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Abstract

In this early part of the post-genomic era, the inference
of the functions associated with gene products is a neces-
sary first step in understanding the devel opment and main-
tenance of living cells. We describe the development of a
machine learning method for predicting biological process
as defined by the Gene Ontology (GO). The algorithm uses
features that can be generated from amino acid sequence
alone, and does not require further experimental studies
such as microarrays, 2-hybrid screens or systematic ' pull-
down’ assays. The budding yeast Saccharomyces cerevisiae
is used because of its comprehensive set of functional an-
notations, but the approach is sufficiently general for ap-
plication to other eukaryote genomes. The input data in-
clude phylogenetic profiles, which represent the distribution
of orthologous proteinsin the genomes of other organisms,
position-specific scoring matrices, and secondary structure
and dynamic disorder predictions. These are encoded us-
ing diffusion kernels, which are used to represent pair-wise
relationships such as sequence or secondary structure ele-
ment similarity between nodes (proteins) in a graph. These
kernels are benchmarked on the process prediction problem
using a maximal margin (SVYM) learning algorithm.

1. Introduction

The explosive growth in the quantity of sequence
data that has occurred in the previous decade has pro-
vided the stimulus for automatic techniques that can be
used to annotate the structure and function of biologi-
cal macromolecules. While stuctural genomics projects
have succeeded in mapping much of fold space, our knowl-
edge of the complex processes that co-ordinate the de-
velopment and maintenance of living cells is far from
complete. The obvious first step in improving this under-

standing is to annotate simple functional properties of pro-
teins such as their subcellular locale, their interactions with
ligands and other proteins, and there involvement in a par-
ticular biochemical pathway.

The various available data sources are each useful for
inferring different aspects of protein function. This work
focusses on predicting the biological process category of
the Gene Ontology [2] for proteins in Saccharomyces cere-
visiae, and relies on several related data sources that can be
recovered directly from amino acid sequence. These sources
make use of modular properties of metabolic pathways at
the genome level and functional domains at the level of sin-
gle proteins.

2. Data

The data comprises the January 2004 set of yeast se-
quences and annotations from the Saccharomyces Genome
Database [1].

Phylogenetic profiles were generated by running a PSI-
BLAST search for each yeast protein against a database
of 92 complete genomes which was filtered to remove low
complexity and transmembrane regions. Each feature in the
profile is proportional to the log expectation value of the
nearest homologue recovered from each genome.

Secondary structure predictions were obtained us-
ing PSIPRED [3] and used to generate a matrix of pair-wise
structural similarity relationships using a global align-
ment of predicted secondary structure elements [5]. A ma-
trix of sequence similarity relationships was obtained using
gapped BLAST.

3. Algorithms

The terms in the biological process ontology that de-
scribed more than 50 yeast proteins were used as classes
in each comparison. A standard 2-norm soft margin SVM
classifier was used to discriminate between proteins in each
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process class and all other proteins apart from those anno-
tated with ‘process unknown’. Assymetric costs for breach-
ing the margin were placed on the each class to account for
the unbalanced data sets.

Linear kernels were used to classify proteins using phy-
logenetic profiles and a combination of amino acid and the
predicted structural composition of each protein. Diffusion
kernels were generated on the graphs of sequence and struc-
tural similiarity relationships [4]. These kernels are calcu-
lated by taking the matrix exponential of the Laplacian ma-
trix L on a graph

K = et ey

where 3 is a parameter analogous with conductivity in phys-
ical systems. Differentiation of equation 1 with respect to 8
provides an equation with a similar form to diffusion or heat
equations.

d
7 BK =LK 2)
Only the ten highest-scoring structural homologues of
each protein were included in the graph of structural rela-
tionships as the absolute scores have been shown to corre-
late poorly with the correct fold, although the rankings for
each query protein have been shown to be fairly accurate

[5].
4. Resaults

The results were obtained by performing a 3-fold cross-
validation on the 4125 yeast proteins with 10 random par-
titions of the data set. The outputs of each replicate were
used to generate ROC curves up to a false positive rate of
0.1 with the area under the curve used as the measure of per-
formance (see figure 1).

Short summaries of the results from each data source are
listed below

e The highest accuracies obtained from phylogenetic
profile data are attained on biosynthetic and metabolic
processes, which suggest that proteins in these path-
ways tend to be inherited as intact modules.

e Amino acid and structural composition are also pre-
dictive of metabolic processes such as membrane lipid
synthesis, DNA recombination and ribosome biogen-
esis although these tend to be associated with specific
cellular compartents.

e Results from the diffusion kernel on the set of homol-
ogy relationships show only slightly higher accuracy
than simply transposing the same function as the clos-
est homologue in the BLAST search. However, fur-
ther optimization of the “conductivity” parameter may
yield an improved performance.

ROCO‘ curves for several process classes
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Figure 1. Averaged ROC curves for linear
SVMs trained on phylogenetic profiles. The
bottom curve represents a random class as-
sighment.

e At present the kernel on the structural similarities is
lower than the other sources, although this may be im-
proved by developing a new scoring scheme for the
structural alignments.

5. Further Work

In addition to improving results from diffusion kernels,
it is intended that the results from the binary classifiers will
be integrated into an overall prediction for biological pro-
cess.
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