixU so that for each cluster the following holds:

(2.17) Mc = exp(UTc)

However, we have only different approximations toU, each with different accuracy. Find-

ing a set of weightswc with
∑

c wc = 1 and calculating

(2.18) U =
∑

c

wcAc

so that the error

(2.19)
∑

c

‖exp(UT̂c)−Mc‖
‖Mc‖

is minimized will yield an approximation toU.

This problem is in general difficult as the space of possible weightswc is very big. Smith

et al. [26] avoided this problem by selecting the instantaneous rate matrixAc for which the

sum in (2.19) is minimal,i.e. all but one weights are zero. I used a random search through the

space of the weights and selected the set of weights for which (2.19) was minimal.
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Notes

1ftp://ftp.ncbi.nih.gov/genbank/genomes/Bacteria/

2http://www.kazusa.or.jp/cyanobase

3ftp://ftp.ncbi.nih.gov/blast/db/FASTA/swissprot.gz

4To be more precise, the matrix has to fall within the convergence radius of the logarithm

series. This means there must exist somen ∈ N such that‖(P − 1)n‖ < 1 for some matrix

norm‖.‖.



Chapter 3

Results

3.1 Sequence data

Including plasmids, there were 15 whole genomes of Cyanobacteria available at the NCBI site

(containing26 480 genes, of which2 295 made it into the analysis, covering1 014 666 amino

acids), 14 genomes of Actinobacteria (42 161, 2 997, 1 329 833) and 39 genomes of Firmicutes

(80 555, 2 946, 1 255 671). It is interesting to note that although for every phylum there was a

different amount of genomes and thus genes available, each phylum contributed approximately

equally to the amount of genes and base pairs of the analysis.

The initial BLAST search between the three phyla resulted in235 319 top hits of which

23 620 were mutual hits,i.e. there were11 810 pairs of genes considered orthologous:3 715

between Cyanobacteria and Firmicutes,3 309 between Cyanobacteria and Actinobacteria and

4 786 between Firmicutes and Actinobacteria.

In the reliable alignments between Cyanobacteria and Firmicutes I counted676 596 amino

acids and observed453 294 changes, between Cyano- and Actinobacteria709 912 amino acids

and468 970 changes, and between Firmicutes and Actinobacteria1 123 782 and731 366 changes.

As already expected, the species vary in the G+C content. While the Cyanobacteria have

21
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an average G+C content of about 45%, the G+C content of the Firmicutes is much lower at

about 35%. The Actinobacteria are even farther away from the Cyanobacteria with an average

G+C content of about 62%. The highest G+C content in this study has the Actinobacterium

Streptomyces coelicolorwith 72%, while the FirmicuteUreaplasma urealyticumhas the lowest

with 26% together with a plasmid ofClostridium perfringens. The dataset therefore offers both

the variaty in G+C content as well as the group specificity of this variaty that I want for the

following analysis.

3.2 Instantaneous rate matrices

As I used a window that slides over the range of dissimilarity among sequences, there are

no single count matrices on which the instantaneous rate matrices are based on. However,

appendix C displays the three count matrices for each pairwise comparison of the phyla.

Vector of frequencies While the count matrices are not of interest, the vector of frequen-

ciesπ for each comparison is, as it reflects an estimate for the equilibrium frequencies of the

Markov model. The equilibrium frequencies are displayed in table 3.1 along with the frequen-

cies that Dayhoffet al. [8] and Joneset al. [19] found i their own analysis of other proteins.

Approximation of the derivatives I could approximate each of the derivatives of the three

pairs of phyla with a correlation coefficient ofR2 = 0.9987 or better. The approximation

functions for the derivatives are all similar to each other:

fCH(D) = −0.4100x3 − 0.5660x2 + x(3.1)

fCL(D) = −0.4062x3 − 0.5710x2 + x(3.2)

fLH(D) = −0.3753x3 − 0.5936x2 + x(3.3)
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Amino-
acid

