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Chapter 1

Abstract

Motivation:

We present a new probabilistic model of evolution of RNA-, DNA-, or protein-like
sequences and a toRbse that implements this model. Guided by an evolutionary
tree, a family of related sequences is created from a common ancegtense

by insertion, deletion and substitution of characters. During this artifalu-
tionary process, the “true” history is logged and the “correct” multiple sequence
alignment is created simultaneously. The model also allows for varyieg ot
mutation within the sequences making it possible to establish so-called®weque
motifs.

Results:

The data created biyose is suitable for the evaluation of methods in multiple se-
guence alignment computation and the prediction of phylogenetic relationships.
It can also be useful when teaching courses in or developing models of sequence
evolution and in the study of evolutionary processes.

Availability:

The softwareRose is available on the Bielefeld Bioinformatics WebServer under
the following URL:

http://bibiserv.TechFak.Uni-Bielefeld.DE/rose/

The sourcecode is available upon request.

Contact:

E-mail: folker@TechFak.Uni-Bielefeld.DE



Chapter 2

Introduction

Itis useful for many reasons to have a family of sequences with well-kneelo-e
tionary history. This kind of data is used in the study of evolutionary processes, in
the evaluation of multiple sequence alignments methods, and in the reconstruction
of phylogenetic trees. Other applications in computational molecular biology may
also benefit from its availability. Unfortunately, nature does not provide “bench-
mark” problems well suited for all these applications since there is no wagto

the exact phylogeny of the sequences involved. Therefore it is common practice to
artificially create sequence data trying to be as close to the real woddssible.

The simulation of evolutionary processes on the molecular sequence level has
along tradition. Starting with the model of Jukes and Cantor [10], several genera
izations and alterations have been presented, e.g. [11, 4, 9, 14]. These models wer
designed for the study of molecular evolution on the sequence level, focusing on
a well-founded statistical basis rather than on producing sequence famigts m
similar to those usually considered in molecular biology. The early modets eve
ignored the well-known fact of insertions and deletioimsigls) during evolution.
Some models [18, 19] consider indels but still have some other restrictions.

To create most realistic sequence families, we have added indels and “se
guence motifs” (patterns in a family of related sequences [20]) to thelkmca
HKY-model [9] which only allows the description of arbitrary-rate subsiiius
in DNA sequences. We also extended the underlying alphabet to cover amino acid
sequences. An evolutionary process is simulated by iterated mutation ofra “c
mon ancestor sequence” following the edges of a given “mutation guide tree”.
This way, the topology of the tree induces the relationship of the sequences. The
mutations are performed by insertion, deletion, and substitution of single charac-
ters or whole subsequences. Figure 2.1 sketches the creation process of a family
of four sequences. In addition to knowing the exact evolutionstance of the
sequences, our approach provides us with their waalkeitionary history and the
true alignment. Therefore, in contrast to biological applications, it is easily pos-
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Figure 2.1: Example of a creation process of four sequences from a common
ancestocgt at . The underlined part denotes a sequence motif with smaller sub-
stitution probability.

sible to verify predictions about alignments and phylogenetic relationships drawn
from the sequences simply by comparing the predicted phylogeny to the tree that
was used in the creation process.

In fact we can go one step further and evaluate the adequacy of mathematical
models such as maximum parsimony or sum-of-pairs multiple alignment. Given
a program that calculates the best solution according to the model on a data set
generated by rose, we may contrast these results to the “true" phylogeny or align-
ment.

The data created by our todlose (random-model of sequence evolution)
has been extensively tested with the/ide-and-Conquer Alignment [17, 16] and
GeneFisher [5, 13] software packages.



Chapter 3

Systems and Methods

For reasons of speed, efficiency and portabRoge was developed under UNIX

using the ANSI C programming language. The software has been tested on var-
ious UNIX platforms e.g. DEC, HP, LINUX-PC, SGI, Sun. The actual program
development was done on a Sun Sparcstation using gcc and Sun SPro C compilers,
as well as bison and lex to build the input parser. The publicly availabléovers

runs on a Sun Enterprise 3000 server.



