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The techniques and tools of Knowledge Discovery in
Databases seek to transform data into knowledge in an
“intelligent” and semi-automatic way. One of the possible
uses to this discovered knowledge consists in its integration
or fusion with the knowledge that is in the knowledge base

of an Expert System. It thus complements the knowledge .

initially given by the expert, which is not always complete,
or the most up-to-date. Using an alternative source it is
possible to discover knowledge that is implicit in data, and
then proceed with its fusion with the one already in the
knowledge base. However, this process can result in errors
appearing (for example, inconsistencies) in the knowledge
base resulting from the fusion. Thus, one of the require-
ments to fulfil is the consistency and correction of this new
knowledge base.

A generic and domain independent architecture that al-
lows a rule based knowledge fusion, in the context above
described is presented. Consistency and correction are
guaranteed through the detection of errors, and by the
adoption of an approach based in maximal consistent
subsets of rules.

Keywords: rule based system, knowledge discovery
in databases, rule bases fusion, rule bases fusion ar-
chitecture, consistent knowledge base, maximal con-
sistent subsets of rules.

I. INTRODUCTION

Considering the several technologies coming from
the Artificial Intelligence area, Expert Systems (ESs)
are one of the most popular. In theory, consulting an ES
allows to obtain the same results that would be obtained
from an expert. ESs base their operation on the specific
knowledge acquired from domain experts, which is kept
in a separate module designated as Knowledge Base
(KB).

In spite of, commercially, being the branch of Artifi-
cial Intelligence applications that have greater accepta-
tion and divulgation, naturally, ESs also have some
limitations. Between these, we detach the fact that:

- They are limited to the knowledge that is in the KB
and don’t have any capability to produce conclu-
sions about situations of which they don’t possess
knowledge, even if these situations are trivial.
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Usually, they also don’t have any learning capacity
that allows them to acquire new knowledge.

- They are dependent of maintenance operations (ad-
dition, change or even knowledge elimination) on.
its KB, to be able to maintain their efficiency and
utility degree. In almost all the domains,
knowledge has a dynamic nature, that is, it evolves
as times goes by. The absence of knowledge main-
tenance operations is one of the reasons that leaded
many ESs projects to failure.

In the last decades, the development of information
technologies originated an enormous increase in data
production and storage, in almost all human activity
areas. This data abundance resulted in a situation char-
acterized by a “data richness, but knowledge poverty”,
accordingly the human incapacity to analyse and under-
stand their contents. Due the limitations of traditional
data analysis methods, a new set of tools and techniques
appeared. These assist, in an intelligent and semiauto-
matic way, the human beings to transform huge data
volumes into knowledge that is useful to their owners.
These tools and techniques insert themselves in the
context of what was designated as Knowledge Discov-
ery in Databases (KDDs) [1].

Progressively, the utilization of Knowledge Discov-
ery in Databases Systems (KDDSs) is increasing. These
systems have vast potentialities of extracting knowledge
that is implicit in data, and may be considered as a font
of new knowledge. This knowledge could be used with
different purposes. One of the possible uses is to add or
incorporate it in an existing ES, to actualise its KB. This
knowledge acts as a complement to that supplied by the
expert. The expert not always owns all the knowledge
or the most up-to-date, especially in domains where it
has a high evolution rate. However, part of this knowl-
edge may be obtained from recent data. The idea is to
take advantage of the knowledge produced by a tech-
nology fairly recent (KDDs), and incorporate it in the
KB of another technology quite more older (ESs), help-
ing this way to surpass the limitations mentioned previ-
ously.
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The incorporation of the new (discovered) knowl-
edge will be accomplished through the integration or
fusion with the (existing) knowledge that is in the ES
KB. Among others possible errors, this fusion could
result in inconsistencies appearing, that is, conflicting
perspectives about a same situation could appear. One
of the requirements of this fusion process is to obtain a
new (resulting) KB, in which the knowledge is consis-
tent and correct.

During the last decades, the knowledge-based sys-
tems propagated considerably, providing a great variety
of knowledge in different domains [2]. In presence of
such richness and diversity of knowledge sources avail-
able today, one of the greatest challenges that the devel-
opment of automatic reasoning systems meets, is to
fuse, in an intelligent manner, the knowledge coming
from those fonts with the aim to solve complex prob-
lems.

