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Abstract

This paper aimsto providelimited knowl edge awarenessto a conventional DBMS (Database
Management Systems). This goal is achieved by extending an off-the-shelf DBMS (Postgresal
in our case) in such way that it becomes ontology aware. The concept of ontology is used in
our approach as a way of formalizing knowledge and rel ationships among objectsin a domain
of interest. Our solution is compounded by two main pieces. an external knowledge server
and a set of functions to extend the DBMS. We argue that our solution is both powerful in the
sense of supporting knowledge retrieval in the queries, and generic, in the sense that it can be
deployed in any DBMS with the support for user-defined functions. Two application domains
that can benefit from our approach are data mining and ad hoc query processing in hypothesis
exploration environments (e.g. medical research). We also argue that our approach is original
in how it pushes a conventional DBMS towards having features like the ones expected from
Knowledge Base Management Systems (KBMS).

1 Introduction

Commercial relational DBM Ss are tailored to efficiently support fixed format data modelsin what is
known as data management. Nevertheless the upcoming demands in data analysis are pushing the
technological frontiersto allow that two new other dimensions be supported by such systems: the
object management and the knowledge management. We are specialy interested in the second
issue.

As defined by Stonebraker and Kemnitz [11], knowledge management entailsthe ability to store
“rules’ (asdefined in First Order Logic) that are part of the semantic of an application. These rules
allow the derivation of data that is not directly stored in the database. Later, we will see that our
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approach accomplishes the same thing by using another formalism, instead of storing rules, and we
will argue that this solution is actually much more flexible.

A number of application domains would benefit of the knowledge management capabilities,
and, therefore, a smple, powerful, and efficient mechanism to add the knowledge dimension to an
off-the-shelf DBMS can be rather useful.

Beforewedraw an analysis of how this was accomplished, we introduce the concept of ontol ogy.

O'Leary [8] defines an ontology as “an explicit specification of a conceptualization”. This
knowledge-based specification typically describes a taxonomy of the relationships that defines the
knowledge. Within the context of knowledge-management systems, ontologies are “ specifications
of discourse in the form of a shared vocabulary”. Informally, [3] remarks that an ontology usually
provides some help into describing facts, beliefs, hypotheses, and predictions about the world in
generd, or in alimited domain, if that is what is needed.

According to [8], ontology or taxonomy issues are emerging as one of the most important
problems in knowledge management, mainly as a medium to formalize knowledge and to allow
information sharing based on a common vocabulary [5].

Therefore what used to be a problem of Al, is now becoming a much broader issue because
severa application domains are making use of ontologies to add the knowledge dimension to their
tools.

Bench-Capon [ 2] citing an earlier research points out acouple of motivationsfor usi ng ontologies
as the way of organizing information. Among them, we deem the following as the most important
Ones:

1. Knowledge sharing: ultimately it would allow that a federation of knowledge bases be able to
solve problems by exchanging messages accordingly to the query.

2. Veification of a knowledge base: which is the validation of data as provided by traditional
systems.

The database community is also finding applications for the concept of ontologies, but with
a different target. One of the interesting applications is the ad hoc query generation problem in
complex domains.

Weinstein correctly points out in [15] that relational technology is suited to applications with
highly standardized data, because these applications can fit well into a design that breaks the data
into tables by normalization. On the other hand, in complex domains, normalization can produce a
plethora of tables, destroying the efficiency and maintainability.

This problem clearly comes up during the query generation. Conventionally, query generationis
doneusing GUI interfacesthat build the query using knowledge about the underneath datadescription
(e.g. relations and relationships) in such away that a SQL command is assembled and sent to the
database engine.

In most information systems, this approach is satisfactory because the queries and the query do-
main of interest being described are well defined and self-contained. Nonethel ess, some applications
may need more complex ways of generating queries, specialy for what we call data exploratory
tasks.

