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Abstract. Learning a Bayesian network from data is

an important problem in biomedicine for the auto-

matic construction of decision support systems and
inference of plausible causal relations. Most Bayesian
network learning algorithms require discrete data;
however discretization may impact the quality of the

learned structure. In this project, we present a com-
parison of different approaches for learning from

continuous data to identify the most promising one
and to quantify the impact of discretization in Bayes-

ian network learning.

Problem Description. Despite the wide applicability
of Bayesian networks in biomedicine, the fact that
most Bayesian network structure learning algorithms
require discrete data is a limitation since biomedical
and biological data are routinely continuous. Studies
usually employ simple discretization techniques such
as frequency-based partitions. By neglecting to ade-
gquately address the ramifications of discretization,
researchers unknowingly may lose information such
as interactions and dependencies between variables
and impact the learned structure. Unfortunately, there
is no consensus on a standard procedure for discreti-
zation. Consequently, it is still an unresolved research
guestion as how to best handle continuous data.
There are three typical approaches to learning net-
work structure with continuous data. First, data can
be discretized prior to and independent from the ap-
plication of the learning algorithm. Second, the dis-
cretization can be integrated into the learning phase
in an effort to exploit the synergies. Algorithms fol-
lowing this approach output a discretization of the
input variables and the network structure. Third,
learning can be done directly with continuous data
without committing to a specific discretization for the
variables.

Purpose. This project has two major components.
First, it comprehensively compares the three different
approaches in order to ascertain the relative strengths
and weaknesses of each and to quantify the impact of
discretization in network learning. Secondly, it pre-
sents a toolkit of discretization and learning tech-
niques for use by biomedical researchers. The spe-
cific algorithms that are compared are:

1) Prediscretization methods: equal-frequency/
equal-width discretization, Hartemink’s method

2) integrated methods: Monti's methpdFried-
man’s methoy Steck’s methad
3) direct handling of continuous data methods:
Bach’'s methot Margaritis' metho€ Davies’s
method, PC algorithriwith Fisher’'s Z-test
Despite the lack of well-characterized gold standards
for continuous Bayesian networks, two types of data
have been used. First, continuous data were simulated
from existing discrete networks used in biomedical
systems and research. In this case, the metric of com
parison will be the number of added and missing
edges of the learned structure relative to the true
known structure. Second, real biological data with
unknown structure were used. For methods that com-
mit to a discretization, the BDeu scoveas used as a
measure of the fit of learned structure to the data.
For the methods in (3) above that do not discretize
the data, other scoring functions for continuous data
have been employed
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