Chapter 4

Algorithm

4.1 The Model

Our procedure requires the following input:

anAlphabet A
of sizel, e.g. the DNA-alphabsfa, ¢, G, T} or the 20 character amino acid alpha-
bet,

aRoot Sequences or anAverage Sequence Lengtim
(if no root sequence is specified, a random sequence of lengtlh is generated),

Character Frequenciesf = (fi,..., fi)
satisfying>"!_, f; = 1 used for insertions and the creation of the root sequence (if
not specified),

aMutation Guide Tree T or aSequence Distancd,,,

the tree may be supplied with edge lengths (otherwise all edges are assumed to
have uniform length 1), if no tree is entered, a binary mutation guide tree of user
defined average pairwise sequence distaicésee 4.3.1) is created,

aMutation Matrix M
of sizel x [ representing pairwise mutation frequencies used for substitutions,

Insertion andDeletion Probability Functions
representing the probability of an indel event, or p,.;, combined with indel
length functions,,,, and/,.,;, respectively, and

aMutation Probability Vector v
of lengthr. allowing to specify regions of different mutation rate, e.g. to specify
sequence motifs.



Given these parameteRgse generates

aFamily of Sequence$;, ..., s,
containing sequences with average lengtand average pairwise evolutionary
distanced,,,

aMultiple Sequence Alignment A
of the sequences, ..., s,, that is correct with respect to the creation process i.e.
it reflects the “true” evolutionary history Gf , . . ., s,,, and finally

aRelatedness Treer”

showing the phylogenetic relationship of the created sequefi¢ds.the small-

est subtree of' which contains all the nodes corresponding to the generated se-
guences (and possibly some additional inner nodes which can be seen as extinct
ancestors).

An outline of the algorithm is given here:

Rose( A, s,n, f,T,dq.)
begin
if undefined(s)
s := create_root_sequence(A,n, f);
fi
if undefined(T)
T := create_guide_tree(d,,);
fi
T.seq := s; //copy root sequence to root of tree
traverse(T); //recursively mutate sequences along tree
print_sequences(T'); //generate output
print_alignment(T);
print_tree(T');
end

where sub-functiomraverse is implemented as follows:

traverse(T')

foreach subtre€l” of 1" do
T'.seq := evolve(T.seq)
traverse(T")

od

In the following subsections, we take a closer look at the different steps of
Rose.



4.2 The Root Sequence

The implementation of functiofareate_root_sequence is straightforward: If no
pre-given root sequence is specified, each ofitp@sitions in the root sequence
is independently filled by a random process that returns lgftét < : < [) with
probability f;.

Rose works with arbitrary alphabets and any matching list of frequencies. For
amino acid sequences we implemented as default valuemthelized frequen-
cies of the amino acids given in [3], and for nucleotides we use the frequencies
given in [1].

4.3 The Mutation Guide Tree

The general behavior ofcreate_guide_tree is similar to that of
create_root _sequence: If no treeT" is specifiedRose computes a uniform binary
tree witht = 1023 nodes whose edge labels are adjusted such that the average se-
guence distance (i.e. the expected length of a shortest path between two randomly
chosen nodes in the tree) meets the user-defined ¥alusee below). After the
tree is created, either only from the leaves or from the leaves and inner nodes
(chosen by the user), the required number of sequences is selected uniformly. So,
in the latter case it can happen that, at the same time, an inner node sequéénce a
a sequence from the corresponding subtree is chosen.

Obviously it is possible to save space and computation time by pruning the
unnecessary edges in the tree before performing the evolutionary process if not all
of the sequences are contained in the final sequence family.