Cyano–
Lowgc

Cyano–
Highgc

Lowgc–
Highgc Cyano Lowgc Highgc Dayhoff JTT

Ala (A) 0.082 0.114 0.101 0.097 0.074 0.127 0.087 0.077
Arg (R) 0.045 0.065 0.051 0.056 0.036 0.067 0.041 0.051
Asn (N) 0.042 0.027 0.035 0.034 0.046 0.023 0.040 0.043
Asp (D) 0.048 0.052 0.053 0.046 0.050 0.057 0.047 0.052
Cys (C) 0.009 0.009 0.008 0.010 0.008 0.008 0.033 0.020
Gln (Q) 0.039 0.037 0.030 0.045 0.032 0.028 0.038 0.041
Glu (E) 0.061 0.054 0.057 0.055 0.065 0.052 0.050 0.062
Gly (G) 0.070 0.082 0.078 0.075 0.069 0.087 0.089 0.074
His (H) 0.019 0.022 0.021 0.020 0.019 0.023 0.034 0.023
Ile (I) 0.076 0.051 0.065 0.063 0.084 0.045 0.037 0.053
Leu (L) 0.112 0.117 0.105 0.123 0.101 0.109 0.085 0.091
Lys (K) 0.055 0.029 0.045 0.037 0.067 0.025 0.081 0.059
Met (M) 0.021 0.018 0.023 0.018 0.026 0.019 0.015 0.024
Phe (F) 0.046 0.038 0.043 0.043 0.049 0.035 0.040 0.040
Pro (P) 0.041 0.050 0.041 0.048 0.035 0.049 0.051 0.051
Ser (S) 0.059 0.054 0.057 0.057 0.061 0.053 0.070 0.069
Thr (T) 0.054 0.057 0.059 0.053 0.055 0.061 0.058 0.059
Trp (W) 0.013 0.016 0.014 0.016 0.012 0.016 0.010 0.014
Tyr (Y) 0.036 0.027 0.032 0.030 0.040 0.025 0.030 0.032
Val (V) 0.073 0.082 0.080 0.073 0.072 0.090 0.065 0.066

Table 3.1: Relative frequencies of occurence for each pair of phyla, for each phylum by itself
and as published by Dayhoffet al. (PAM-Matrix) [8] and by Joneset al. (JTT-Matrix) [19]
for comparison. Frequencies are based only on the genes that contributed to the estimation
of the model. The most remarkable difference is that for Cystein (C): while both Dayhoff
et al.and Joneset al.observed a frequency over 0.020, this analysis only observed frequencies
below 0.10. See text for further comparisons and discussion.CyanoCyanobacteria;Lowgc
Firmicutes;HighgcActinobacteria.
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observed distanceD(Mc(Tc))

Tc
dD
dT

0.90.80.70.60.50.40.30.20.10

0.35

0.3

0.25

0.2

0.15

0.1

0.05

0

Figure 3.1: Approximation of the derivates for the Cyanobacteria–Firmicutes alignments. The
circles are the data points that result from calculating the right hand side of equation (2.9) for
each observed distance, while the dashed line shows the approximation function.

fCH approximates the derivative resulting from the alignments of Cyanobacteria and Acti-

nobacteria,fCL for Cyanobacteria and Firmicutes, andfLH for Firmicutes and Actinobacteria.

As an example, figure 3.1 shows the approximation of the derivative for the case of the

Cyanobacteria–Firmicutes.

Solving the differential equations With the approximation function we get a differential

equation for each pair of phyla

T
dD

dT
= fCH(D)(3.4)

T
dD

dT
= fCL(D)(3.5)

T
dD

dT
= fLH(D)(3.6)

The differential equations are separable and thus can be solved. They yield the following
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Jukes Cantor
Veerassamyet al.
Firmicutes–Actinobacteria (TLH )
Cyanobacteria–Firmicutes (TCL)
Cyanobacteria–Actinobacteria (TCH )

observed distanceD

actual distanceT

0.80.70.60.50.40.30.20.10

3

2.5

2

1.5

1

0.5

0

Figure 3.2: Correction functions for estimating the actual evolutionary distance based
on the observed distance. Displayed are the correction functions for all three pairs of
phyla (Cyanobacteria–Actinobacteria solid line, Cyanobacteria–Firmicutes widely dashed line,
Firmicutes–Actinobacteria small dashed line) along with the correction function of Veerassamy
et al. [29] (dotted line) and the formula of Jukes and Cantor for amino acids [20] (interrupted
line). The correction functions for all three comparisons are virtually the same. They are all
more severe than the correction function of Veerassamyet al. and even more than the one of
Jukes and Cantor.

correction functions5:

T̂CL(D) =
5.654D

(2.398 + D)−0.2979(8.137− 8D)−0.7021
(3.7)

T̂CH(D) =
3.185D

(48.44 + 20D)−0.2956(1.016−D)−0.7044
(3.8)

T̂LH(D) =
1.331D

(2.605 + D)−0.2820(1.023−D)−0.7180
(3.9)

which are displayed in figure 3.2 against the correction functions of Veerassamyet al. [29] and

