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ABSTRACT

Motivation: Modern genomes and their statistical properties reflect
the series of steps by which they evolved. A very simple model for
genome growth has been implemented, compared to other literature
models and properties of bacterial genomes. The model has four
types of nucleotide and adjustable rates of mutation, deletion and
insertion of single bases and triplets, as well as a simple mechanism
for segmental duplication.

Results: The amount of order/structure/correlation within a genomic
sequence has often been attributed to a balance of duplication and
mutations. This model supports this, but we find that many results
are explained equally well by the presence of a bias in the selection
of codons. Other models have built correlations into the generation of
DNA sequences. This appears to be unnecessary when using simple,
but biologically plausible evolutionary mechanisms.

Availability: The source code for the simulations is available from
www.uni.uni-hamburg.de/torda/genome_sim

Contact: torda@zbh.uni-hamburg.de

1 INTRODUCTION

If genomes were random sequences, their statistical grepeould
be predicted from probabilistic arguments. Instead, gexsohave
patterns which may be interpreted in terms of short- or lcangge
correlations, fluctuations, information content or noiseperties
(Chenet al, 2004, 2005a; Cheat al, 2005b; Liet al, 1994, 1995;
Messeret al, 2005a,b; Penet al, 1992; Voss , 1992). The aim of
this work has been to use brute force simulations to showffaete
of some evolutionary mechanisms on the statistical pragsedf
genomic sequences.

The genomes we see today reflect biochemical mechanisms
change (deletions, duplication, mutations), but filtergdsklec-
tion pressures and fixation probabilities. For exampleglsitase
insertions or deletions may occur frequently, but if theysmframe
shifts, their contribution to modern genes will be smallpTét chan-
ges (codons) may occur much less often, but within geneg ntlag
be tolerated and become fixed in a population.

evolutionary pressure. The model should reproduce grasistital
properties, but it does not touch on the underlying bioclsémior
population properties.

or mutated with adjustable probabilities. Single bases natybe
inserted or removed from a region labelled as a gene. Dujaita
occur by copying a segment and inserting it into a separgterrén

the genome.

This approach has as its basis earlier literature simulgtibles-
seret al (2005a,b) employed a binary alphabet (two types of base)
and adjustable rates for single base mutations, inserdindsleleti-
ons as well as duplication of bases. Their model had theastieg
restriction that duplicated bases were placed adjacehetsdurce.
This has obvious implications when assessing results mseaf
short- and long-range correlations. This rather artificgatriction
did, however, allow for an elegant analytical interpretatof their
numerical results.

Several authors have taken a more abstract approach, etiserv
long-range correlations and then built a sequence gemesdiich
incorporates the appropriate probabilities (de Souza artdrfeodo,
1995; Taiet al, 2006). This could be seen as similar to a low-order
Markov model or a sequence with a rapid decay of a memory func-
tion. It could be labelled a model for genome growth. Othergeh
demonstrated that genome-like qualities can be put in eeseguby
Fourier transforming a sequence, manipulating in recglrspace
and back transforming (Buldyreat al, 1995). This has been seen as
the generation of control sequences. Most of this earliekwas
used just two base types as it is adequate for demonstragitgrc
patterns in genomes.

In this work, a very simple model was used, although it had 4
types of base. A set of evolutionary mechanisms was thendcode
Firstly, segments could be labelled as coding or non-codTts
should not be interpreted too literally. It simply meansttsiagle
bfase insertions or deletions were forbidden in regionslletheas
?:oding. Secondly, a possible source of order is brought tabpu
selection pressures at the protein level. Therefore, thdehmould
include a bias in the quasi-random selection of tripletdérs. Since
this is an adjustable parameter, the model could be redocealdu-
lations without this bias. Unlike the statistical modelsyrelations
between adjacent bases were never explicitly created. sz or

In this w_ork, Wetriplet was be inserted without checking its preceding acseding
only model accepted events. We do not separate mechaniems fr

residues. If correlations appear in the final result, theyehmet been
deliberately constructed.