4.3.1 Adjusting the Edge Lengths

Assume a binary uniform tree of depthwith K = 2**! — 1 nodes and constant
lengthb of every edge (see Figure 4.1). For the moment, letl. Then, the av-
erage sequence distantg is the sum of all pairwise distances in the tree divided
by K(K — 1), the number of pairs of distinct nodes. Consider therefore a node in
level « of the uniform binary tree) < « < k. In the example of Figure 4.1, we
have choser = 2. The corresponding node is indicated by a circle.

In each levet, 0 < i < k — « of the subtree “below” the observed node, there
are2' nodes with distance The sum of distances to all these nodes is

k—k

D, = Y (24

=0

= 2k —1) +2.
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Figure 4.1: Uniform binary tree of depth= 4 with K = 2° — 1 = 31 nodes. For
a node in deptlr = 2 (marked by the circle), those nodes contributingXoand

U, respectively, are shown.

Additionally, there are: nodes “above” the observed node, each being the starting
point of a subtree. Summing the distances to all these nodes gives

AR k—(ﬁ—l) )
Uso = > i+ > 270 (i+7)
=1 7=1
= 2krtl(k — k4 3)
+28 (k + k= 3) + .

Thus, the total sum of distances from a node in level all other nodes is

NH = DH—I_UH
= 2P L oMl 4k —3) + k + 2.

Averaging this value over all pairs of distinct nodes, we obtain
Z:i:O(ZH ) NH)
K(K —1)

4+ k(1 + 2Fk+1) — ok+2
(2k+1 _ 1)(2k+1 _ 2)

d(l’U

2 . 2k+1

which approximates

k . 2k+1 o 2k-|—2

S — 2(k—2)

for sufficiently largek.
Similarly, if all edges have length we get

doy 7 20 (k —2).
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Hence, to obtain sequences of a pre-given relatedness, we simply haws thealt
edge lengtlb:

oy
2(k—2)

For example, to obtain sequences of an average distance: 250 PAM, the
edge length of our default tree witt)23 = 2! — 1 nodes has to be set to
b~ 2(29582) ~ 18.

Note that in the above calculation we assumed that the sequences amxselect
from both the internal nodes and the leaves of the mutation guide tree. In case
sequences are selected only from the leaves, a similar calculatids tedhe
formula

b

d(l’U
2(k—1)

b

4.4 Creation of Child Sequences

We now take a closer look at the implementation of functiesive, the core of
Rose. The following steps are used to create a new “descendant” seqsience
from a given ancestor sequenceg;:

evolve(s,iq)

1. The mutation functiomnutate for the given alphabet is applied to every
position: in s,,:
Snew|t] = mutate(s.4]t], b)
whereb is the length of the branch leading to the new node. The mutation
matrix is selected with respect tas described below.

2. One or more subsequences are deleted frgm taking into account the
deletion probabilityy,;.; and the deletion length functidp,;:

per form_deletions(paer, L)

3. One or more sequences are inserted at arbitrary positions,in

per form_insertions(Pins, lins)

Functionmutate makes use of the mutation probability matiik. An entry
MTi, 7] is interpreted as the probability for théh letter of the alphabetl being
substituted by théth letter. Hence, the sum of each column/idf should be
St MJi,j] = 1forallj = 1,...,1. The diagonal values/[i,:] determine the
degree of stability: For example, a value @ffs,:] = .99 forall: = 1,...,{
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will result in an average mutability of one percent accepted mutations peofunit
branch length.

In case the mutation matriX is the probability matrix of onaccepted amino
acid substitution per hundred sites (1 PAM) given in [3] — which is our default for
proteins — we denote this new unit of measure for the distance of a child sequence
from its ancestor including insertions and deletiond lIBAM* where the param-
eters for insertions and deletions have to be specified additionally.

Evolutionary rates of more than 1 PAMre obtained by applying the creation
procedure repeatedly. As Schoniger and v. Haeseler [14] have shown, the use
of a custom matrix (such as PAM 10) helps to save time when the number of
substitutions exceeds an upper bound. At each step along an edge of the guide tree,
depending on the mutation rate the decision is made either to use precomputed
PAM* matrices repeatedly or to compute a new custom matrix.

