A rule-based framework for gene regulation pathways discovery
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Abstract 2 Algorithm outline
We present a novel approach for rule discovery in the A given set of genes, with expression levels measured
area of gene regulation. The method is based on supervised under speqﬁc conditions, 1s'used as input to our procedure.
machine learning and is designed to reveal relationships be- We S@ﬂ with gene expression profile clustering and then
tween transcription factors and gene expression. As a rep- iteratively perform the following steps:

resentation of the gene regulatory circuit we have chosen a

hing for significant features i la-
special form of the IF-THEN rules associating predefined * Searching for significant features in the gene regula

tory regions
features, taken here as a generalized idea of transcription ry regt
factor binding sites in gene regulatory regions, with the cor- e Inducing rules from genes clustered by expression and
responding gene expression profiles. a feature set

e Evaluating the rules

¢ Refining the feature set until no further progress can be
1 Introduction achieved.

3 Local similarity of gene expression profiles
Understanding of the gene regulation mechanisms is cur-

rently one of the most important tasks for molecular bi- We will assume that the genes that are co-regulated by a
ology. New genome sequences become available every common transcription factor show significant correlation in
month, but we are still far from being able to reliably their expression profiles. Many authors (like [5, 6]) search
and consistently unravel the corresponding gene regulatory for the transcription factor binding sites in the regulatory
pathways. As the number of known genomes is growing regions of genes with similar expression profiles. Some
and the average size of a genome sequence dataset is large, transcription factors, however, may bind only under certain
we expect the method of pathway discovery to be general, conditions. Indeed, for example genes from baker’s yeast
automated, and efficient. We describe our approach, based demonstrate expression correlation only during a part of the
on the assumption that genome sequences, with known gene yeast cell cycle. This leads us to a modified approach to

positions, together with the gene expression data, are suf- gene cxpression clustering. We consider groups of genes
ficient to find all the interactions between genes and their that show very high correlation only in a part of the expres-
transcription factors. sion profile.
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4 Features definition

We are using the term “feature” as a generalization of
a transcription factor binding site. Transcription factors of-
ten interact with one another synergistically, suggesting that
features more sophisticated than just the presence of a sin-
gle transcription factor binding site are needed. We define
a feature as a presence of one or more transcription factor
binding sites and use constraints on their position and the
number of occurrences in the regulatory region of the gene.
We are interested in features present in regulatory regions of
a sufficiently large set of genes with correlated expression.

5 Inducing rules

The core part of the algorithm is rule induction from the
observed expression similarities and the feature set. We are
using a special form of the IF-THEN rules as a representa-
tion of a simplest regulatory scheme. The example rule

f1/\f2/\.../\fn—)01VCQV...VCm,

where f; denotes a feature and C; denotes a expression
class (a profile on a subset of datapoints), expresses our ob-
servation that if we will find all the features f;, ... f, inthe
promoter of any gene, we should expect it’s expression pro-
file to be similar to the classes C,...C,,. We will try to
generate the rules of that kind.

To generate rules of this kind we create a binary matrix
with rows representing genes associated with the expression
profile class and columns representing features, and then
apply the Rosetta approach [1, 2). Rosetta is a rough-set
([3, 4]) based library for general data mining and knowl-
edge discovery. It allows us to find the smallest subsets of
features sufficient to discern between different expression
classes. Then it creates the rules combining the sets of fea-
tures found in the regulatory regions of the genes with the
observed expression profile classes.

6 Features refinement

The Rosetta library also allows us to evaluate the impor-
tance of a feature. If the feature is used in the rule with big
support, we can assume it is important. By the same reason-
ing, we would consider a feature not used in any of the rules
as useless. In each iteration of our algorithm, after inducing
the rules, we refine the feature set. In the process of refine-
ment, we remove the features that are not used and create
new features. We create new features as combinations of
features occurring in the left-hand side of the rules. If some
certain combination of features is appearing in more than
one rule, we use it to create a new feature. In the next itera-
tion the rule inference engine can take advantage of the new
feature.

7 Conclusions

We show that the IF-THEN rule representation of regu-
lation mechanisms is sensible and can be successfully used
to mine the gene expression data. As an example, we will
show the rules obtained for the yeast cell cycle data.
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