The problem of knowledge fusion occurs daily, 4n
several tasks that an intelligent agent executes as, for
instance, in belief or evidence gathering, in specifica-
tions development, in regulations fusion and in deci-
sion-making. The purpose of knowledge fusion is to
form a unique perspective or point of view, a synthesis
or a consensus [3].

Despite occurring frequently, knowledge fusion is an
important and not trivial problem [4].

The problem is important because knowledge that re-
sults from a fusion process makes available, in a cen-
tralized way, knowledge that is spread in various
knowledge sources. Besides, it permits the deduction of
additional knowledge that is not possessed individually
by any of the sources, but collectively by all [4]. This
new knowledge is called implicit knowledge [5]. For
instance, if one source has the knowledge that 4 is true
and another that 4 — B, the resulting knowledge per-
mits to conclude that B is also true, although such
knowledge can’t be found in any of the two knowledge
sources. These two aspects constitute the main advan-
tages of knowledge fusion.

The problem is not trivial because, often, the knowl-
edge coming from the various sources presents conten-
tious perspectives about a same situation.

KNOWLEDGE FUSION

111. APPROACHES USED IN KNOWLEDGE BASES
FusioN TO CREATE A CONSISTENT KB

KBs fusion is defined as a process from which dif-
ferent KBs results only in one consistent KB. Following
this line of orientation, there are approaches that give
different credibility to the KBs that are involved in
fusion, like belief revision [6] and belief update [7, 8].
These approaches study the problem of accommodating
a new belief (something that is believed, an opinion or
conviction), completely reliable, in an existing belief
set, preserving the consistency and, at the same time,
avoiding as much as possible knowledge loss during the
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process, through a minimal change strategy. The princi-
ple of minimal change can be stated like this: given a
belief set K and a new belief o, the resulting belief set
KR should differ from K the least as possible [9]. Both
the approaches considerate the presupposition that the
new belief is more reliable than those actually existing
in the belief set in such a way that it should be present
in the updated belief set. There are also approaches that
give equal importance to the new and actual knowledge.
In this case it is not possible to establish any preference.
The handling of this kind of situations is the purpose of
KBs arbitration [10, 11] and KBs combination [4, 12].

A. Belief Revision

Belief revision or theory revision is the process that
permits and explains the transition between epistemic
states (beliefs) in a rational agent, when confronted with
new knowledge, about a static world. Revision results
from a change in the description possessed about the
real world although, in practice, it remains unchanged.
A KB can be interpreted as a representation of an epis-
temic state. Belief revision studies the problem of its
evolution, having consistence preservation as purpose,
after a new evidence arrival. Revision assume that the
new belief is always more important and reliable than
those that are in the existing belief set, admitting that
this may be, partially incorrect.

The new belief may express that something consid-
ered true, never was. The generality of the research
made in this area is influenced by the work in philoso-
phical logic, in particular from Gérdenfors and his team
that developed the belief revision theory [6, 13, 14].

Suppose the existence of a consistent belief set sym-
bolically represented by K. At a certain point, a new
belief arrives, represented by a. Considering the pre-
supposition in which is based belief revision that states
that the newly arrived belief is entirely believable, this
must be assimilated by the belief set K. The new belief
may, or not, enter in conflict with this one. Belief revi-
sion becomes trivial when o is consistent with K. The
difficulty appears when K and o are inconsistent, what
forces the conflict resolution. To do so, it is necessary
to remove some belief(s) from K, in order that a may be
inserted preserving consistency. Usually, there are sev-
eral ways to do it, so that the process should be exe-
cuted in such a way that the knowledge loss be as least
as possible.

B. Belief Update

Belief update is, sometimes, considered as being a
variant to belief revision [15]. In spite of having simi-
larities, these two processes are, in their essence, differ-
ent [16, 17].

Belief revision, as defined previously, is the opera-
tion that allows changing existing beliefs about a static
world, when a new belief becomes known. Winslett
demonstrated that when knowledge is about a world
susceptible to changes, the update operation properties
must be different [18].
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An update happens in result of a change in real
world, what makes the belief set incorrect. Belief update
is the process through which is possible to keep beliefs
updated in relation to a mutation world [19]. Belief
update assumes that the new belief is more recent than
those that are in the existing belief set. Both are consid-
ered entirely believable, but referring to different time
instants. Between these instants, some changes may
have happened. The new belief reports that something
considered true, is not anymore.