4.5 Sequence Motifs

Up to this point, we have assumed a constant rate of mutation over the whole
length of the sequences. This is not very realistic: The mutation rate of genomic
sequences found in nature is not constant for all positions in the genome. Muta-
tions in regions with strong functional and/or structural importance are less ofte
observed than elsewhere.

Therefore we have generalized the funcion/ve: We allow the use of differ-
ent rates of mutation for different regions of the sequence by a veablength
n with valuesv; > 0 which linearly increase/decrease the degree of variability at
position: of the root sequence. A valug = 1 yields exactly the variability given
by the edge length. Values < 1 suppress mutations,(= 0: no mutation) and
higher values; > 1 allow to specify regions of particular high mutation rate, for
example so-calletiot spots. The vector is inherited by child sequences. Indels
are forbidden in regions with, < 1, thus establishing conserved sequence motifs.
Inserted regions have a variability of 1.

4.6 Creation of Indels

It is obvious that the exact mechanism of insertion and deletion is crucial for the
simulation of evolution. Unfortunately there is neither a well established mode
(like HKY for nucleotide substitution) nor consensus as to the number of indels
that corresponds to a certain evolutionary distance. We therefore chose to ac-
comodate a wide range of possibilities with a function that weicsadirted gap
function. The following pseudocode shows the selection and creation of inser-
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tions; deletions are handled analogous:

per form_insertions(Pins, lins)
begin
do 7T.dist times
if random _number_between_zero_and_one() < pi,s
pos = choose_random_position(length(s.q));
len := compute_insertionlength(l;ns);
if v, >=1,Vi € {pos,...,pos + len}
do_insertion(pos,len);

fi

fi
od
end
The starting position for the insertion éhoose_random _position is selected

uniformly among the positions, . . ., length(s.q). To allow a high degree of
varlablllty, Rose accepts any quantlzed length function = 1)), ... 1{%7) with

ins? ) Yins
len

s 1 — 1 Then, lengthen € {1,..., qns } IS Selected with probability,," .
Note that the average sequence length remain;,, = ps; andi;,, = ldel-
Functiondo_insertion finally is similar to the creation of the root sequence;

the characters inserted maintain the initial character distribution.

12



Chapter 5

Implementation

5.1 Input/Output formats
The user input is done via an HTML forms interface, the user can also choose
to feed a file with all the input information intBose using a simple tag value

format. The format and the parameters are further described in our online manual
http://bibiserv.TechFak.Uni-Bielefeld.DE/rose/manual.html.

5.2 Resource Requirements

On a Sun Ultra | 167 MHz CPLRose used the following resources:

protein DNA
#seqs| sec | MB | #seqs| sec | MB
10 | 1.8 | 1.1 10 | 33 | 14
100 | 98 | 1.9 | 100 | 18.6| 3.8
500 | 249| 42| 500 | 495]| 9.6

Here, the created protein sequences have an average length of 250 letters and
an average relatedness of 250 PANhe DNA sequences have an average length
of 1000 letters and an average relatedness of 50.

5.3 Examples

The following examples show some of the features and demonstrate the itgrsatil
of Rose.

13



(a) FSAEAALVSPGKCDDEQVPNKDKCVYHGHKDGKRMNVKTPPTGPLVVGVHQ
YEGANEVGATCEESSYCYVKEQAI QVKESQECT DFARHEVKSFRGVPGKLTEVI PVPL
YGAAHPVGEDP! KLGSLFLNHYESKGHTAAMCLLGWKTELI EPI EVQA
SGVTEPVPNPVPATG KLDKYTREENCL GMCLMGMGPPWTI GEVGE