An example of an application scenario will make such issues blatant. Consider the medical
research domain. According to [9], typical medical databases have attributes with enormous name
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Figure 1: Excerpt of aproduct ontology. The weight of the edges represents obj ects originated from
aroot category (inthisexample, beverage, cheese, and snack).

gpaces. In addition to that, some attributes have semantic dependencies (ontological dependencies)
with each other and the interpretation of one attribute instance may depend on another one.

Stoffel et ali [9] describe a mechanism to overcome some of the hurdles of using conventional
DBMS just presented using two mainideas. Firstly, it stores some meta-data describing an attribute
hierarchy (represented as a DAG) that even support the creation of new derived attributes dynam-
icaly. Secondly, it uses a graphical query tool which is able to explore the hierarchy and generate
complex queries like find all patients with cultures growing gram negative rods. In this query
example, the powerfulness of their approach consists in the fact that the query retrieves patients for
whom the organism is a either a “gram-negative-rod” or any of its sub-categories (according to the
hierarchy of gram-negative rods).

The main advantage of this approach is that the users (in this case the medical speciaists) are
able to express more complex queries without the burden of becoming experts on the underlying
datamodel [10].

Stoffel et ali [10] also present the idea of semantic indexing. It consists in building ontology-
awareindicesthat would allow asystem to retrieve datagrouped by ontological concepts, essentially,
allowing efficient retrieval of tuples semantically associated.

These solutions are not generic enough, but they are a step in the right direction.

Another data exploratory task is data mining. Many of the data mining approaches generate
rules based solely on the contents of the database. Nevertheless, the utilization of some background
knowledge can supplement the discovery process and generate rules with semantical meanings,
based, for example, on aggregations over an ontol ogy.

As an example from the classical supermarket basket scenario [1], instead of generating rules
like Coke — Ruffles and Pepsi — Doritos (meaning, respectively, that a customer buying
Coke would buy also Ruffles, and that a customer buying Peps would also buy Doritos), we would
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Figure2: Two ontologies: A andB. A, B, C, F, G, and H are objects from ontology A, and D and
E are objects from ontology B. The arcs show intraand inter-ontol ogy rel ationships among obj ects.

generate something semantically more complex like Soda — SaltySnacks.

Taylor [12] describes the implementation of such ideas in the context of ParkaDB which is a
knowl edge representation system devel oped by the PLUS group at the University of Maryland. Their
authorsclaim that thisapproach led to the generation of rulesthat providea“clearer” synopsisof the
database. Thisis certainly achieved because instead of generating several potentially uninteresting
rules, the system generates rules based on concepts of higher abstractions, possibly uncovering
interesting relationships.

In the following section, we describe our approach which provides the infrastructure to support
the two application scenarioswe just discussed in ageneric way. Thisgoal is achieved by extending
a conventional, off-the-shelf DBMS. We aso draw some arguments pointing out that our approach
drives a DBMS towards a KBMS in terms of features. Basicaly, it presents to the user stronger
semantic capabilities in the query language and the possibility of storing knowledge in a very well
structured way.

2 Extending a DBM Sto support ontology-aware queries
Our approach pushes a conventional DBM S towardsaKBM S in terms of capabilitiesand henceitis

important to summarize some concepts. Formally, a knowledge-base management system (KBMS)
isasystem that [13]:

www.manaraa.com



AT&T MCI Lol

g_distance
g_distance

rovides_lon
£
ovides_lon

provides_long_distance
&
>

Pacific Bell Bell Atlantic

/
/

3/ a\

< 2\
a,?// 2\

.g, "&\
S 2
g k

/

Arizona California (SRS Florida [ Maryland  (SSSSSESER

. San | )
e Los Angeles [N College Park Salisbury [N

Figure 3: A sample ontology formed by two classes of objects. location (lower box) and
telecom_provider (upper box).

1. Provides support for efficient access, transaction management, and all other functionalities
associated to DBMSs.

2. Providesasingle, declarative language to serve the roles played by both the data manipulation
language and the host language in aDBMS.