C. Knowledge Bases Arbitration

Revesz proposes another view in KBs fusion named
KBs arbitration [10]. The idea that is in its origin is:
new knowledge is not better or worst than the one al-
ready in the KB. The new knowledge is considered just
as one more argument against a set of another argu-
ments already existing.

Bither belief revision or belief update presupposes
that new belief is, totally, reliable in such a way that
should be integrated in the new belief set. However, this
presupposition should not be considered when fusing
knowledge coming from different sources, referring to
different time instants and having the same credibility
degree. In fact, this is a very common situation. When
two different knowledge sources present a contradictory
view about a same situation, don’t existing any reason
to consider any of them doubtful, the best that can be
made is to fuse the two views, possibly inconsistent, in
a new one that is consistent, preserving the maximal
knowledge as possible.

Such as in belief revision and belief update, in arbi-
tration the minimal change principal is also implicit.
Depending on the operator used, KBs arbitration seeks
the solution that better satisfies, globally, each part
involved in the conflict, or the solution that better satis-
fies the majority of these.

D. Knowledge Bases Combination

KBs combination was developed with the purpose to
help ESs construction, when the knowledge comes from
several experts, all with the same credibility. The
knowledge provided by each of these is codified in a
separate KB being, subsequently, combined in only one
KB representing the group knowledge. This approach is
based in determining the Maximal Consistent Subsets
(MCSs) resulting from the union of the several KBs,
and by selecting some of those subsets, according to a
given criterion. Baral and his team present several meth-
ods (operators) to make this KBs combination [4, 12].
Some of the methods allow KBs combination without
the existence of preferences between the KBs, while
others allow the combination when preferences exist.
However, these researchers did not develop a formal
theoretical model to multiple KBs combination [20].

The problem of combining several KBs is placed this
way: considering the existence of a KBs set; a set of
restrictions; the presupposition that the set of restric-
tions is the same for all the KBs; and that each KB is
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consistent with the restrictions. The purpose of these
methods is to combine the set of KBs, in such a way
that the resulting KB be maximal, between the several
correct and consistent combinations. The underlying
motivation of the maximal concept is to include in the
final KB as much knowledge as possible from each one
of the KBs of the combination process.

IV. PROPOSED ARCHITECTURE TO KNOWLEDGE
BASES FUSION

In this section a KBs fusion architecture (in the rules
form) is presented in detail. According to the problem
initially exposed, the purpose of this architecture is to
integrate or fuse the knowledge proceeding from a
KDDS with that stored in a KB of a Rule Based System
(RBS).

In the previous section were briefly presented several
approaches that can be used to create a consistent KB
resulting from KBs fusion. Between these, some con-
sider that the new knowledge is more believable than *
the actually existing (as in belief revision and belief
update), while others consider that new knowledge
presents equal credibility to the one already existing (as
in KBs arbitration and KBs combination).

In the proposed architecture this last view is adopted,
that is, the knowledge coming from the KDDS (new
knowledge) has equal credibility to that in the RBS KB
(existent knowledge). This seems to be an adequate
approach, since it is not realist to consider that the
knowledge coming from the KDDS deserves a greater
credibility than the knowledge whose origin is from one
or more human experts. To consider that the new
knowledge, after has received some kind of filtering by
the user, is put at the same level of the knowledge that
is in the RBS KB seems to be the more rational ap-
proach. The term user is used with the sense of expert,
or knowledge engineer, because it will compete to one
of them, or both, the conduction a KBs fusion process.

The two approaches that give the same credibility to
the new and actual knowledge are KBs arbitration and
KBs combination. From these, the second was chosen
because it is the one that better adapts to the problem of
incorporating new knowledge in the KB of the RBS.
KBs combination was precisely developed with the
purpose of helping in ESs construction, through the
union of knowledge fragments coming from several
experts and by the construction of the different MCSs.

To assure consistency and correction of a KB is not
sufficient to analyse separately the rules that compose it,
but also the set of inference chains that it is possible to
establish. Some errors just manifest along one chain (for
instance, inconsistency along an inference chain) or
more inference chains (for instance, inconsistency along
multiple inference chains). The adoption of an approach
that makes an analysis also at these levels is essential.
The knowledge verification through formal methods is a
solid and adequate way of doing it.
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The present architecture has as basis an extremely
simple idea: to assemble all the existing knowledge
from the original KBs only in one KB, proceed to its
formal verification, to see if errors exist, and, if they
really exist, present to the user all the possible solutions
(MCSs of rules) ordered by some criterion, that produce
a consistent KB, to help him in his decision.

