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Abstract. Probabilistic networks have shown to be an important tool to
work with probability-measured uncertainty. However, quality of proba-
bilistic networks depends on a correct knowledge acquisition and mo-
delling. KAMET is a model-based methodology designed to manage
knowledge acquisition from multiple knowledge sources [1]. After this
methodology is applied, a graphical model representing causal relations
is obtained. Up to now, all inference methods developed for these mod-
els were rule-based, and therefore eliminated most of the probabilistic
information. In this article we present a way to combine the benefits of
probabilistic networks and KAMET, and reduce their problems, through
a transformation that generates directed acyclic graphs, the basic struc-
ture of Bayesian networks [3], and conditional probability tables, from
KAMET models. Thus, inference methods for probabilistic networks may
be used in KAMET models.

1 Introduction

Probabilistic networks have shown to be an important tool for Knowledge-Based
Systems (KBS) that include, within their knowledge, probabilistic-measured un-
certainty. Several methods have been developed to carry out efficiently exact
and approximate inferences in probabilistic networks. In particular, if the net-
work model may be represented by a directed acyclic graph (DAG), the use of
Bayesian networks and their specific processes is specially adequate.
The quality of the probabilistic models depends strongly on the correctness

of the causality and independence representations. Unfortunately, the construc-
tion of such representations is not straightforward. The problem of creating a
good causal model is equivalent to acquire and represent expert knowledge in an
appropriate way. KAMET1 (Knowledge Acquisition Methodology) is a model-
based methodology designed to manage knowledge acquisition, from multiple

? This project has been founded by CONACYT, as project number 33038-A, and
Asociación Mexicana de Cultura, A.C.

1 KAMET is a project that is being carried out in collaboration with the SWI Group
at Amsterdam University and Universidad Politécnica de Madrid.



knowledge sources. As a result of this methodology, one obtains a probabilistic
model that represents causal relations between the possible symptoms and pro-
blems, in which uncertainty may be included. For a complete description of the
KAMET methodology and its conceptual modelling language, see [1].
Up to now, all inference methods developed for KAMET models were rule-

based. The presence of uncertainty in the models may cause those inference
methods to produce erroneous results. We present two methods, which we call
transformations, to produce Bayesian networks from KAMET models with pro-
babilistic uncertainty. The inferences made over these models will perform bet-
ter than decision rules [7]. The probabilistic networks obtained by each of the
methods will differ on their size, but it can be shown that, under equivalent
evidence, exact inference methods will yield to the same results on both.
We will suppose that the reader is familiar with the concept of Bayesian

networks, its terms, and its propagation methods.

2 Transformations

To make more clear the construction of the transformations, we will use a simple
KAMET model, shown in figure 1. This model says that if symptoms 1 and 2
are observed, then the problem is P1 with probability 0.4 of being present, while
if we observe symptoms 4 and 5, then the probability is 0.6.
The two transformations we will present are the AND-node- and the direct-

transformation. The only difference in the methods is that the first one adds
new binary nodes, called AND nodes and represented by a triangle, wherever
it finds a conjunction.
The first step on both methods is to create the nodes, one for each symptom

and problem found in the original KAMET model. In order to keep the symbolic
distinctions between KAMET elements, nodes representing symptoms will be
diamond shaped, and those related with problems will have the shape of a square,
even when the Bayesian networks will make no difference between them. We will
give these nodes the same name they had in the original KAMET model, except
if it consists of only numerical characters, when we will add an upper case letter
at the begining of the name to prevent confusions. The AND nodes will be
labeled with upper case letters.
The edges are added in a natural way. For the AND-node transformation,

add a directed edge from each element in a conjunction to the correspondent

Fig. 1. A simple KAMET model.



AND node, and then from it to the node implied by the conjunction. Then
add the edges that are missing from the original KAMET model. In the direct
transformation, add a directed edge to every node from all the nodes that incide
on it, regardless of the way they are connected. The result of applying both
methods is shown in figure 2.
In order to fill the conditional probability tables, we can use the information

contained in the original KAMET model. The AND nodes will have a trivial
table, with a true value if their parents have a valid configuration and false in
any other case. For the rest of the nodes, we just use the structural component
inaccurate found in the implications. The problem is that a model may contain
incomplete conditional probability knowledge.
In that case, we can approximate the unknown conditional probabilities us-

ing the prior probability of the node, which is always known. There are other
methods to approximate such unknown values; we present the easiest one to
illustrate the transformations.
For the example we are working on, suppose that the prior probability of P1

is 0.3, and that all the symptoms have a prior probability of 0.5. Finally, suppose
that the probability of problem P1 is 0.6 if the four symptoms are present. Then
the next tables show conditional probability tables of P1 given its parents for
the AND-node and the direct model, respectively.

C P (P1|C)
A,B 0.6
A,¬B 0.4
¬A,B 0.6
¬A,¬B 0.3

C P (P1|C)
S1,S2,S3,S4 0.6
S1,S2,S3,¬S4 0.4
S1,S2,¬S3,S4 0.4
S1,¬S2,S3,S4 0.6
¬S1,S2,S3,S4 0.6
otherwise 0.3

For a more detailed explanation of the methods to create the directed acyckic
graphs and fill the conditional probability tables (approximating the unknown
fields) see [2]
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Fig. 2. The result of transforming the simple KAMET model with (a) the AND-node-
and (b) the direct-transformation.



3 Conclusions

We have shown two ways to obtain a Bayesian network from a KAMET model.
These networks may be used as an inference engine for models with probabilistic
uncertainty. It can be shown that, up to exact probabilistic inference methods
and equivalent evidence, the models obtained by both methods will produce the
same results.
This doesn’t mean that the choice of one method or the other is irrelevant.

We presented both because each one has its own advantages. The direct trans-
formation creates smaller models and with less “levels” than the AND-node
transformation. Thus, some exact inference methods work better on it, and some
methods for approximating the unknown conditional probabilities will require
less calculations.
On the other side, the AND-node models produce many small cliques during

the moralization process. As a consecuence of this, junction-tree-based inference
methods will work better on this models, specially if implemented to work in
parallel.
Current research in KAMET is focused on implementing the transformations

in order to be able to obtain Bayesian networks from graphical representations
of the knowledge acquired by KAMET. A way to represent KAMET models in
Protégé is already available; thus, our main goal is to develop a widget in Pro-
tégé capable of performing the transformation, and to implement some inference
methods (exact and approximate) as Problem Solving Methods.
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