(b) FSAEAALVSP-------- PNKDKCVYHGHKDGKRVNVKTPPTCGPL VWGVHQ
YEGANEVGATCEESSYCYVKE% KESQECTDFARHEVKSFRGVPCGKLTEV- | PVPL
YGAAHPVGEDP- - - - - - - - LFLNH- - YESKG—FI'AAI\/CLLG\/KTELI EP- | EV(
SGVTEPVPNP- - - - - - - - VPATGE KLDK- - - YTREENCL GVCLMGMGPPMWTI - GEV

(c) FSAEAALVSP-------- GKGDDEQVPNKDKCVYHGHKDGKRVNVKTPPTGPL VWVGVHQ
YEGANEVGATCEESSYCYVKE | QVKESQECTDFARHEVKSFRGVPGKLTE- VI PVPL
YGAAHPVGEDP- - - - - - - - | KL L- - - NHYESKGHTAAMCLL GWKTEL | E- Pl EV
SGVTEPVPNP- - - - - - - - VPATA KL- - - DKYTREENCL GMCL MGMGPPMWT- | GEVA

Figure 5.1: (a) Sample family of random sequences obtained Rasa for n

= 50 andm = 4; (b) “true” alignment of these sequences; (c) a score-optimal
alignment according to PAM 250 substitution matrix and gap funcgi@n = 8

+ 12 computed with the program MSA. While the overall optimal alignment is
correct, the exact location of the gaps does not coincide in all cases.

5.3.1 A Protein Sequence Family

In Figure 5.1 (a), a sample family with = 4 sequences of average length- 50

is shown. This family is created with the default settingsRoge: A uniform
binary mutation guide tree of depth= 9 and uniform edge length= 18 PAM*.

The probability for insertions and deletions is settp, = ps; = 0.3%, and

the insertion and deletion length functions are exponentially decreasing with a
maximal length value of0.

The alignment given in Figure 5.1 (b) is the “true” alignment corresponding to
the creation process of the sequences. Figure 5.1 (c) shows an optimal alignment
according to the PAM 250 substitution matrix [3] (in distance form with value
betweern and24) and gap functiory(/) = 8 + 12/ computed with the program
MSA [12, 8]. While the overall optimal alignment is correct, the exact |lacati
of the gaps does not coincide in all cases. This suboptimality of true alignments
regarding the standard alignment score functions is also shown by the (distance)
scores for both alignments: The “true” alignment has an alignment score of 5184,
while the optimal alignment a has a “better” score 5166.

5.3.2 A Simple DNA Sequence Family with Motif

The use of motifs in sequence families createdRbse is demonstrated in Figure
5.2. The upper part shows the “true” alignment of a family of 5 DNA sequences
which contains a conserved TATAAT motif obtained wiRbse using a mutation

14



@ AGIG----- ACTATAAT- - - CG - - GAGGACAG -
GAAAACCC

AATCTGT- - - AGTATAAT- - - GGTGTGAGGAAAGCC

(b)  AGT- - - - GACTATAAT- - - CGGAGGACAG: -
ATTCTG TCCTATAAT- - - CGGAGAAAAGCC
AGTCTG TACTATAATGT TGGGAGGAAAAGC
AGTCCGITGCTATAAT- - - GGGAGGAAAA
AATCTG TAGTATAATGGTGT GACEAAAGCC

Figure 5.2: DNA example with TATAAT motif: (a) the “true” and (b) an optimal
alignment.

Figure 5.3: Relatedness tree for the sequences shown in Figure 5.4.

vector disallowing mutations within the motif while outside the mutability re
mains normal. Figure 5.2 (b) shows a score-optimal alignment of these sequences
computed with MSA (unit substitution cost with gap functigi) = 2 + /). Itis
considerably shorter than the “true” alignment. The parsimony objective underly-
ing the sum-of-pairs scoring of MSA fails here.

5.3.3 A Protein Sequence Family with Varying Mutation Rate

Finally we present a protein example where we fixed the root sequence and the
mutation guide tree. We also varied the mutability along the sequence.