Even considering that each KB has no errors their
union could result in a KB that is affected by a set of
errors. Detect and solve these errors is a requirement
that has to be respected, so that the new KB can be used
in the RBS. To detect the errors a knowledge verifica-
tion tool is used in the architecture.

In presence of the detected errors, the architecture
helps the user to select a MCS of rules, where those
errors do not occur. Since equal credibility is given to
knowledge that comes from the two sources, all the
possible consistent and correct ways of accommodating
the two kinds of knowledge (under the formal point of
view) are identified. The two adjectives (consistent and
correct) are used not only in the sense of inconsisten-
cies, but also circularities and ambivalences inexistence
(terms used in knowledge formal verification).

Figure 1 presents an overview of the architecture to
fuse knowledge from a KDDS with knowledge that is in
the KB of a RBS. Each module that constitutes the
architecture will be explained in detail in the following

subsections.
KB - KDDS |
Dictionary |

Craicns

Verification Tool
(Veritas)

Merge KBs

Create
Consistent KB

—

’Eted knowledge

Figure 1- Architecture of the KBs Fusion System

A.  Knowledge Bases Conversion Module

KBs conversion (figure 2) is the first step to be made
in the presented architecture. Despite the knowledge be
expressed in the same representation formalism (rules),
it proceeds from two heterogeneous knowledge sources
(a RBS and a KDDS), which means that almost cer-
tainly is represented under different syntaxes.
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-
KB - KDDS

| RBS rules (syntax x) KDDS rules (syntax y)l

| Rules (syntax X) /* Convert

KBs

Consistent
rules

—>
Terms

meaning

RBS rules
(canonic form)

KDDS rules
(canonic form)

Dictionary

Figure 2- KBs Conversion Module .

Not being limited to a single syntax of each of the
KBs is one potentiality of this architecture. The applica-
tion field would be too much limited if the architecture
was conceived to a specific syntax. In the RBS KB case
this approach even could be admissible, that is, to create
an architecture having in mind a specific syntax. In the
case of the KB coming from the KDDS, this approach is
quite distant from being functional, since depending the
KDDS, operation, technique or data-mining algorithm
used, KBs with very different syntaxes may appear. Not
only having in mind this reality but also to make the
architecture flexible to any RBS KB syntax, a module to
convert the KBs is considered. The purpose of this
module is to put the rules coming from the two KBs,
under generic representation syntaxes (named canonic
form), recognized by the remaining modules of the
architecture.

This module includes a term dictionary that is used to
convert the KBs rules that were produced by the KDDS
to the canonic form. The rules of this KB may include
terms that, although different, have the same meaning to
those existing in the RBS KB. Even if the terms are
syntactically different, semantically they could repre-
sent the same concept. This means that the terms are
synonyms. Usually these situations result from discrep-
ancies between the terms used by the knowledge engi-
neer who conceived the RBS KB (for instance: car) and
the way that those terms are codified in the databases
used as a source for data mining (for instance: automo-
bile). In order to surpass this problem, a dictionary is
considered to allow translating the terms used in the
KDDS KB to those used in the RBS KB. The terms
translation was made in this direction, but it also could
have been done in the opposite direction, although that
would mean some efficiency loss. The architecture has
as final purpose the substitution the RBS KB by the
final KB (correct and consistent) resulting from the
fusion. However, to make that possible it is necessary to
convert the canonic form of the final KB to the original
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syntax used in the RBS KB, that is, to execute the oppo-
site operation. As a matter of fact this is precisely the
other underlying purpose of this module.

B. Knowledge Bases Edition Module

User ot
{ onverl

Changed

Rules

Figure 3- KBs Edition Module

In the architecture, a module that allows accomplish-
ing edition operations over any of the KBs is also in-
cluded (figure 3). Before KBs union the user has the
opportunity to consult each of them, in an easy and
comfortable way. Changes, or even rules eliminations,
can be made if necessary. Usually, carrying out these
edition operations is much more important in the KB
produced by the KDDS than in the RBS KB. Through
this module the user can visualize the discovered rules
and introduce changes in those rules, to make them
more generic or specific. Eventually, the user may even
want to eliminate one or more rules, as a consequence
of having a low degree of confidence or support (de-
pending the data-mining algorithm used this informa-
tion may, or not, be available), which means that he
doesn’t give any importance to those rules.

