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ABSTRACT Proteins are essential agents for controlling, effecting and modulating cellular functions, and proteins with
similar sequences have diverged from a common ancestral gene, and have similar structures and functions. Function
prediction of unknown proteins remains one of the most challenging problems in bioinformatics. Recently, various
computational approaches have been developed for identification of short sequences that are conserved within a family
of closely related protein sequence. Protein function is often correlated with highly conserved motifs. Motif is the
smallest unit of protein structure and function, and intends to make core part among protein structural and functional
components. Therefore, prediction methods using data mining or machine learning have been developed.

In this paper, we describe an approach for protein function prediction of motif-based models using data mining. Our
work consists of three phrases. We make training and test data set and construct classifier using a training set. Also,
through experiments, we evaluate our classifier with other classifiers in point of the accuracy of resulting classification.

KEY WORDS: Motif, Protein Fuhction, Classification, Data Mining

1. INTRODUCTION

A motif is a region or portion of a protein sequence that
has a specific structure and is functionally
significant. Therefore, these motifs are the smallest unit
executing the role of protein structure and
function. Motifs come out as following features. First,
they intend to make core part among protein structural
and functional components. Second, they are not capable
of independent folding and stability. Third, they are high
conserved region in remotely related protein sequences.
Finally, they consist of 10~20 residues.

Currently, motif composition is often used to assign
putative functions to novel protein sequences based on the
known functions of other proteins that share one or more
motifs with the novel protein. Many motif databases have
been developed. These databases have the use of
predicting function and structure of novel apparent
protein using relationship between sequence and 3D
structure[David, 2001, Attwood 1998; Philipp, 1996].
Existing motif databases such as InterPro[ Apweiler, 2001],
ProDom[Florence, 2000], BLOCKS[David, 2001],
PROSITE[Laurent, 2002], PRINTS[Attwood 1998] and
Pfam[Alex, 2002] created the use of each different
methods.

Several automated tools for generating a set of motifs
that capture conserved sequence regularities among a
given set of sequences are available. These tools divided
into tow broad classes. The first class of methods relies
on local and multiple sequence alignment to extract
conserved patterns among set of related sequences. A
second class of methods uses a combinational approach to
build a dictionary of motifs from a given set of sequences
without making any assumptions about the functional
family memberships of sequences in question[Xiangyun,
2003, Rigoutsos, 1999]. These pattern discovery methods

were introduced to alleviate the problems associated with
multiple sequence alignment and algorithms have been
steadily appearing in the [Rigoutsos, 1998; Suyama,1995;
Wang, 1994; Isidore, 2000].

Essentially, these algorithms seek to determine one or
more patterns that represented one or more blocks of
related sequences. In some cases, these algorithms are
used to compute the cardinality and the boundaries of
conserved  blocks  within groups of related
sequences[Henikoff, 1994], build profiles, build HMM
[Alex, 2002], or generated regular expression[Laurent,
2002]. The latter are especially useful for extracting
sequence regularities among divergent families. Motifs
or sequence patterns distil information from groups of
related sequences to facilitate detection of weaker
sequence similarities. Therefore, pattern based searches
are often more sensitive and selective than sequence
database search.

In this paper, we describe an approach for protein
function prediction of motif-based models using data
mining. Our work consists of three phrases. Firstly, we
make training and test data set through motif information
analysis. A ftraining set of motif information with known
functions is used automatically construct classifier. Also,
we use attribute-based representation because the choice
of attributes plays a critical role in the data mining
process. Secondly, we generate classifier for function
prediction. Lastly, through experiments, evaluate our
classifier with other classifiers in point of the accuracy of
resulting classification.
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2. RELATED WORKS

Until recently, many of mining techniques based on
sequence and structure motifs have been developed. The
techniques for pattern discovery based on motifs are as
following.

X. Wang et al.[Xiangyun, 2003] suggested a fully
automated approach for protein function
classification. This method presented a data-driven
approach to discovery of rules for assigning protein
sequences to functional families on the basis of the
presence or absence of specific motifs or combinations of
motif. [Giri, 2002] proposed an approach to the problem
of automatic motif detection. This approach used
methods from Data Mining and Knowledge Discovery to
design an algorithm that displays increased sensitivity as
compared to existing algorithms, while maintaining good
accuracy and also providing additional information about
a given protein sequence. Unlike other approaches, this
algorithm is not based on statistical methods.

[Bill, 2003] suggested several important time series data
mining problem for finding motifs. This approach
generalized the definition of time series motifs to allow
for don't care subsections, and introduced a novel time
and space efficient algorithm to discover motifs. In the
[Horng, 2002], the aim is to find the motif correlation in
protein sequences. This approach developed a tool to
find the correlation about the domain sharing in proteins
so as to provide some information for protein or function
genomics. The implementation of the tool uses the
Apriori mining algorithm to mine the association of
functional domain sharing in the protein structures.

The counts of subgraphs in different proteins are then
used as input variables for a binary classification task to
distinguish between two protein families in the
SCOP. The support vector machine approach is used to
construct the classifier. This approach suggested that
frequent subgraph mining used to identify packing motifs
that are highly specific to individual protein families
providing opportunities for rapid and automated protein
annotation.