A goal of this work is to compare against real genomes anather
is no limit to the possible measures. For this model, we aeren

One can then define the simulation framework and some limisted in properties related to short or long range orderriinéion or

tations. Our genome is a string of bases with regions labele
genes or non-genes. Single bases or triplets may be insdeteted

*to whom correspondence should be addressed

entropy. We implemented three literature methods. Firatlyhysi-
cist might want to use a simple auto-correlation functiowe. tésted
the method of Messeat al (2006). Next, one is interested in long-
range order, so a method introduced by Pengl (1992) was used

© Oxford University Press 2007.



Algorithm 1 Model algorithm

set up initial sequence

while number of steps maximum number of stepo
choose 1 of the 7 operations with specified probability &ate
execute operation at valid random site

end while

with detrended fluctuation analysis since this should actfau pat-
chiness in sequences (Pegigal, 1994). This treats a genome as a
walk along a purine/pyrimidine “space” and measures theuaic
tions taken by the sequence. In a random sequence, thesetare n
correlated, but if long-range correlations are presergy ten be
recognized by a distinct power law exponent. Finally, weduae
approach with its philosophy based on information theohei@:t

al (2004) defined a fragment or word length (typically 4 to 10 an
then measured a property which could be labelled entropyhanS
non information if these words are considered states of ®Sys  Effective root sequence length, The effective root sequence length
If we use the word entropy, these authors noted that real-genoL,. was calculated according to Chen al (2004) with a correction for
mes seemed to have an amount of “entropy” which scales linear uneven purine/pyrimidine ratio (Che al (2005a)). The sequence was bro-
with genome size and appeared to be a multiple of some minimurken into all overlapping words of length, and the frequencyf, of each

information due to a sequence with a lengih, or minimum root
sequence length. However one labels or interprets the ityaint
is important as it seems to be almost independent of orgartigm
very different between real genomes and simple random seqee

word counted.

b4k (f)?

o2

L (k) = @

L, can be calculated by a simple formula given in Methods (Chen

et al, 2005b; Cheret al, 2005a).

2 METHODS
21 Mode

A genome was represented by a string using the alphabet fifuheaucleo-
tide bases. Each position was labelled as coding or nomgaatd with a
reading direction. Initial sequences were generated bgifypgy the num-
ber of codingn. and non-codingz,,. regions as well as their initial sizes.
Coding or non-coding segments were then added accordingbabpilities
ne/(ne + Nine) OF npe /(e + nne) respectively until the desired number
was reached. For the generation of coding regions and dtripigt inser-
tion or mutation (described below) triplets were chosersgtendomly, but
with biases taken from a vectgk. of codon probabilities with the obvious
normalization that the elements gf sum to 1. Three possibilities were

used. Firstly, all elements @f. could be set equal (unbiased). Secondly, the

probabilities were taken from values fischerichia coli(Nakamuraet al,
1998). Thirdly, an artificial, but plausible set of probéisks was genera-
ted by taking each element gf., replacing it by the element squared and
normalizing so the probabilities again sum to 1. This is mef@& to as the
emphasised. coli bias. This does not model any known distribution, but
serves to show the effects of codon bias.

Given an initial sequence, each simulation followed thelsastic method
of Gillespie (1977). A set of possible moves is described each assigned
a probability. At each simulation step one of the moves issehaaccording
to its probability. In these calculations a move was attemhft each step,
unlike Gillespie’'s method which attempts to reproduce @tioale. Compa-
red to the published method of Gillespie, temporal order praserved, but
not temporal scale.

Seven operations on the sequence were defined:

e I nsertion 1:Insertion of a nucleotide into a non-coding region

e I nsertion 3:Insertion of a codon into a coding region

e Del etion 1:Deletion of a nucleotide from a non-coding region
e Del etion
e Mutation
e Mutation

e Segnment al Dupl i cati on: Duplication of a segment with length
taken from a Gaussian distribution of specified mean andaneei.
Insertion into a coding segment was forbidden. Intact apdegions
in inserted segments remained coding regions. Partiaksagicoding
regions were marked as non-coding.

3: Deletion of a codon from a coding region
1: Mutation of a nucleotide from a non-coding region
3: Mutation of a codon from a coding region

2.2 Statistical Measures

Three measures were used to quantify the statistical prep@f sequences.

wherek is the word length f is the average occurrence of a word with
letters in a sequence; is the standard deviation of word frequencies and
b =1-1/2(-1

Detrended fluctuation analysisDetrended Fluctuation analysis was
proposed as a method to measure long-range power law c¢mmeslan
sequences by Pergg al (1994) and is based on binary (purine/pyrimidine)
statistics.