One of the formalisms used to describe KBMS capabilities is presented in [14]. The author
tackles the general problem of representing knowledge in a database by using a data model* named
Datalog. Key to thisformalism is the concept of the extensiona database (EDB) which is formed
by tuples actually stored into the database, and the concept of the intensiona database (IDB) which
are basically predicates that embed some kind of knowledge about the world.

For example, considering an ontology describing beverages (like the example in figure
1) and possible relationships among instances of it, one possible powerful query to be is
sued in an ontology-aware application would be: SELECT * FROM bever ages_i nst ock
WHERE i s_a(bev_nanme, ’'Alcoholic’). That is, we would like to retrieve al
bever ages_i nst ock tuples which satisfy the predicate i s_a( bev_nane, ' Al coholic’),
i.e., dl tuplesthat are alcoholic products. It meansthat it doesn’t matter whether the product isfrom
the category of “wine” or “eggnog”, because both are “acoholic” (seefigure 1).

1A data mode is amathematical formalism with two parts: a notation for describing data and a set of operators to
manipulate that data[13].
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As with Datalog, our approach first defines a formalism to hold the domain knowledge, i.e.,
factual knowledge describing objects, properties, relations, classes, and subclasses, states, process,
parts, etc. And, later, we define the operators over the domain knowledge that ultimately will give
the DBM S the power of “reasoning” upon the raw data stored in its tables. In some sense, it can be
regarded asthe DB in Datalog, whereas the EDB isthe database provided by Postgresgl in the form
of therelational tables.

This approach is both ssimple and powerful. It is simple because the integration with an off-the-
shelf DBMS could be accomplished without any modification of its engine (though we would like
to, due to efficiency reasons), and powerful because it aggregates “reasoning” power to the query
answering process.

We shall see in the next subsection the way our own formalism allows Postgresgl to support
ontol ogy-aware queries turning it into something resembling aKBMS.

2.1 Formal Specification
Ontologies are defined as an abstract datatype (ADT) with three data structures:

1. aset of objects O. Figure 2 depicts two ontologiesA and B and, A, B,C, F, G, and H are
examples of objects that pertain to ontology A.

2. aset of named relationships (functions) N that labels mappings from one object to another
object. Initsbasicformitisafunctiondefinedasfollows f : O —, ationship_name O, therefore
named relationships are aways functions of arity 2.

Infigure 2, we can see an example of anamed relationship connecting objects A and C'. Inour
graph, we call thisrelationship of named_relationship_2. Also, we can see anamed relation-
ship connecting objects of different ontologies. In this case, we have named_relationship_l
connecting objects C' (from ontology A) and D (from ontology B).

Also, a more sophisticated kind of named relationship can also be defined. It alows an
object 01 to be connected to another object o, and its descendents according to a named
relationship that specifies which relation holds this parenthood relationship. The name of the
relationship that represents the parenthood is necessary because it can happen that two objects
are connected more than one time by different relationships. Formally, it would be defined as

f 10 :>(Telationship_name,parenthood_relationship_name) 0.

Anexampleof thiskind of relationship can be seeninfigure2. Object D isconnected to object
B, and al descendants of thelatter. Semantically, it meansthat complex relationship_1holds
for any pair fromtheset {(D, B), (D, F'),(D,G), (D, H)}.

3. an ontology graph G/(V, E'), where the vertices V' are objects (v; € O, where v, is one of the
verticesin V), and the edges E arerelationships (i.e., ¢; € N, such that ¢; is connecting two
vertices v; and vy, that have a named relationship or ¢s_a(v;) and is_a(vy) lead to objects o,,,
and o,, that have anamed relationship 2. Infigure 2, we show two subgraphs (onefor ontology
A and the other for ontology B).

