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Abstract

Databases are a key technology for molecular biology
which is a very data intensive discipline. Since molec-
ular biological databases are rather heterogeneous, uni-
fication and data integration is mandatory to make
use of the huge amount of available information. Cur-
rently, the most promising approach for integration is
the use of ontologies. Since mapping biological entities
into ontologies is usually achieved manually or semi-
automatically, a system for automatic classification of
biological entities into ontologies saves time and effort.
Therefore, we present a support vector machine based
approach that automatically classifies biological enti-
ties into a given ontology. To solve this difficult task,
our method copes with the following aspects. Biolog-
ical entities might belong to more than one class or
may be placed in classes on varying abstraction levels.
An object may be described by several representations.
Thus, the classifier has to be enabled to draw informa-
tion from all of them, but must consider the possibility
that some objects are described incompletely. There-
fore, our method introduces the technique of object-
adjusted weighting which regulates the impact of each
representation dynamically for each object. To signifi-
cantly improve the time performance of the classifier we
exploit the inheritance relations of the given ontology.
Our experimental evaluation on protein data and sev-
eral parts of an established molecular biological ontol-
ogy shows that our prototype offers impressive accuracy
and is efficient enough to cope with the large number of
classes encountered in real world problems.
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1 Introduction

In recent years, the amount of publicly available biolog-
ical information has increased dramatically. As a conse-
quence, many databases have emerged, offering diverse
information on all kinds of biological entities such as
proteins, nucleotides, pathways, etc. Though most of
these information sources are accessible via the web,
the use of the information is strongly limited due to the
heterogeneity of data formats, data models, and access
facilities between these sources [3].

Currently, the most promising approach for over-
coming these problems is the use of ontologies and tax-
onomies for data integration. Several ontologies have
been developed for molecular biology but only a small
fraction of them is widely accepted. One of the most
popular ontologies in molecular biology is Gene Ontol-
ogy (GO) [4] which models the function of genes and
gene products (e.g. proteins). Most of the major pro-
tein databases (such as SWISS-PROT [2]) provide a
mapping of their entries to GO. However, not all of
the entries are already mapped and biologists all over
the world produce new entries every day. To obtain
a mapping of a so-far unlinked protein database entity
into GO, usually some information about the biological
function of the protein, representing this entry, has to
be explored. Since this usually has to be done manu-
ally throughout a series of biological experiments and
tests, it is a very time consuming and costly task. It
would be of great benefit, if the mapping could be done
automatically by computer-supported prediction of the
biological function out of the raw data stored in the ma-
jor protein databases (e.g. the amino acid sequence of















able. Note that though the missing representations can
be processed, the quality of the prediction is still likely
to suffer depending on the significance of the remaining
descriptions.

Our general combination function has the following
form:

comb : 2V — V, where
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and V is the feature space of voting vectors for N
base classes and f is a normalized function to combine
the components of the m input vectors, where 1 < m <
n and m is the number of representations. Common
choices for f are the minimum, the product, the sum
and the maximum, where the sum and the product have
to be normalized by m. [9] offers a survey which of
those 4 strategies is suited best for which kind of object.
Furthermore, [9] introduces the idea of employing an
additional learner to improve predictions. This idea
is kept up by our second classifier as long as it does
not collide with the requirement of handling objects
with missing representations. As a result, we loose
the possibility to consider correlations between votes for
different classes drawn from different representations.

Since the results achieved by employing the meth-
ods described in [9] were not capable to improve accu-
racy, we introduce a weighted strategy to achieve much
better results. The main problem of the basic strategies
is that each data source always has the same impact
on the result. To model the influence of different data
sources, we introduce weight factors for each represen-
tation j and each object 0. These weight factors should
reflect the following aspect: how confident is a special-
ized classifier F ; about the voting vector it produced
for a special feature vector r;. Our rule for calculating
the components of the general voting vector is:
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where w,; is a weight describing the confidence of
the prediction derived from F ; for r; and Fy ;(r;), is
the i-th component of the voting vector derived from
the j-th data source. Note that we choose the sum-
function as base combination strategy, since all data
sources should contribute to the result.

To derive meaningful weights, we use an established
method for deriving confidence values for binary SVMs.
This method calculates the distance of the feature
vector to the separating hyperplane. The idea is that

the closer the feature vector is, the less confident is the
prediction. This is based on the characteristic of SVMs
that objects which are difficult to decide are placed in
the surrounding of the hyperplane. To derive confidence
values and to model that after a certain distance to
the separating hyperplane the decision is considered
as secure, a sigmoid function is usually applied to the
distance. Furthermore, the closer surrounding of the
hyperplane is treated in a more sensitive way. Thus the
confidence conf of a SVM svm is given by:
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for object o, sumdist(o) the distance of o to the

separating hyperplane of sum and « a parameter for
regulating the sensitivity.

Since our systems employ multi-class SVMs that
usually employ more than just one binary SVM, the
process of deriving a proper weight has to consider
several distances. Therefore, we determine the class
having the maximum vote in the voting vector derived
from one data source. For this class, we determine the
minimum confidence value belonging to the SVMs that
characterize the predicted class (cf. Figure 2).

Let Fy ; be the multi-class SVM treating the repre-
sentation j. Then F1 ; is built from the following matrix
of binary SVMs:
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Note that this matrix of SVMs is symmetric, since
the classifier distinguishing ¢ from j is the same as the
one distinguishing j from ¢. Then we determine the
weight in the following way:
min
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where v; is the voting vector derived by F} ; for r;
and maxdim(v;) is the class in v; having the maximum
number of votes.

The idea is that the class having the maximum
count is most likely part of the prediction. If the
feature vector is predicted with a high confidence value,
it needs to have a sufficient distance from any of the
other classes. Afterwards the weights are normalized
and used in comb as described above. Thus, classifiers
offering highly reliable results have significantly more
impact on the resulting voting vector. Since the weights
are calculated for every single instance to be classified,
our combination function adjusts to the current object
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