A walker u indicates the net difference between purine and pyrimaline
in a region of length. The walker starts at positionand walks down the
sequence fot bases. Each time it encounters a purine (A oru@) = 1,
otherwise, when having found a pyrimidingj) is -1.

y(l) is the net displacement of a segment of lerigihd is defined as

l

y(1) = uli).

i=1

@

The entire sequence of lengthis divided into % non-overlapping seg-
ments, each containirngiucleotides. A line of best fit is calculated by linear
regression and labelled the “local trend” within the segm&he detrended
walk y; (i) is the difference between the original walk and the locatdre
The squared detrended fluctuation is then defined as sum afesjof the
detrended walks divided by the sequence length.

N
1 .
Fi) = > n(®)?* ®)
Ni=
To apply the method, one then assumes the sizes of the squaredtions
follow a power law
FE(D) oc 1 @)
where the exponernt can be found from the slope of a double-log plot. For
random sequences, = % but genomic sequences have larger values for
« (Penget al, 1994).

autocorrelation functions The auto-correlation functiot’(r) was cal-
culated following Messeet al (2005a,b). For a genomic sequence of length
L and a sequence distance

[P(a; = a;4rla; =n) — P(a; =n)?] (5)

=y ¥

i ne{A,C,G,T}

where P(a; = n) is the probability to encounter baseat positioni and
P(a; = a4, ) is the probability to find the same base in distandesom i.

Genomic data Bacterial genomes were taken from
http://www.ncbi.nlm.nih.gov/genomes/static/eub.htmi
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Fig. 1. Detrended fluctuation analysis. Bottom line (squares) facendom
sequence, the middle line (crosses) from a simulated sequendescribed
in text and the top line (circles) frof. coli.

3 RESULTS
Initial Simulations

As listed under Methods, the code has seven adjustable lgroba
lities, as well as initial conditions, the number of stepsl dhe
possibility to control the frequencies with which specifizcdons
are introduced. A series of initial simulations were run $taélish
ranges for parameters, whether parameters could be codnhairte
also to test the literature measures of genome propertidsotn
simulated and real genomes.

M easur es of Genome Properties

Root sequence effective lengihy, L, depends on the word size
k and should more correctly be written &s(k). However, as has
been reported, there is no additional information fromedtéght%
values since one can fit data to a fofogio (L. (k)) = ak + b for
some regression constantsand b (Chenet al, 2005b). A single
valuek = 4 was used for all calculations below. This was cho-
sen because it is removes any susceptibility to patternsnofth 3
(codon size) and avoids the problem that when the word siz®is
large, the statistics suffer due to noise (too few obserma)ji

Detrended fluctuation analysisAs originally described, this mea-
sure will reflect long-range order in a sequence (Petng, 1994).
Fluctuations are measured, corrected for a baseline driftthe
exponenty in equation 4 calculated from regression in a double-log
plot. For a random sequence,= 0.5. This was easily confirmed
as shown in Figure 1 (open squares). When long range ordeg-is p
sent, one expects > 0.5. Unfortunately, there is no clear single
slope as shown by the data from the genom& .ofoli in Figure 1
(open circles). Instead, there is a change of slope arouydesa
size 0f10? to 10 as has been previously reported (Buldyetal,
1995). This is also the case with simulated sequences. Tisses
in Figure 1 showx calculated from a run di.5 x 10° steps, segment
length: 10 0007 scgmentiengtn: 1 deletion 3: 0.199, mutation: 0.8,
no triplet insertion and the only growth via segmental degtion.
Both real and simulated genomes always show the behaviaur th
there is an initial slope oft = 0.5 followed by some larger value
usually neara ~ 0.7. Rather than split the curves by hand, the
second slope was obtained automatically and used in theardmp
sons below. First derivative of a curve was calculated nicalty.
This derivative curve can then be split into two parésand b.
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Fig. 2. Auto-correlation functions calculated from the (A) moeéll
sequence and genomic sequences HBjobacterium sp (C) Clostridium
perfringens (D) Mycobacterium tuberculosis H37Rand (E)Pyrococcus
abyssi

Within each part, the standard deviatioms, and o, were calcu-
lated. The splitting point was chosen so as to minimize tha su
oa + o and the reported slopey is from the steeper part of the
curve atlogip = 2.62 or 417 bases.

