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The Problem

A customer has access to alarge number of computer databases, describing many, possibly
overlapping, enterprises. Assuming that these are typical relational databases, each has one or more
associated relation files. Likewise, this customer has access to personnel who are familiar with the
details of these databases and who can describe the purpose of the database.

However, it is not assumed that mere access to the database schema assures the database can be
understood. Thisis because the field names of a database have no inherent meaning without the context
from the enterprise where they were developed and used. As an illustration, arelation EMPLOY EE may
have the following fields:

| Name | ID | Address | Position | Starting Date |

An observer may think the meanings of these fields are obvious, but there may be multiple
interpretations of their meanings. For example, Starting Date may mean (@) the date the employee
began working for the enterprise, (b) the date the employee started in the Position given, or (c) the date
the employee became vested in aretirement plan. Such multiple interpretations can render the meaning
of the fields ambiguous.

In atypical deployed database, there also may be relationships between the field contents that are not
obvious from the schema. For example, there may be a defined Position “NONE” to indicate that the
employee has been terminated; in such a case, the "starting” date may actually be the termination date.
This would constitute a meaning decided upon by the database designers, and kept consistent through
the programming that accesses the database. The importance of this example is that this particular
meaning was established outside the database schema, therefore this additional constraint must be
provided by other means.

Another database relation TRAVEL might have these fields:

| Name | ID | Destination | Travel Date |

It would be convenient to work with the combined set of EMPLOY EE and TRAVEL data. In this
example, consider correlating each Position with a Destination. If asingle database with a consistent
design was utilized, it would be possible using standard database operations to ssimply join the two
relations to form a new relation. That new relation looks like this:

| Name | ID | Address | Position | Starting Date | Destination | Travel Date |




Thisrelation could then be sorted by Position. Within a given database, such operations are routine. In
fact, such operations are an important reason to use relational databases. Forming such a new relation
(either formally or in an ad-hoc manner) is away of constructing a second path to a relationship between
Position and Destination. This approach to a second path was developed in previous works on
conceptual modeling of databases[7, 9, 11, 12, 13].

Unfortunately, the above example only works because it is possible to assume that Name and ID
have exactly the same meaning (whaever that meaning was) in both relations. Thisis dueto the "single
database with a consistent design” assumption noted above. With a collection of databases, however,
such a“join” is hard to do, for conceptual reasons. A field name may appear in more than one database,
but, as already discussed, how do we know that it means the same thing in both?

The Conventional Approach

Joining disparate databases provides additional relationships to enhance understanding of the
enterprise’ s data, unless the conceptual differences in the databases defeat the attempt. The obvious
approach isto utilize asingle team to develop a consistent design of each database, with a consistent
conceptual basis. The single team ensures a consistent conceptual basis. A formal design, such as
Entity Relation diagrams combined with textual descriptions of the meanings, provides abasis for
joining relations. There are difficulties with this approach. First, this processis labor intensive, with
limited options for automation. Second, in order to provide consistent conceptual meanings, the team
must be stable while all of the databases are re-designed. Finally, the textual conceptual meanings are
still open to interpretation, so that future joins may require the services of the original team to supply
definitions. An approach is needed which clearly captures the conceptual meanings independent of
particular personnel and which provides a clear path to automation of substantial portions of the process.

Our Proposed Approach

Our approach isto establish conceptual meaning of the database in a formal consistent manner
using techniques described below. The conceptual meaning isfirst captured for two or more
databases. When their meaning has been represented, the representations are combined to form a
conceptual ontology of the combined domains. Oncethat is accomplished, then the process of
reasoning proceeds asin

Figure 1 on the next page.
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Figure 1. Conceptual Processing M odel

Key to this approach are the techniques and representations being develop to address major the
aspects of such a solution architecture. Our capabilities are as follows:

Capture Conceptual Meaning - Tracked Repertory Grids[16, 17, 18], an extension of repertory
grids[10], will be used for knowledge acquisition in conjunction with conceptual graphs, as
introduced in [6]. An earlier approach called microanalysis may betried in parallel to fine-tune the
gaphs[8]. Our intent is to construct conceptual graph representations of the database semantics.

Combine Conceptual Representations - Since multiple databases constitutes aform of multiple
views, our previous work in multiple-viewed conceptual graph representationsisrelevant [2, 3, 4, 5].

Conceptual Reasoning / Data Mining - One of our strengths has been the ability to represent and
mani pul ate concepts that represent activities or processes. Through the use of actors conceptual
graphs can become animate agents which model enterprise operations. Datamining (i.e., the
triggering of automatic searching through a database) is aso well matched to the semantics of actors
within conceptual graphs[14]. Our long experience in the practical application of actorsin graphs
has led to our extension of them into demons to support dynamic assertion and retraction of graphs
in aknowledge base— which is an essential feature of practical reasoning [1, 15]. Thisextension is
now gaining acceptance in the conceptual graph community.

Our approach is to demonstrate the power of combining these techniques by a reasonably sized
application of these techniques. For example, two databases (of a customer's choosing) can be
semantically analyzed, and combined to support reasoning. The proposed architectureis shownin
Figure2. In summary the steps are as follows:
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Figure 2. Database I ntegration Architecture

1. Useour existing conceptua graph processing tools, including display editors and tools to
implement dynamic actors using bounded neural networks. These tools will then be leveraged to
provide knowledge engineering support at the start of the effort.

Establish the semantics of one database (with instances), and represent theresultsusing
conceptual graphs. Thisisshown asDatabase 1in

2. Figurel. Theinitia technique will be the microanalysis mentioned above [8, 9]. Thiseffort will
be supplemented by instance-level analysis on the popul ated database and supported by our
conceptual graph tools. The intent in this phase isto develop an understanding of how to
represent database semantics using conceptual graphsin auseful way. This process should take
about six months at a$75K LOE.

3. Establish the semantics of a second database, this time employing some of the automated
techniques, which have potential in building representations efficiently. This process should take
six months at a$75K LOE, and outline strategy for integrating the two databases.

After these steps have defined some advanced tool concepts, and a general process, as well as proving
the validity of that process, the heart of the work commences: namely, learning how to integrate the
databases using their conceptual graph semantic representations, and respond to queries based on the
integrated knowledge. Thisis step 4 and it constitutes our intent for a follow-on effort.

4. Establish an integrated representation of the two databases in steps 1 and 2, supported by general
tools for making some simple queries. This phase would be at a "best effort” level over aperiod
of oneto two years.
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