Jukes and Cantor [20]. We see that the correction is more severe, which is not suprising as the

species involved are supposed to be very distantly related; we therefore expect that numerous

multiple substitutions have happend for which the correction formula must correct.
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Deriving the universal rate matrices Given the correction formula I can derive a set of

instantaneous rate matrices for each of the three pairs of phyla. With the proper set of weights,

I determine the universal rate matrix for each pair of phyla as outlined above. Choosing a set

of weights in opposition to just picking the universal rate matrix among the instantantaneous

ones turned out to be better in terms of a lower difference as defined in equation (2.19). The

universal rate matrices for the evolution between Cyanobacteria and Firmicutes is displayed in

table 3.2, the one for the evolution between Cyano- and Actinobacteria in table 3.3 and the one

for the evolution between Firmicutes and Actinobacteria in table 3.4.
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Comparing the universal rate matrices While we can takeeachmodel and use it for phy-

logenetic tree reconstruction, the question remains, if it is appropriate to use a single model

for all species that have such a high variaty in DNA composition as the species in this study.

To do so, I compare the three universal rate matrices by taking their elementwise quotients.

As they all are normalized to some common mean rate (namely1), the different equilibrium

frequencies won’t affect this analysis.

Table 3.5 shows the elementwise quotient of the rate matrices from Cyanobacteria–Actinobacteria

alignments and Cyanobacteria–Firmicute alignments. Table 3.6 shows the inverse elementwise

quotient. There are great difference between the two rate matrices. Most remarkable the tran-

sitions between I and D in 3.5, which have a ten to seventy fold higher rate. The transition

between W and C in the same table is four times higher. In the upper left corner are a lot of

entries indicating transitions with two to three times higher rate. Entries with five to seven

times higher rates can be found in table 3.6, too,e.g.V →D, G→I or I →K. Especially the

replacement by aK seems to be favored, as almost the whole column shows a rate 1.5 to 2.5

times larger.

Comparing the instantaneous rates of the Firmicutes–Actinobacteria and the Cyanobacteria–

Firmicutes alignment (tables 3.7 and 3.8) also reveals increased rates. The peaks aren’t as high,

though: the highest ones are ten (G→I) and seven (C→K) times increased rates in table 3.7

and eight (A→R) and seven (K→Y) times increased rates in table 3.8. Table 3.8 also shows

more rates with more than 1.5 times higher rates, especially in replacing by W.

The last pair of comparison, the alignments Cyanobacteria–Actinobacteria and Firmicutes–

Actinobacteria (tables 3.9 and 3.10) contains some very increased rates. In table 3.9 the rates

betweenC andQ are about fifteen times higher and Y→K eight times, while in table 3.10 the

rates betweenI andD show nine and fifty times higher rates. Despite this high peak, higher

rates are sparse in this table compared to the other rate matrix quotients.
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Notes

5These are not the true solutions for the given differential equations. The factors in the

denominators should read(8D − 8.137) instead of(8.137 − 8D), etc. However, in the range

[0, 0.9] under consideration here, the displayed correction functions are still close enough so-

lutions to the given differential functions; their real part differs only slightly more than the

precision of the computing machine (data not shown).



Chapter 4

Discussion

I showed that there are highly different rates of amino acid substitution between Cyanobacteria,

Actinobacteria and Firmicutes, thus a single model of evolution for all species in the tree of life

might not be suitable to get correct results. A further indication is that the amino acids frequen-

cies observed here differ from those of previous studies on other proteins. While Dayhoffet al.

and Joneset al. mostly observed the same frequency for each amino acids (with the greatest

difference being the one of Lysin (K) with0.022) the frequencies observed here differ from

theirs partly greatly. The most remarkable difference is the frequency of Cystein (C) which is

about only a third to a half from their frequency. Furthermore, there are several frequencies

well above0.100 which have not been reported by them,e.g.Leucin (L), especially for the

Cyanobacteria, and Alanin (A) with a peak of0.127 for Actinobacteria. However, these amino

acids are among the most frequent in their analysis, too.

The comparison of the elementwise quotients may suggest higher differences because of

approximation and sampling errors. Especially, the seventy times higher rate for D→I ob-

served in table 3.5 is suspicious and might due to poor sampling of the involved amino. How-

ever, evaluating the count matrices reveals that both D and I are not less represented than other

amino acids, neither in terms of frequency nor in terms of observed changes. Thus, we can
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expect that the order of the rates is close to the real rate.