2i5_a(X) returnsthe hierarchy of types for a given object.
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The ontology ADT is aso formed by two category of methods:

1. the named relationship which allows one to evaluate whether relationship_name(o;, o) or
relationship_name(is_a(o;),is-a(o;)) is valid, basically by looking it up in G, i.e., find an
edge that is an instance of the named relationship you are looking for. We can think of named
relationships as predicates as defined in the First Order Logic, in the sense that they return
either true or false.

Figure 2 shows generic examples of four named relationships. named_relationship 1,
named_relationship 2, complex relationship 1, and complex relationship 2. Figure 3
depicts a possible rea-world example, with named relationshipslike host s that interconnects
two objects of the category location, provides_long_distance which connects two objects
of the category telecom _provider, and provides_local which connects pairs of the category
(location, telecom provider).

2. the named inference path, which allows one to evaluate a complex (multiple-edge) relation-
ships, by describing apath (aconcatenation of edges) of named relationshipsto befound inthe
graph GG. In summary, it defines a path description to be found by a graph traversal algorithm.
Named inference paths are also regarded as predicates, and therefore thei r evaluation can be
either true or false.

Figure 4 shows a possible inference path for the knowledge base depicted in figure
3. provides_long_distance defines a path of length 2 that connects an object from
telecom_provider to another one from location. In order to satisfy this inference path, the
following pattern hasto befound: ¢elecom _provider connecting to another telecom _proveder
by arelationship provides_long_distance which is also connected to an object (ocation by
anamed relationship provides_local (if the named relationship is a complex one, the parent-
hood relationship is hosts). Notice that here we are allowing the overloading of the name
provides_long_distance. Thename clashisresolved by thetype of the parameters (the named
relationship provides_long_distance connects two objects of the category telecom provider
and the inference path connects a pair of (location, telecom _provider).

The approach just described shares some commonalitieswith the concept of semantic networks®
developed in the context of Artificial Intelligence. Nonetheless, our formalism constraints the way
the graph structure can be explored to perform reasoning efficiently, because the DB administrator is
supposed to define himself/herself the named inference paths that make sense in his/her application,
restricting the way “reasoning” can be done.

3 Implementation

Traditional relational DBMSs support a data model consisting of a collection of named relations
(formed by typed attributes). Postgres is a DBMS that extends this paradigm by alowing the

3In Al, a semantic network is agraph structure that encode taxonomic knowledge of objects and properties. In this
domain, nodes can be either taxonomic categories, properties, or object constants. The arcs can be either subset arcs
(denotingisa links), or set membership arcs (instance links).
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Figure 4: provides_long_distance(location, telecom _provider) is an example of an named infer-
ence path. An it is evaluated by searching a path that connects an instance of an object [ocation
to an instance of an object telecom provider, by finding the two intermediate named relation-
ships provides_long_distance and provides_local. Since provides_local can also be a complex
relationship, we are specifying that the parenthood relationship is rost s.

definition of new classes, types, and functions[11]. Itsimplementation started as aresearch program
in 1986. Currently, Postgres has become an open-source piece of software renamed to Postgresql
and supported by a number of developers over the Internet.

Our implementation basically consisted of extensions to Postgresgl to provide new functions,
and, through these, inference mechanisms. Both are implemented by interactions between the
back-end engine with an ontology server, also developed in the context of this present work.

In this first approach, we are providing a basic interface of new function calls that can be used
in conventional SQL commands. These functions are exactly the access methods of interaction with
the ontol ogies stored in the ontol ogy server: the named relationships and the named inference paths.

These functions (access methods) interact with the ontology server by a mechanism of dynamic
linking. The ontology server is the autonomous module in charge of storing the data structures
mentioned in the previous section and aso of implementing the access methods.

Currently thefunctionsarebuilt tail ored to the ontol ogieswe have currently stored in the ontology
server. But we intend to provided a generic interface so the user can define ontologies using the
conventional relational data model and external information. And then, from these two pieces of
data, the methods to handle the ontology will be automatically constructed. Therefore, it will be
possible to avoid the burden of using a programming language to describe the ontology, and what is
even worse, integrated a newly built ontology to a universe of the already existing ontologies.