Finding recurring residue packing patterns or
structural motifs that characterized protein structural
families is an important problem in bioinformatics. Many
of motif comparison and detection methods use features
extracted from the structure motifs. The feature
description consists of geometry, topology and
properties[Ingvar, 2000]. Geometry features contain
coordinates or relative positions of atoms, residues and
fragments, and topology feature contains the elements'
order along the backbone. Also, propetties features
contain physico-chemical properties of the elements (e.g.,
residues). The research of protein structure patterns have
developed  various  comparison  methods  for
prediction.  This methods such as MUSTA
method[Leibowitz, 2001], SPratt and Spratt2 method[Inge,
2002; Inge, 1999] and Trilogy method|[Bradley, 2002].
Specific contents about these methods presented in [Ingvar,
2000].

Though many methods about protein function
prediction have been developed. This work progresses
toward the development of more exact prediction so far.
So, our purpose develops good prediction method of
protein function using ADTree classifier.

In the next section, we describe general data mining
approach for protein function classification and
Alternating Decision Trees. In the section 4, we explain
preprocessing and experimental results. Finally, we
describe conclusion.

3. OUR CLASSIFICASTION METHOD

In this section we introduce the overview of our experiment
design, the algorithm used to classify and the data set.

3.1 Data mining approach

Figure 1 show our data mining approach to predict
protein function based on motif feature. Generally, we
think that two step are important. There step is to make
good data set and to design good algorithm for superior
prediction.

Figure 1. Data mining approach to protein function
classification.

3.2 Alternating Decision Trees

For protein function prediction, we use ADTrees
algorithm for generating classifier. ADTrees are similar to
option trees first described by Buntine and further
developed by Kohavi et. Al. Option trees were shown to
proide significant improvements in classification error
compared to single decision trees. A formal definition of
alternating trees as weighted votes of simple rules is as
following:

(1) A base condition is a boolean predicate over

instances. We use A to denote conjunction (AND),

— to denote negation (NOT) and T to denote the

constant predicate that is always true. We use C to

denote a set of base conditions.

(2) A precondition is a conjunction of base

conditions and negations of base conditions.

(3) A base rule r is a mapping from instances to real

numbers which is defined in terms of a precondition
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C1, a base condition ¢,, and two real numbers a and
b. The base rule maps each instance to a prediction
that is definedtobe a if ¢; A ¢y, bif ¢; A —¢c, and
0if —c;.

{4) An alternating decision tree is a mapping from
instances to real numbers which is defined in terms
of a set of base rules. The set of base rules must obey
the two following two conditions:

(D The set must include a base rule for which both
the condition and the pre-condition are T. The a
value of this rule is the prediction associated with the
root of the tree.

@ A base rule r with precondition d can be in the
set only if the set includes a rule r with
precondition ¢; and condition ¢, such thatd = ¢; A
cyord=c; N —c,. d corresponds to the prediction
node that is the direct parent of r.

4. EXPERIMATS AND RESULTS
4.1 Preprocessing

For prediction of protein function and localization, We
use data set supported by KDD
2001 (hitp://www.cs.wisc.edu/~dpage/kddcup2001/).
Because the data set include some problem such as values
out of domain, so we modify and reduce the data set for
preprocessing step. In preprocessing step, we need
discretization because of transforming attributes into a
suitable form and increasing the speed of algorithms. We
used an approach of discretization. The specific data
contents such as attributes, percentage of missing values
and number of distinct labels are shown in Table 1.

Table 1. Features according to each attribute

performance of ADTree algorithm. Table 2 represents
detail experimental result of ADTree algorithm. The
result of comparison among four algorithms is shown
Figure 3. As can be seen from table, the accuracy of
ADTree performed better than those of C4.5 decision tree,
LMT and NBTree.

Table 2. Detailed accuracy by class using ADTrees

algorithm
Class TP FP Precision | Recall | F-measure
Cellgrowth [ 0.758 10.214| 0.816 0.758 0.786
cell division
and dna
synthesis
Transcription | 0.786 | 0.242 ] 0.722 0.786 0.752

Essential | Comple | phenoty | localizatio | class
X pe n

Percentage of 0% 31% 17% 0% 0%
missing
values
Number of 3 27 11 10 2
distinct labels
Our experimental configuration is Windows XP

Professional, Pentium® 4 CPU 2,80GHz, 1.50GB RAM.

4.2 Experimental Evaluation

We compare ADTree[Yoav, 1999] with C4.5 decision tree,
LMT(logistic model tree)[Niels, 2003] and NBTree[Ron,
1996]. We tested all algorithms by 10 fold cross-
validation. In the experiments, the parameter setting of
the four algorithms is as follows. NBTree and LMT
parameters are defauit values. Confidence factor in C4.5
decision tree parameter fix on 0.1, and other parameter
remain default. Boosting iteration parameter in ADTree
fix on 18, and other parameter remain default. We used
TP, FP, Precision, Recall and F-Measure to evaluate the

Accuracy

ADTree C45 LMT

NBTree
Tree algorithms

Figure 2. Classification accuracy through comparing algorithms

4.3 Classification accuracy through number of
boosting iteration

The number of boosting iterations needs to be manually
tuned to suit the dataset. The figure 4 presents the number of
boosting iterations and classification accuracy through
increasing two by two.

775

4 16

18 20 22 24 26 28 30 32 34 36

Number of boosting iterations

Figure 1. Classification accuracy as a result of number of
boosting iterations.

5. CONCLUSION

This paper proposes a framework of classification using
ADTrees algorithm for protein function prediction based
on motifs. Our framework not only gives a way to
construct classifiers, but also helps to solve a problem of
protein function prediction.

-814 -



In our future work, we will focus on building more
accurate classifiers by using distinguished techniques, and
will perform motif finding by using superior sequential
pattern mining techniques
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