This kind of edition operations can be understood as
a filtering and consolidation process of the knowledge
that comes from the KDDS, in which the user is the
principal intervenient. In relation to the RBS KB, the
same edition operations are also available. However, in
this case they don’t seem so important, since the gener-
ality of the knowledge (if not all) is quite solid and
accepted by the user. The need of some kind of edition
operation is quite unlikely, but can’t be excluded at all.

C. Knowledge Bases Union Module

After all the edition rules operations had been exe-
cuted, the user can unchain their union (figure 4). As
the name suggests this module is responsible for carry
out the union of the rules coming from the two KBs
(already in their canonic forms), which results in the
creation of a new KB, named of merged KB. This KB
joins the knowledge that proceeds from the KDDS with
the one that is in the RBS KB.

rules

Merged rules

Create

Consistent |}
K13

Figure 4- KBs Union Module

D. Knowledge Formal Verification Module

Merged rules

Verification Tool Errors

(Veritas)

Inference chains
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Figure 5- Knowledge Formal Verification Module

Knowledge union from the two sources may result in
the appearing of a set of errors like circularities,
inconsistencies and ambivalences. The detection of
those errors that could exist in the merged KB is the
purpose of this module (figure 5). In error detection,
knowledge verification techniques based in formal
methods are used.

This module has a different characteristic from the
others, since it involves integrating in the architecture a
verification tool named Veritas [21] to detect errors that
could exist in the merged KB. This tool was applied in
several domains (for instance, medicine, power sys-
tems) and obtained appreciable results. In errors detec-
tion, Veritas develops all the plausible inference chains.
The theory that is underlying to this technique is the
ATMS (Assumptions-based Truth Maintenance System)
[22], which sustains that the rule antecedent is equiva-
lent to (can be replaced by) the inference chain that
originated it. Having as basis a progressive process of
substitutions, Veritas produces a set with all the possi-
ble developments.

From the set of errors that can be found in the
merged KB and that Veritas allows to detect, only those
that are of the redundancy type were excluded, since
they don’t receive any treatment in the actual state of
the architecture. Anyway, the existence of this kind of
errors is harmless to the KB, that’s why less importance
was given to them. The existence of redundancies
doesn’t affect the establishment of any reasoning (infer-
ence) process. In some situations, the knowledge engi-
neer intentionally introduces some redundancies in a
RBS KB to increase the inference engine efficiency and
performance.
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In the followings subsections it is made a brief de-
scription of the errors that can be identified and manipu-
lated in the merged KB:

(1) Indirect Circularity

A KB contains indirect circularity if and only if has
several rules that result in a situation of infinite cycle
when of one of those rules is fired.

(2) Ambivalence

Ambivalence results from a semantic restriction vio-
lation, that depends on the knowledge domain repre-
sented in the KB. A semantic restriction constitutes a set
of values whose simultaneous existence has no meaning
in that knowledge domain (for instance: state(x, mov-
ing) A state(x, stopped)). A KB is ambivalent if and
only if for a given set of values that don’t violate any
semantic restriction is possible to infer a set of conclu-
sions that infringe a semantic restriction.

(3) Inconsistency )

Inconsistency is a particular case of ambivalence,
since is delimitated to logic restrictions violations of the
type {p, ~p}. On the contrary of semantic restrictions,
this kind of restriction is independent of the knowledge
domain represented in the KB. A KB is inconsistent if
and only if for a given set of values that don’t violate
the presented logic restriction is possible to infer a set of
conclusions that infringe it.

E. Consistent Knowledge Base Creation Module

Merged rules

MCSs of rules Create
User |« ;
| Selected MCS of rules C““Ii';fent

Deleted rules Rules

Deleted Knowledge

Figure 6- Consistent KB Creation Module

At last, the module that allows the creation of a con-
sistent KB is explained (figure 6). The purpose of this
module is to help the user to select a MCS of rules from
the merged KB that will be transformed in the new KB
of the RBS.