As noticed above, all phyla contributed approximately equally to the analysis in amounts

of counted amino acids, although each phylum started with highly different number of amino

acids. A reason for this might be that the set of genes on which the analysis is based on is not

only shared between two phyla, but between all three phyla.

The approximation functions and the correction formulas are approximately the same as

used in Veerassamyet al. [29]. Veerassamy also used the swapping in the denominator of the

correction formula, yet without reasoning.

Rate matrices Unfortunately, the rate matrices turn out to have negative entries. Such matri-

ces are calledpseudorate matricesas they fullfill only two of the three necessary mathematical

properties to be a rate matrix of a Markov model: their row sums are zero and their diagonal en-

tries are negative, but their off-diagonal entries are not all positive. In contrast to rate matrices,

pseudo rate matrices may yield negative probabilities for small time periods. Determining a

rate matrix for a given transition matrix is known to the literature as theembeddability problem

(e.g. [9]): Given a stochastic matrixP, does there exist a rate matrixQ such thatP = eQ?

When this is the case,P is said to beembeddable. According to Devauchelle [9], the problem

is solved for small matrices (up to3× 3), but open for arbitrary matrices.

Devauchelle also proofs that there always exists a lower boundτ0 with the property that for

everyτ ≥ τ0 the matrixP(τ) = eQτ has only positive entries. Devauchelle gives a sufficient

condition for this and a monotonically decreasing function ofτ that will eventually reach this

condition. I concluded from his proof, that the lower boundτ0 can be found via the well

known interval search: starting with some valueτi = τ1 one determines ifP(τ1) has negative

entries. If yes, one setsτi+1 := 2τi and repeats with the new valueτi+1. Otherwise one sets

τi+1 := 1/2(τi − τi−1) and repeats, using zero for the first run. As the function ofτ that

reaches the condition is monotonically decreasing, this algorithm converges toτ0.

Using this algorithm, I found approximate values forτ0 for each phylum pair. With the
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Cyano–
Lowgc

Cyano–
Highgc

Lowgc–
Highgc

τ0 33.3% 23.8% 23.8%
D 27.5% 20.8% 20.7%
minD 25.6% 23.6% 21.6%
max D 87.4% 87.6% 87.7%

Table 4.1: Boundaries of the model. The table shows the minimum timeτ0 for which the ac-
cording model yields positive probabilities and the according observed distanceD (as defined
in (2.5)). The rows labeled withminD andmax D display the minimum and maximum ob-
served distance in the according alignment set. Time is measured in expected substitutions per
100 sites.

correction formulas described above, I can give the analogous lower limit for the observed

distance. The values are shown in table 4.1. We see that the minimum observed distance at

which we get positive probabilities lies below the minimum observed distance that was ac-

tually observable in the dataset from which the probabilities were estimated; except for the

Cyanobacteria–Firmicutes pair. Although it might be desirable that the model could make es-

timates below the minimum observed distance present, this boundary is reasonable. The maxi-

mum observed distance in the dataset is probably an upper bound, too, as we can’t expect to get

reliable estimates at this level of divergence. However, if we stay within the given boundaries,

we can expect to get a reasonable approximation for model of amino acid evolution.



Appendix A

Mathematics

A.1 Derivation of P(T )

This section describes how we get from the definition of the continuous Markov process

(1.1) P(T + dT ) = P(T ) + P(T )QdT

to the form

(1.2) P(T ) = eTQ

(1.1) is basically a first order differential equation. Rearrangement leads to

P(T + dT )−P(T )
dT

= P(T )Q(A.1)

Taking the limit fordT → 0 results in getting the derivative on the left hand side:

P′(T ) = P(T )Q(A.2)

This differential equation can be solved using Taylor’s theorem that states that every func-
tion f can be written as

f(x) = f(a) +
∞∑
i=1

f (i)(a)xi

i!
(A.3)

provided the derivativesf (i)(a) (i.e. theith derivative) exist and ifx lies in a certain interval.
We know that there can’t be any change if no time elapses, thusP(0) = I. Continously
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taking the derivative on both sides of (A.2) gives

(A.4)

P′′(T ) =P′(T )Q = P(T )Q2

P′′′(T ) =P′′(T )Q = P(T )Q3

...

P(i)(T ) =P(T )Qi

Using Taylor’s theorem (A.3) witha = 0 and the initial conditionP(0) = I results in

P(T ) = P(0) +
∞∑
i=1

P(i)(0)T i

i!