As root sequence we took the human hemoglobin alpha sequence. The mu-
tation guide tree is shown in Figure 5.3. The true alignment of our “artificial
globins™ is shown in Figure 5.4. The histogram above the alignment shows the
mutation probability along the sequence allowing a higher mutation rate between
thea helices than within.
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1

A- - LSPADKEKAKAGADSVGAHAGEYGAETL FLAYPTTKTYFEEFDL SHGSA
A- - L SPADKENAKASWGRL GAHTGEYGAETLERL FL SYPTTKT YFEQF DL SHGPAKVKGH
V- - LNAAEKAHVRPAWGKVGENNGDYSAGY L%ELSL PTTKDYFPHYDL TRVTAHVKGH

V- - | SAAEKATVRAAWGKVGGHNGDHGAGAL LSLPTTKDYFPHYEL SRVTAHVKGH
VQTLSAAKKTTVRAAWGKVGGHSGEY GDQAL LGLPTTKDYFPQYEL GRGTAQVKGH

%(EAEAL PKVANHVSGL L SALSDI HAHKL PVDPI DFKL MSRCL L VTLGEHL - A
KDAEAL SKAANHL SG L GAL SDL HAHVASVDPVDFKL MSRCL LVTLGEHL - GTFA
GKKGADAL TNRVADADNKCSG SVL SDLHTEKL - - EPVNPNAHTHCLLVTL TAHL PGAFT
GKKGADKL KNRHAEGDADCSAL SVL SDLHTDKL - - EEVAPNAQTHCL L VTL TAHMPGAFT
GKKVADAL TDRVANSKKMCTGL TAL SDLHT QKL RSDPVNPNVOTHCLLVTLPAHLPGAFT

[ —
PATQARL DKFL GSVETPL TGEAL SALFVWN
PAVOQARL DKFVGKVSAVL TGAAVSALFYN

PAVLASL AKFLVSI ATALNA- - - - - - KYD
PAGLASLAKFLVCI ATALNA- - - - - - KYD
PAVLASL EKFLASVSTAGNG - - - - - KYK

Figure 5.4: Family of “globins” created by using human hemoglobin alpha as
root sequence. The mutability vector is shown in form of a histogram above the
alignment.
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Chapter 6

Discussion and Conclusion

The data sets created Rpse are artificial sequence families that contain both
indels andmotifs. The evaluation of multiple sequence alignment tools and phy-
logenetic reconstruction tools is possible with these benchmarks.

Previous models were mainly designed to better understand evolutionary pro-
cesses rather than create nature-like sequence families. While sdassteed
a rigorous probabilistic foundation, they are quite far from a realistic sinaulati
of the biological truth. Even the most sophisticated model [19] including indels
of complete blocks cannot describe overlapping insertions and deletions as two
evolutionary events since fragments cannot vary over time. Our “fragm@ms”
inserted or deleted regions) can vary over time and hence overlap. Our imodel
based on empirically verified parameters. It is aqgtriori clear by which pa-
rameters the most natural results can be obtained and there does not seein to exis
a single set of evolutionary parameters describing the whole variety one finds in
nature. Therefore witRose the user is free to set whatever parameters seem rea-
sonable for the actual purpose.

While we have removed a number of limits that existed so far, there ilire st
some limitations: while we do not assume that the characters of the sequences
evolve independently and with the same rate in the whole family, we have not
yet included a feature that simulates different rates of evolutionary peegsur
different branches of the tree, enabling different lineages to evolve indepgndentl
within our tree. This has been observed by a number of biologists [6, 7, 15, 2].
While we are planning to include this feature in a future relea$®sd and extend
the scope of our model even further, it is important to note that all results have to
regard the adequacy of the chosen evolutionary parameters, and that simulations
can only aid the evaluation of algorithms. What matters in the end is thessucce
onreal biological sequences.

17
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