Auto-correlation A simple autocorrelation function has been pro-

posed as a measure of order in genomes and Figure 2 shows an

analysis of an example simulation (parameters as descfitred
Figure 1 and four genomes using the function as describeddst M
ser et al (2005a,b). Unfortunately, not even a terminal optimist
would attempt to fit a simple decay to these plots. This is mot a
implementation problem. One can see the same results froauith
hors’ web server (Messet al, 2006). With this result, we did not
attempt any more quantitative analysis of autocorreldtioigtions.

Simulation Conditions

The first simulations served only to define the ranges of petars
which were possibly compatible with real genomes. Next,amed
see which parameters had similar effects and could be ignare
combined. Finally, it was necessary to restrict the typemfitation
conditions.




Table 1. Simulation parameter ranges

parameter values Nygives

growth target (bases 10°) 0.2,0.4,0.6,0.8,1.0 5
p(mutation) 0,0.2,0.4,0.6,0.8 5
Xsd 0,0.2,0.4,0.6,0.8,1.0 6
segment length (bases10°) 1,2,3,4,5,6,7,8 8
number stepsx 10°) 0.5,1.0 2
codon distribution equi-disg. coli, emphE. coli 3
Initial sequence length (bases) 320 000

Initial number of coding regions 300

Initial length of coding regions (bases) 1000

Initial Number of non-coding regions 10

Initial length of coding regions (bases) 2000

p(mutation) refers to the probability of a mutation event isirgle step. equi-dist refers
to a flat distribution of codons arfel. colito the emphasised bias dueBaoli.

The first restriction was built into the model as describethim
introduction. Single base pair operations were only allbwet-
side of coding regions. Only triplet operations were alldwéthin
coding regions. After duplication, the duplicated segmeumtld
only be inserted into a non-coding region. After the initahu-
lations, more restrictions were added. The simulationgwely to
be of genome growth rather than steady state. This had arriampo
consequence. Within the parameter ranges tested, sitglepsra-
tions had only a small effect. We then settled on testing durexof
codon operations and duplications. Although the size ofidaied
segments spanned a range fraro 8 x 10°, the standard devia-
tion was set to 1 base pair. The small variation served onavéad
any patterns due to a fixed segment size. All calculationatbegth

Fig. 3. Calculated effective root sequence length, as a function ofy .
Top set of points (open boxes): no bias in codon selectiorddMi (light
grey) boxed pointsE. coli codon bias. Bottom (dark grey) boxed points:
emphasised codon bias. Each box shows 50% of the results. Mafigskers
show the full range of values across all simulations. The¢edoline marks
L, calculated from the bacterial genome set.

Simulation results

Some amount of information will be lost when summarizing 000

of simulations, but it is not difficult to distill the most imptant
trends. Figure 3 shows the effective root sequence lergttas a
function of xs4. The dotted line shows the single value calculated
from the set of bacterial genome®di0(L.) = 3.2 + 0.2 base
pairs) from equation 1 and quotetlone standard deviatiod, for

a random sequence is not shown as it is a quantity which simply
scales with sequence length. The independent variableifighre

is xsd, but the box and whisker representation shows the range due

the same sequence of 320 000 bases which was generated ffom 3@ all the parameters. The median is marked at the centreabf ea
coding regions each of 1 000 bases and 10 non-coding regfons data set. The box spans 50% of the results and the whiskens sho

2 000 bases length.

the full range of values achieved by the parameters rangasoam

The set of parameters was reduced by taking advantage @& thosn Table 1.

which were important, but correlated. Immediately, it wesacthat
if one is concentrating on genome growth, the dominant EseEse
are triplet insertion and segmental duplication. A strategs adop-
ted to make the number of simulations tractable while mappint
the most important effects of the parameters. Each sinonldtad
a target amount of growth ranging from 0.21toc 10° extra bases.
Each sequence then was given a number of steps (0.5<«r0°) to
reach this target and a ratio of growth to deletion move fiities
calculated. The contribution of segmental duplication Vedelled