Having as basis the results produced by Veritas, that
is, all the inference chains developed and the errors
detected on them, it is possible to create the following
two disjoined subsets of inference chains:

- Inference chains affected by errors. This subset

includes all the inference chains involved in some
kind of error. From these it is not possible to estab-
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lish a valid reasoning process. Having as purpose
the correction and consistency of the merged KB, it
is necessary to prevent that these inference chains
can be established. To do so, in each of these, one
or more rules must be deleted.

- Inference chains not affected by errors. This
subset results from the difference between all the
inference chains produced and the ones responsible
for errors. It represents all the inference chains that
are not affected by any kind of error and that allow
valid reasoning mechanisms.

This separation between inference chains affected
and not affected by errors is inspired in an approach
proposed by Lin [23]. In presence of an inconsistent
KB, a separation between consistent beliefs (those that
are not involved in any inconsistency, which means that
they are meaningfully) and inconsistent beliefs (those
that are meaningless as a result of being involved in
inconsistencies) is made. .

To achieve correctness and consistency when errors
exist in a KB, some knowledge (rules) in the inference
chains affected by errors must be eliminated. Usually
there are different possibilities of knowledge elimina-
tion, all resulting in a correct and consistent KB. The
idea is, precisely, to present to the user all the possible
combinations of knowledge elimination that produce a
MCS of rules. These possible combinations must appear
ordered in function of the loss or impact that the knowl-
edge elimination causes to the inference chains not
affected by errors. Naturally that one combination may
be more or less harmful to these inference chains than
another. Basically, the combinations should be ordered
from the one that best allows knowledge preservation
(minimal change) until the one that implies the worst
knowledge loss (maximal change), according to a given
method selected by the user.

The set of combinations can be subject of prefer-
ences or restrictions introduced by the user, limiting or
imposing the rules to consider to elimination.

The purpose is to help the user to take decisions
about the solution to adopt. However, the final decision
is a user responsibility. Choosing one of the combina-
tions of knowledge elimination means that this knowl-
edge will be eliminated from the KB, which guarantees
that the detected errors will be removed, resulting in a
correct and consistent KB. The eliminated knowledge is
stored in a repository of deleted knowledge.

V. CONCLUSIONS AND FUTURE WORK

An architecture that permits the fusion-of a KB (un-
der the rules form) proceeding from a KDDS with that
one of a RBS is presented.

As the knowledge fusion problem in malter is de-
fined generically, that is, it is not for a specific syntax of
any of the two KBs (that would be too much restrictive)
an architecture that is open and independent of the KBs
syntaxes is proposed. Since the architecture is modular,
it is easy to incorporate the proper module to effectuate
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the conversion of a KB syntax to that used in the archi-
tecture. Not only independence in relation to knowledge
representation syntaxes is achieved, but also in relation
to knowledge domain that is modeled in the KB.

The correctness and consistency of the knowledge
resulting from the fusion process is a requirement that
was initially placed to the architecture. To assure it, a
knowledge verification tool based in formal methods is
used in the resulting KB. An originality of this work is
the concern with other kind of errors beyond the incon-
sistencies, as is the indirect circularities and ambiva-
lences case. Solving the inconsistencies problem has
centralized all the investigation efforts, as can be seen in
the literature. Although this kind of error be the most
difficult to solve, there are other errors that could affect
seriously a KB, like the ones previously mentioned.
Since the resulting KB from the fusion is going to sub-
stitute the RBS KB, it is necessary to assure not only
consistency but also knowledge correction. This means
that errors like circularities and ambivalence can’t be
ignored, since they threaten the establishment of infer-

ence processes, degrading in this way KB quality. Al-"

though the architecture had been proposed for the fu-
sion of knowledge coming from a KDDS with that of a
RBS, their characteristics allow it to be applied in any
generic situation of addition or incorporation of new
knowledge in the KB of a RBS.

Several aspects related to this architecture will be ob-
ject of future developments. Between these, the follow-
ings deserve a special word.

- To specify the methods that will allow ordering the
knowledge elimination combinations that result in
MCS of rules. These methods should order the
combinations from the one that best allows knowl-
edge preservation until that which implies the
worst loss.

- To consider, in some way, the deleted knowledge
in the successive fusion processes, giving a mean-
ing to the deleted knowledge repository that is con-
sidered in the architecture. Some of this knowledge
may even be valid, but was eliminated to allow a
MCS of rules.

- To implement the proposed architecture in a com-
putational tool.

-To apply the computational tool to real cases of
KBs fusion in order to validate the proposed archi-
tecture.
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