= I +
∞∑
i=1

P(0)QiT i

i!
using (A.4)

= I +
∞∑
i=1

P(0)(QT )i

i!

which is the definition of the exponential function:

P(T ) = eTQ.

The Taylor series for the exponential function is known to converge for anyT (e.g. [30]).



Appendix B

Distributing tasks on a set of machines

The repeated BLAST searches and multiple reliable alignments that were performed during
the analysis of the data need a lot of computational power. For this purpose, I used a set of
machines at the University of Connecticut and distributed the tasks on them. As the machines
did not implement some protocol for distributing jobs, I wrote the programDistributor
that does this. Distributing tasks on various machines is difficult in general, but in this case,
the tasks did not depend on each other,e.g. the BLAST search for one sequence is independent
from the BLAST search of another sequence.

The Distributor implements a client server architecture: a server knows about a list
of data items that are supposed to be processed by a program and clients on the machines
periodically ask the server for new data items, process them until the server signals that all data
items have been processed.

I implemented theDistributor as a pair of perl modules,Distributor.pm and
Collector.pm . While Distributor.pm contains the functions necessary for the server,
Collector.pm is supposed to be used by the clients to poll the server.

Protocol specification

The communication between client and server follows a simple protocol that is displayed in
table B.1. The client contacts the server sendingHELO, which the server answers withHELO,
too. The client then sends the commandRECVupon which the server send the client one or
more lines that start withDATAand contain the data items. It signals the list of the data items
with DEND. If there no data items left on the server, the server sendsQUIT (maybe instead
of DEND). Instead of theHELOcommand the client can also send the commands displayed in
table B.2. If the server does not understand a command it sendsABRTto the client along with
a human readable reasoning and closes the connection. Sending no command (i.e. an empty
line) is the proper way for the client to make the server closing the connection.
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Client Command Server
Contacts the server for new data
items

⇒ HELO<id>

⇐ HELO<id> Acknowledges the connection
Performs the command for new
data items

⇒ RECV

⇐ DATA<data item> Sends the data to the client.
More than one data item can
be send per connection (see be-
low).

⇐ DEND Signals end of data list and
closes the connection.

Table B.1: Specification of part of the protocol between the client and the server. The com-
mands displayed here are used for the regular case when the client needs more data items to
process.<id> is an identification number that the server assigned to the client and intended
for later use.<data item> is a data item on a single line. The direction in which the commands
are sent is indicated by⇒ (client to server) and⇐ (server to client). They are not part of the
command but only for illustration.

Command Server action
STAT Answers with lines of statistical information. Each line starts with

STAT, the last line saysENDS. The client can proceed with any com-
mand.

DOWN<password> If the password is the one expected by the server (see below), the
server closes the connection and shuts down.

Table B.2: Further commands understood by the server. The statistical output of the server
gives information about the amount of data items delivered so far and is intended to be read by
humans.
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#!/usr/bin/perl -w

use Collector;
my $hostname = ‘hostname‘;
chomp $hostname;
print STDERR "janify.pl on $hostname started. \n";

my ($remote_host, $remote_port) = @ARGV;
$result = wrapper(’$HOME/andreas/research/jan/clustalw2.pl’,

$remote_host, $remote_port);

print STDERR "janify.pl on $hostname: wrapper returned: $result \n";

Figure B.1: Example script that is started by the server as specified in figure B.2. The script
prints a message that it was started. It receives the hostname and port of the server as com-
mand line arguments and tells thewrapper function of theCollector.pm module to use
J. Gogarten’sclustalw2.pl program for the multiple sequence alignments. Thewrapper
function repeatedly calls the program with the the data items given by the server until no data
items are left. It returns a status code indicating success or failure of the process.

Example program

An example perl program that starts the server is displayed in figure B.2. It first initializes
some variables and defines thenextItem function. This function is used by the server to
receive the next data item. The server is started by the functionrunDistribution of the
Distributor.pm module. Its arguments are explained in the caption of the figure and the
description of the modules in the next section.