The access methods are implemented as graph traversal routines. And they can be used either as
athe name of the column to be projected or as part of acondition in an arbitrary query. For example:

SELECT beverage _nane, is_a(beverage nane,’ Al coholic’)
FROM bever age_dat abase;

or
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SELECT beverage_nane
FROM bever age_dat abases
VWHERE i s_a(beverage nane,’ Al coholic’);

In the above example, i s_a(beverage.nane,’ Al coholic’) should be read as
is_a(beveragename) ==" Alcoholic’. Therefore, in order to evaluate the predicate i s_a, the graph
depicted in 1 must be traversed until it can be verified whether a path connecting beverage name
and Alcoholic exists or not. Thistask is accomplished by the ontology server and a boolean result
isreturned. It should be noticed that the path can be potentially very long, depending on how deep
and complicated the ontology is.

Another possibility isthe utilization of the functions to aggregate or order the tuples, likein:

SELECT nane, i s_a(nane,’ Soda’)
FROM i nst ock
ORDER BY is_a(nane,’ Soda’);

4 Using the improved Postgresql

In the last section, we have described some utilization of ontologies, athough they are rather trivial,
they already start to show awhole new set of capabilitiesin query answering that the users can make
use of.

The utilization of the inference path function calls gives the power of limited “reasoning” over
the database. An example of a query using the named inference path in the context of our telecom
provider (figure 3) would be:

SELECT custoner _nane, custoner_address, tel ecom provider_ nane,
FROM cust onmers, tel ecom providers
WHERE cust onmer _nane="John Doe’ AND

provi des | ong _di stance(custoner_city,tel ecom provi der_nane);

In this case something much more complex than the information already in the database
is being deduced using a function call that invokes the named inference method function
(provides_long_distance), and triesto find a path in the ontology graph.

A Cartesian product is executed using the tables cust oner s and t el ecompr ovi ders
and then the expression is evaluated to check if the tuples satisfy it. The evaluation of
provi des_ | ong.di stance(custoner city, tel ecomprovi der _nane) requires that
the ontology server find a path in the graph of figure 3 that connects the customer to along distance
carrier provider. For example, let’s suppose that John Doe lives in College Park. College Park is
connected to Bell Atlantic by aprovides_local named relationship, and Bell Atlantic is connected to
MCI by aprovides_long_distance named relationship. Therefore, MCI is returned as an answer to
the query. By the same reasoning, so are LCl and AT& T. Thislatter one because of the local service
to College Park offered by Jones Communications. Thus, the output obtained from Postgresql is:
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cust oner _name t el ecom nane

John Doe MCl
John Doe LC
John Doe AT&T

Nevertheless, even more interesting utilization can be implemented using the libpq interface’.
The implementation of complex data mining or hypothesis testing queries can be easily achieved
and so we can, for example, implement the algorithmslike the ones described in [12] or [9].

Another intriguing possibility is the extension of the work of Meo et ali [7] and implementing
the MINE RULE operator in an ontology-aware fashion such as the example bellow suggests:

M NE RULE Si npl eAssoci ations AS

SELECT DISTINCT 1..n item AS BODY, 1..1 item AS HEAD, SUPPORT, CONFI DENCE
FROM Pur chase

WHERE price<=15 AND (is\_a(BODY,’ Soda’) AND is\_a(HEAD,  Chips’')),

GROUP BY transaction

EXTRACTI NG RULES W TH SUPPCRT: 0.1, CONFIDENCE: 0.2

The original implementation mentioned in Meo's paper was concerned with retri eving purchases
of itemsthat cost morethat $15 into atemporary table Simple Associations. Eachtuple corresponds
to a discovered rule. The SELECT clauses defines the structure of the rule: the body is a set of
i t ens whose cardinality isany positive integer, and the head is defined as set containing one single
item. Our contribution hereisto allow rulesto be grouped into a higher ontological category, inthis
case Soda and C'hips, instead of particular instantiations of these categories.