The information can be summarized. The top series of podtits (

codons equally likely) do not come near the biological valoet

as the rate of segmental duplication increases (right ofdigu.,
moves in the direction of the biological value (down). Thieef of

a small E. Coli) bias in codon selection is shown by the grey boxes.
Even with no segmental duplication (leftl,. is not far from the
biological value. Adding segmental duplication increateseffec-
tive root sequence length. Finally, using the emphasisddrcbias
(bottom points in dark grey) provides too small a value for but

Xsd, SO if xsa = 0, then there would be no segmental duplication. If this reaches the biological value when segmental dupticaticrea-
xsd = 1, there would be no insertion of bases. The probabilities ofses. The plots should be interpreted with some care as thegalty

insertion and segmental duplication were scaled to acdoutiteir
different sizes. For example,fsa = 0.5 the contribution to growth
should be equal from the different mechanisms. If the segsiea
was 30 000, the probability of segmental duplication everdald
be10* times less likely than codon insertion.

Finally, all simulations were run with either an even codao-p
bability, probabilities taken fronk. coli statistics (Nakamurat al,
1998) or the emphasised probabilities as described abdns.ldd
to a total of 7 200 calculations as listed in Table 1.

cross sections through the possible results. The whiskens the
full range of results seen by varying all parameters. Fongpta, it
is tempting to say that with an emphasised codon bias, tHeddio
cal values are reproduced by very frequent segmental ditiolics
(xsa = 1). Looking at the other points shows that it is possible to
reach the observed. in the range.4 < xsq < 1.

Figure 4 shows how the balance of the two growth mechanisms
affectsa, the exponent in the power law. The lower dashed line
showsa = 0.5, the value seen in a random sequence whereas the
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range correlations. In the Figure 4, the exponent increasebe
relative rate of segmental duplication increases (righidhside of
plot). This may not be surprising, since copying pieces @taience
into a different location copies all the properties of tharse string
and will look like long range order.

: ‘ . The effect of codon bias is perhaps more interesting beciause
: : is dramatic, but less well studied. Changing from unbiasstbos

0.75
I

0.70

to a distribution fromE. coli and then to an emphasised distribu-
tion in Figure 3 moves the bars up in a similar manner to chrangi

0.60
L

i

2 pmm % the relative rgte of o!upli.cations.. The effect on thg powwéetpp-
. | %% 7 nenta (equation 4) in Figure 4 is equally dramatic. Codon bias, at
s — LIt = - least as implemented here, seems to be as important as gagmen
g | - L - & = duplication.
. 02 o4 os o8 . The raises the question as to whether the bias in codon selec-
Yoo tion leads to some bias in the genome. The answer is that the

genome composition will always be less biased than the selec
tion of codons. One inserts codons with a certain frequency,
but the single base mutations dilute this. This can be cosfirm

by sampling the final strings. With no bias, the composition

Fig. 4. Calculatedx as a function of 4. Bottom set of points (open boxes):
no bias in codon selection. Middle (light grey) boxed pairtis coli codon

bias. Top (dark grey) boxed points: emphasised codon bah Box shows . . S
50% of the results range. Whiskers show the full range ofeskcross all {[Al, [C], [G], [T] } is {0.25, 0.25, 0.25, 0.35 With E. coli bias,

simulations. Random sequences (dashed line) show a poweokificient one seeg(0.26, 0.24, 0.26, 0.35and with emphasised bias, one

of & = 0.5. The dotted line marka calculated from the bacterial genome typically sees{0.27, 0.22, 0.27, 0.24 The exact values vary from
set. run to run, but the final base composition did not vary by mbeant

+ 0.01.

The results can be compared with other simulations that were
upper line near = 0.73 shows the value calculated from bacte- intended to model biological mechanisms. Local duplicatizas
rial genomes and similar to the literature value (Pehgl, 1994).  one of the core elements of the model of Messeral (2005a;
The only calculations to come near the experimental valadram  2005b). There, copied bases were inserted next to theicsothis
simulations with an emphasised codon bias (dark grey boxes) ~ had the advantage that the model lent itself to an elegamytarza