The corresponding client scriptjanify.pl is displayed in figure B.1. It accepts the
hostname and port of the server on its command line and starts thewrapper function of
the Collector.pm module which is explained in the next section. The wrapper function
repeatedly calls J. Gogarten’sclustalw2.pl program that performs the reliable alignments.
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#!/usr/bin/perl -w

use strict;
use Distributor;

my ($hostname, $hostport) = ("c1n1.math.uconn.edu", 49876);
my @nodes = qw ();
for my $c (1..4) {

for my $n (1..7) {
my $node = "c$ {c}n${n}.math.uconn.edu";
push @nodes, $node, $node; # use both processors

}
}

my @items = <>;
my $alldelivered = 0;
sub nextItem {

my $nextline;
if (!$alldelivered && ($nextline = shift @items)) {

chomp $nextline;
return " \$HOME/andreas/research/$nextline";

} else {
return undef;
$alldelivered = 1;

}
}

runDistribution($hostname, $hostport, "neynex", 1,
\&nextItem, "gogarten", @nodes,
"nice andreas/research/bin/janify.pl");

Figure B.2: Example script that starts the server. This is the script I used to create the reli-
able alignments for each sequence pairs. The@nodes array is loaded with the names of the
machines I used. The script receives data items (that are filenames that contain sequences) on
stdin and loads them into the@nodesarray. The&nextItem function is periodically called
by the server and returns the next file name orundef if there are no file names anymore.
runDistribution is a function exported by theDistributor.pm module. It launches
the server and the clients on the remote machines and takes the following arguments: hostname
and hostport of the server, the password for shutting down the server, the number of data items
to be sent per client connection (i.e. after theRECVcommand), a reference to a function that
returns the next single data item, the username on the remote machines, a array of machine
names and the command to execute on each remote machine.janify.pl is a client script
and is shown in figure B.1. The password is not a real security measure as it is transferred in
plain over the network. It is rather intended to make sure the presumed server is shut down.
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Module descriptions

The server module TheDistributor.pm module implements the server along with the
protocol as described above. It is derived from the perl moduleNet::Server::Single ,
which implements a single threaded server. Using a single threaded server avoids the problems
arising by concurrent execution of thenextItem function or access to global variables, which
otherwise had to be serialized in some or another anyway.

The module first inherits fromNet::Server::Single and defines some global vari-
ables that are used later and the prototype formyfork . myfork takes two references to two
functions and their argument arrays, forks the process and calls each function with its argu-
ments in the parent or the child process, respectively.

#!/usr/bin/perl -w

package Distributor;
require Exporter;

use strict;
use Net::Server::Single;
use Errno qw(EAGAIN);

our @ISA = qw(Net::Server::Single Exporter);
our @EXPORT = qw (runDistribution);
our @EXPORT_OK = qw();
our $VERSION = 0.1;

my $serverHost; # server host name
my $serverPort; # server host port
my $serverPassword; # server host shutdown password
my $dataPerCon; # data items to deliver per request
my $nextData; # function that returns next data string
my $username; # name on every remote machine
my $nodes; # array of nodes that we connect to
my $remoteCommand; # command to launch on remote machine (node)
sub myfork($$);

Next it definesrunDistribution , the interface function for launching the server along
with the clients. It accepts arguments as described above.

sub runDistribution ($$$$$$$) {
($serverHost, $serverPort, $serverPassword,

$dataPerCon , $nextData, $username, $nodes, $remoteCommand) = @_;

The function forks into a process that starts the server

sub server () {
Distributor->run(syslog_ident => "PerlDistributer",

port => $serverPort,
host => $serverHost,
listen => 10,
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group => "nobody",
user => "nobody");

}

and one that calls the client. The server is started by therun function ofNet::Server::
Single . The client process itself forks again several times, giving rise to a series of processes
that connect to the remote machine via ssh and start the specified client script. The stdout and
stderr output of each client is logged into a seperate logfile.

sub clients ($) {
my $pid = shift;

sub ssh ($$$$) {
my $pid = shift;
my ($logfile, $errlogfile, $node) = @_;
my @ssh_command = ( "ssh",

"$username$node",
$remoteCommand,
$serverHost,
$serverPort);

my $logfileMark = "*** " . scalar(localtime) .
": New subprocess started. \n";

open(LOGFILE, ">>$logfile")
or die "Couldn’t open $logfile: $! \n";

open(ERRLOGFILE, ">>$errlogfile")
or die "Couldn’t open $errlogfile: $! \n";

print LOGFILE $logfileMark;
print ERRLOGFILE $logfileMark;
open(STDOUT, ">>&LOGFILE") or die "Couldn’t dup STDOUT: $! \n";
open(STDERR, ">>&ERRLOGFILE")

or die "Couldn’t dup STDERR: $! \n";
exec {"ssh" } @ssh_command

or die "Could not exec ssh: $! \n";
}

sub nothing () { }

for my $node (@$nodes) {
print "Launching on node: $node \n";
my @ssh_args = ($node . ".log",

