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Gene regulatory networks govern the functional develograad biological processes of cells
in all organisms. Genes regulate each other as part of a exmsgktem, of which it is vitally
important to gain an understanding. For example, discogéthe complete gene regulatory
networks in humans would allow the identification of geneschwttause disease, and could
be used for drug discovery to identify genes interactindhwbmpounds of interest. Similarly
in plants knowledge of the gene regulatory networks wouldvwathe development of stress
(drought/salt/temperature) resistant crops.

Learning large gene regulatory networks with thousandseokeg with any certainty from mi-

croarray data is extremely challenging. This research aortauild around known networks

from the literature on gene regulation, and assesses wkighn genes are likely to play a regu-
latory role or be in the same regulatory pathways. The gegelasory networks are modelled
with a Bayesian network. The gene expression levels aretigedrand a greedy hill climbing

search method is used within a network structure learniggrahm.

Large sets of microarray experiments
are used in this analysis, specifically
2466 NASCArabidopsis thaliana mi-

croarrays containing gene expression 7

levels of over twenty thousand genes

in a number of experimental condi- )

tions. Initial investigation of this data

is very promising. We have learned

gene transcription sub-networks (see o guk
Figure 1) regulated by the plant’s cir- oz
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and to link these to further key regula- aATAS

tors of important processes (e.g. ZAT,
myb and GATA transcription factors).  Figure 1: Learned gene transcription network



