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1 Introduction

The problem of finding common subtree structures arises in difagent contexts in bioinformatics, such
as the comparison of glycan structures, RNA secondarytstescor simply the comparison of phylogenetic
trees generated by many different methods.

Algorithms for aligning two trees have been reported ind]2,In [1], a probabilistic model was used for
mining subtree patterns in glycans. Algorithms for discoverieguent subtrees in a collection of trees
appeared in [3, 7].

Here we present a new method for finding tree motifs. iGore database of rooted, labeled and unordered
tree structures, our method finds in all (or most a#fie$ common substructures with good matches of the
node labels. The sense of “good match” here is implemewtEmtding to a score function.

2 Method

Our method combines into one single program three previouslytedporethods and ideas: (i) efficient
enumeration of rooted, unordered trees [3]; (ii) tre&chiag [6] and (iii) gibbs sampling similarly as applied
to the multiple sequence alignment problem [5].

We fix one tree topology and match it against the wholebdata If there are many possible matches in a
given database tree, we randomly select one match. Thedenive the common substructure profile, i.e.,
one fixed tree topology with the frequency of label ocewres attached in each node position. In the next
step, we use this profile to score the matches of thd foq@ology against the database. The scores are used
as weights to bias the selection of the next tree mdtamel tree match has high score, so it means it has
high similarity with the tree profile, more likely it e be selected. The profile is then updated with the new
selected match. We repeat the biased sampling andepupfilating steps until stabilization of the profile or a
given number of interactions is reached. We performgthbs sampling procedure for a few times with
different initial random matches and then we move to the mexherated tree (fixed topology).

3 Results

We have implemented a prototype of the system using eatiore of ordered trees, instead of unordered
trees, and we ran it against two types of databafsestificially created tree structures. Each databiase

had 50 nodes and maximum degree of 5.

On the first database type, we guaranteed that attdhe had at least three 100% identical labeled subtrees
with size 5, 8 and 10 nodes. The program could find not twelyet three common subtrees, but also others
100% identical subtrees of size 5, 6, 7, 8 and 9 embedded snlitrees of size 8 and 10. On the second
database type, we guaranteed that all the trees hadsatthree common subtrees with size 5, 8, and 10
nodes and with label identity of 80%, 75% and 60%, respectiVely program could find many common
substructures with significant label identity. The experimemtse performed on a laptop computer,
processor Athlon XP 1.4 GHz, 480 MB RAM, operating syst&imdows XP. The programming language
was the C programming language. In our implementation, wmerated all ordered trees up to 10 nodes



(6917 trees) and we required that the common substructureprgsent in all trees of the database.
In Table 1 we show running times for different databasessRanning times for both database types were
approximately the same. In Figure 1, we show an exampleefotif found by the program.

Table 1: Experiment running times.
Database size (#treeg) n=10 n=20 n=30 n=40 n=50

Running time (min) 6.0 8.6 11.5 14.2 16.2
A T0% A 15%
B 10% B 5%
5% C 80%
ete etc
A 30%
A 0%
= B (0%
Egg‘,:‘” \ C 10%
ete etc

Figure 1: Example of tree motif.

4 Discussions

We have successfully introduced a new method that istalflad common tree substructures, along with
their profiles, in a collection of trees within reasol@gacomputational time. It is important to mention here
that our experiment used enumeration of ordered treawsang identical unordered trees were considered
more than once. Thus the running time is expected to alersignificantly by implementing the
enumeration of unordered trees.
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