$node . ".err.log",
$node);

myfork &nothing , @ {[] }, &ssh, @ssh_args;
}

}
myfork &server, @ {[] }, &clients, @ {[] };

} # end of runDistribution

The myfork function forks into two processes, calling the parent function in the parent
process with its arguments and the child function in the child process with its process identifi-
cation number (PID) and its arguments.myfork takes care of errors of the fork system and
that the child does not return to the parent process.
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sub myfork ($$) {
my ($parentSub, $parentArg, $childSub, $childArg) = @_;

FORK: {
local $SIG {CHLD} = "IGNORE";
my $pid=fork;
if ($pid) { # parent

&$parentSub(@$parentArg);
} elsif (defined $pid) { # child

unshift @$childArg, $pid;
&$childSub(@$childArg);
exit; # don’t let child fall back

# into main code
} elsif ($! == EAGAIN) { # recoverable fork error

sleep 5;
redo FORK;

} else {
die "Can’t fork: $! \n";

}
}

}

Clients on various platforms are known to send different end of line indicators. This is
taken care of the helping functionnetChomp that removes the end of line characters used in
the Net.

sub netChomp ($) {
my $ref = shift;
$$ref =˜ s/ \r? \n$//;

}

The core functionprocess request of the server handles the requests of the clients.
It overrides the function of theNet::Server::Single module that handles the client
requests and implements the protocol as specified above. The function is called with stdin and
stdout bound to the socket to the client.

First, process request sets a timer that causes the connection to being closed after
30 seconds. This prevents the system of being halted completely if a client dies during the
transaction of the data items. The actual transaction is evaluated in aneval block whose
return value@ is checked afterwards and an appropriate message is printed.

my $dataDone = 0; # data items delivered so far
my $finished = 0; # next_arg returned undef.
sub process_request {

my $self = shift;
my $timeout = 30; # 30 seconds timeout
my $previous_alarm = alarm($timeout);
eval {

local $SIG {ALRM} = sub { die "Timed Out! \n" };

<BLOCK omitted here, see below.>
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};

alarm($previous_alarm);

if ( $@=˜/timed out/i ) {
print STDOUT "Timed Out. \r \n";
return;

} elsif ($@ =˜ /no input/i) {
print STDOUT "ABRT empty line \r \n";
return;

} elsif ($@ ne "") {
print $nextData, " \r \n";
print STDOUT "Internal error: $@ \r \n";
return;

}
}

The omitted block is described here. Basically, it goes step by step trough the specified
protocol. It reads a line from the client, matches it with one of the next possible commands
and proceeds accordingly. The first command must be eitherHELOfollowed by some arbitrary
number,STATor DOWNfollowed by a password. If it is neither one, the server closes the con-
nection with anABRT message. TheBLOCKlabel is used to repeat the protocol,e.g.after
anSTATcommand, or to exit it prematurely.

my $input;
BLOCK:
{ # block to break out via last;

$input = <STDIN>;
die "No input \n" unless defined $input;
my $clientID;
netChomp \$input;
if ($input =˜ /ˆHELO \s+( \d+)$/i) { # HELO

$clientID = $1;
print "HELO $clientID Go ahead. \r \n";

} elsif ($input =˜ /ˆSTAT$/i) { # STAT
print "STAT $dataDone data items delivered so far. \r \n";
print "STAT All data items delivered. \r \n" if ($finished);
print "ENDS \r \n";
redo BLOCK;

} elsif ($input =˜ /ˆDOWN \s+( \w+)$/) { # DOWN
if ($1 eq $serverPassword) {

print "DOWN Server shutting down. \r \n";
$self->server_close;

} else {
print "ABRT Not a valid command ($input) or intended quit. \r \n";
last BLOCK;

}
} else {

print "ABRT Not a valid command ($input) or intended quit. \r \n";
last BLOCK;
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}

After the preliminaries the next command must be theRECVcommand. The server answers
theRECVcommand by$dataPerCon manyDATAlines, each appended by the result of a call
of the&nextItem function.$dataPerCon and&nextItem were passed as arguments to
runDistribution . TheDATAlines are ended byDENDline. If thenextData indicates
that there are no more data items,QUIT is sent instead.

alarm($timeout);
$input = <STDIN>;
die "No input \n" unless defined $input;
netChomp \$input;
if ($input =˜ /ˆRECV \s*/i) { # RECV

for (1..$dataPerCon) {
if ( my $next_arg = &$nextData() ) { # next DATA

print "DATA $next_arg \r \n";
$dataDone++;
alarm($timeout);