As just showed here, the same approach could be used for the other categories of data mining
summarized in Meo'’s paper.

4.1 Limitations and Future Work

Our implementation is fully functional and the ontology server was deployed as an external plug-in
to Postgresgl. Nonethel ess, we foresee adesign wherethe ontology itself can be stored into carefully
crafted relations, and the methods can be implemented using the libpq interface to perform the
graph traversal operations over the relations. This implementation would make the whole system
integrated. Postgresgl currently does not allow usto use this alternative though, because its parser is
not reentrant. We are working to overcome this limitation by a couple of modification in its source
code.

As already mentioned, one scenario that would benefit from our infrastructure is the hypothesis
testing environment. Thus, a very useful improvement would be the deployment of a graphical
interface to generate ontology-aware queries. This would make possible to generate high level
guerieslike the ones presented in [12].

One limitation of our approach isdue to the fact that currently thereis no interaction between the
ontology server and Postgresgl’s optimizer. Therefore, the optimizer is blind when computing the

4The libpq [4] interface allows the development of applications that interacts with the DBMS by calling functions
that send SQL commands to the back-end, and get the results back.
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cost of either named relationship or inference path is concerned. Moreover, because the ontology
server assumes no locality in running its methods, alot of computation can be wasted. To make this
example clear, let’s anayze the following query:

SELECT custoner _nanme, custoner_address, tel ecom provider_nane,
FROM cust onmers, tel ecom providers
VWHERE provi des_| ong_di stance(custoner _city,tel ecom provi der _nane);

This query executes a Cartesian product and, depending on the database contents, the inference
path provides_long_distance('College Park') Bell Atlantic’) will be computed multipletimes. As
pointed out, the computation of such a method is actually implemented as a graph traversal and
can be pretty expensive. Nevertheless, because this problem can show up frequently, the ontology
server could implement a caching mechanism, and hence avoid the re-computation of things already
known. In fact, caching can be pretty beneficial due to the fact that the knowledge stored in the
ontology server tendsto befairly constant over time.

Another improvement to be implemented i sthe devel opment of indexing methodsto improvethe
performance of the graph traversal routines, by borrowing the paradigm followed by the Generalized
Search Tree [6].

Finaly, we can state that our ultimate goal is the deployment of the ontological knowledge as
the data model for the data management system. In some sense, agiven data model in the relational
model is already a subset of an ontology for some domain. In effect, Chandrasekaran points out
in [3] that databases built using the ssmple ontology cannot make simple inferences that one would
expect to be able to make given a knowledge base and our proposal will overcomethis barrier inthe
same way our current work does, i. e., making the ontology the formalism for describi ng the data
model would give al the power that our solution provides, plus the benefits of being completely
integrated into the database engine, and therefore allowing a perfect interaction with the indexing
and optimizing subsystems.

5 Concluson

The greatest advantage of our approach is the utilization of conventional off-the-shelf DBMS. And
hence the possibility that it can be used with legacy systems without introducing the burden of the
implementation of new architecture with awhole new design-implement-test cycle.

In effect, the knowledge dimension can be aggregated only to portions of the database that will
benefit from it. For example, in a supermarket management database infrastructure, an ontology
tailored to the sale transactions could help identify high level rules like the ones described in section
1 without disrupting the database that deals with stock management. Likewise in amedical center,
only the databases of the information systems related to managing clinical data would be modified
to help a pathologist to find a set of rules that defines the pattern of efficiency of a given antibiotic
against afamily of bacteria.

Despite the gains of our approach, we still can have higher improvements if we extend the
DBMS to have the ontology as its language to describe the data model in the way described in the
last section. And then obtaining atrue, full-fledged KBM S with the needed efficiency and power of
expression.
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