The effect of the other parameters was crudely checked usingnalysis as well as numerical simulation. It also fit welllte tnea-
Kendall's rank correlation coefficient, but none are as obsly ~ sure of order used by the authors. Adjacent regions of segqueitl
important as the codon bias or mechanism of genome growtiat Wh be highly correlated and this correlation will decay duehi dther
constitutes sensible parameters is also a rather arbitiesision. ~ Processes acting on the sequence. Since their model haceob sp
It is also clear that it is possible to generate almost anyuaof ~ fic triplet (codon) operations it yielded a smooth auto-etation
order or disorder by manipulating the parameters. For el@mope  decay function. They also noted that qualitatively simidahaviour
could simply use single base pair insertion and effectigelyerate ~ would be seen if whole segments were duplicated (Meste,

random sequences. Hopefully the parameter ranges in Tafarl. ~ 2005a,b). In this work, duplicated segments could be plarsd
more than a reasonable range. where and changes within coding regions were dominatedyidgttr

mechanisms. This means that one will not see a simple deahy an
the auto-correlation function is not a good measure. Thialsh
4 DISCUSSION of the reason for the tremendous noise seen in Figure 2. Onklwo
A simple model cannot faithfully reproduce the propertiéseal certainly not want to change this part of the model as it isoperty
sequences, but it should reproduce the trends associatie@adh  seen in real bacterial genomes (Figure 2 B).
evolutionary mechanism. We concentrate on the segmengdi-du  The expansion-modification system is very similar in terfithe
cation and codon bias, since these affect the results in athey proposed mechanisms (Li, W. , 1991). The may be a bit unexpec-
lends itself to comparison with other groups’ simulatiofgure 3  ted since unlike Messeat al (2005a; 2005b), the results have been
shows the clear effect segmental duplication has on theteféeroot  interpreted in terms of / f noise which one would see as a longer
sequence lengthi(.). Because this measure is apparently almostrange property (Let al, 1994, 1995).
universal to genomes, this is one quantity that a simulathwuld The simulations of Hsielet al 2003 concentrated on segmen-
be able to reproduce. Using an emphasiBedoli codon bias, one tal duplication and found it essential for reproducing asceeble
needs a substantial amount of segmental duplications twagp  effective root sequence lengith . Obviously, our results do not con-
the experimental value. The trends are in agreement withique  tradict this. We would however claim that if one is going tteipret
work, where an even simpler model was used to suggest that se@atterns in genomic sequences in terms of physical meahaname
mental duplication alone could be responsible for this priypin cannot ignore a bias in the way codons are introduced. Beames
genomes (Hsiehkt al, 2003; Cheret al, 2005b) is changing three bases at a time, this mechanism will nbtear
Varying the rate of segmental duplication also changestiaep  ventional auto-correlation analysis as used by others ¢btes al,
law exponentg, as shown in Figure 4. The plot can be interpreted 2005a,b), but nor do real genomes (Figure 2).
following Penget al (1992; 1994). In a random sequence, one would  One should look at the results and possible parameters reaee g
would seex =~ 1/2. Larger values for are characteristic of longer rally. Figures 3 and 4 show a range of results in terms of desyt




but the spread of results does not come from statisticat.&rhis is ~ most workers are looking at some property related to ordag-w

too small to show on these plots. The range represents thesval ther it be fluctuations, long or short range correlations oomcept

seen by varying the other parameters as shown in Table 1. Thisom information theory. From the results here, naivelylging

means that the parameters such as mean segment lengthfatso af a physics-based measure does not always give meaningtuisres

the results. Varying even more parameters such as the rfatiegte An auto-correlation function applied to a real genome issti®us

site mutations, deletions or insertions had similar efféesults not  (Figure 2) and the results of detrended fluctuation anatysibio-

shown). This means that one is dealing with a large set ahdibt logical data do not yield a simple single slope (Buldymval,

non-orthogonal variables. A change in one may be compethate  1995).

a change in another. It may be that the most interesting result here is to numkyica
The best way to reconcile the mechanisms is to begin with theshow how different processes lead to similar results andutp s

simpler models such as expansion-randomization (Meste, gest that many literature models are essentially comple&anehe

2005a,b) or expansion-modification (Li, W., 1991). The egdans  implication is that if one wants to speculate further abdat éxact

(through duplication) increase local correlation while ttando-  mechanisms which led to more modern genomes, one may have to

mizing mechanisms dilute this and lead to a smooth decayeMor find more discriminative statistical properties.

generally, one could talk in terms of a source of order andéssin

which remove it. Depending on one’s model, the source may be

segmental duplication (Hsigdt al, 2003), local duplication (Li, W. , ACKNOWLEDGEMENTS
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