} else { # no more data: QUIT
print STDERR "All data items delivered. \r \n" if (!$finished);
$finished = 1;
print "QUIT All data items delivered. \r \n";
last BLOCK;

}
}
print "DEND \r \n"; # DEND: end of current data set

} else {
print "ABRT Not a valid command ($input) or intended quit. \r \n";
last BLOCK;

}
} # end of block

The client module Although not absolutely necessary, a Perld module for a client will ease
the client’s repeated task of contacting the server and downloading data items from it. I imple-
mented the most often used functions inCollector.pm

The basic function isdoConnect which establishes a connection to the server. It uses the
Perl moduleIO::Socket::INET for this task.doConnect accepts the hostname and port
of the server as its arguments. Optionally, another argument can specify the number of times
doConnect should try to establish the connection until it gives (more or less silently) up.

package Collector;
require Exporter;

our @ISA=qw(Exporter);
our @EXPORT=qw(readData doConnect wrapper);
our $VERSION = 0.1;

use IO::Socket::INET;
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my $verbose = 0; # internal use

sub doConnect {
my ($remote_host, $remote_port, $retries) = @_

or die "Wrong number of arguments to doConnect (@_) \n";
$retries = 0 if (!defined($retries));

my $socket;
while ($retries >=0) {

$socket = IO::Socket::INET->new(PeerAddr => $remote_host,
PeerPort => $remote_port,
Proto => "tcp",
Type => SOCK_STREAM);
last if ($socket);
warn "Could not connect to $remote_host:$remote_port ($!); ←↩

$retries retries left.";
sleep 1;
$retries--;

}
return $socket;

}

Based ondoConnect , readData reads the data items from the server and returns them
as an array. “No data items left” is signalled by returning an undefined array.

sub readData {
my ($remote_host, $remote_port) = @_;
my $socket = doConnect($remote_host, $remote_port)

or die "Cannot connect to server, giving up. \n";

print $socket "HELO 1 \r \n";
my $answer = <$socket>;
my @result;
if ($answer =˜ /ˆHELO 1/) {

print "Got answer ’$answer’ \n" if ($verbose);
print $socket "RECV \r \n";
while (($answer = <$socket>) =˜ /ˆDATA (.*) \r \n/) {

print "Got answer ’$answer’ \n" if ($verbose);
push @result, $1;

}
}
return @result;

}

As the protocol works over regular sockets, the client program doesn’t need not be a Perl
program. Thewrapper allows the usage of arbitrary programs that accept their input from
the command line.wrapper repeatedly callsreadData to get the data items. It then passes
them to an arbitrary program. Depending on how this program will be called and how long it
takes to get started, this approach may add a significant amount of overhead. However, it does
not restrict you from implementing the protocol yourself, which is not a hard one anyway.
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sub wrapper {
my $command = shift

or die "Command missing \n";
my ($remote_host, $remote_port) = @_;
# Usually, "hgt.mcb.uconn.edu" 49876
my @data;
my $atLeastOnce = 0;
while (@data = readData($remote_host, $remote_port)) {

system "$command @data";
$atLeastOnce = 1;

}
return $atLeastOnce;

}

Using the Distributor module I could—as expected—significantly decrease the waiting
time from several days on my single machine to a single day on the set of machines at the
University of Connecticut to which I had access to.

The Distributor is surely improvable,e.g.a desirable feature would be to repeatedly take
notes which data items have been processed already and save this information in case the jobs
are aborted so that it can be resumed later at the last save point. Furthermore, it does not
aid in collecting the results from the nodes. This was not an issue for me, as the machines
I used shared a common file system. For debugging puposes, a more sophisticated approach
can be taken instead of splitting stderr and stdout into two different files and not timestamping
them. There are also a series of minor improvements imaginable,e.g.different usernames
on different machins or balancing the workload depending on the speed and success of each
individual machine. However, these weren’t restrictive issues for my tasks.



Appendix C

Sequence data

C.1 Count matrices

The count matrices that cover the whole range of alignments are displayed in table C.1 for the
phylum pair Cyanobacteria and Firmicutes, table C.2 for the phylum pair Cyano- und Acti-
nobacteria and in table C.3 for the phylum pair Firmicutes and Actinobacteria.

As already mentioned in section 3.2, these are not the count matrices used to estimate the
instantaneous rate matrices, as there is no single count matrix in a sliding window approach.
However, the matrices summarize the observed changes in amino acid sequence between the
phyla.

54
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