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Summary: We present a method for the integration of |
microarray datasets employing a fixed structure Bayesian
network. We learn one set of network parameters per
functional category, allowing us to focus on individual
functions, data sets, and analysis techniques as desired.
The outputs of these networks are integrated to produce a
probability of functional relationship between any two
_genes.

Motivation

Individual microarray data sets generally explore a
particular experimental condition: response to heat
shock, the cell cycle, iron transport, and various other
cellular processes. When a biologist examines a
gene with unknown function, though, it is not
necessarily clear under which conditions it wil
respond.

-
By combining many microarray data sets, it is
possible to cover both many genes and many
experimental conditions. This is not necessarily easy;
simply concatenating data sets and finding correlation
scores can be misleading, since related genes may
not respond similarly under different conditions.

We propose a method of predicting per-function and
generalized relationships between gene pairs, the
latter by integrating predictions from many functional
categories. Our method also provides a means of
detecting how well any one data set predicts
functional relationships within a single functional
category.

Data Processing

We begin with log-scaled expression profiles split into individual time
courses or related collections of non-time course data. Data sets | Microarray Data
included in this evaluation were Chu 98, DeRisi 97, Gasch 2000, Gasch Sets
2001, Ogawa 2000, Shakoury-Elizeh 2003, Spellman 1998, Yoshimoto
2002, and Zhu 2000

These are individually fitered, removing genes with >70% missing
values and imputing any remaining missing data (Troyanskaya 2001)
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Responsive genes in each data set are determined using the Ljung-Box
test for randomness with a p-value cutoff of 0.05.
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For each gene pair within each data set, Kendall's Tau and Euclidean Distance and

distance are calculated after variance normalization Correlation
Calculation

Any functional groups of interest Gene pairs are then considered to
can be chosen; we used the S. be related if and only if there
cerevisiae GO Slim terms from exists a functional group to which

the Gene Ontology. both genes are annotated. v
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Each per-function Bayes network learns one
conditional probabiliy table per data set.

These two parameters represent that data set's
ability to predict functional relationships over

The table to the left displays the difference
between these two parameters as a per-data

Evaluation
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Integrated Performance

Performance.  While some
individual networks have behaved
well, overall performance and
integrated performance  remain
poor. Simple  correlation
measures  often  perform
approximately as well as our
method, albeit  without  the
additional information provided by
the parameters learned during
Bayesian training

Future Directions

MIPS hierarchy. Performing the
same set of training and testing
tasks over the MIPS functional
annotations should provide both a
measure  of our method's
extensibilty and a  rough
comparison of the MIPS and GO
annotations

Synthetic data. Since neither
GO nor MIPS represents a true
gold standard, we plan to evaluate
our method over synthetic data to
obtain a more absolute measure
of its predictive power.

Heterogeneous data
integration. Techniques such as
the MAGIC network (Troyanskaya
2003) have been proposed to
perform  heterogeneous  data
integration  using, in  part,
microarray correlation as  input
We would like to evaluate the
performance of such a technique
using our predictions as input in
place of simple correlation scores.

Support vector machines. We
would like to evaluate the same
integration technique using SVMs
as a learning method in place of
Bayes networks. SVMs have
significantly ~ different  training
characteristics, with the major
drawback  of their leamned
parameters being much less
human interpretable.





