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data and its related ontology in a consistent manner [6, 12, 18]. Fu-

Supporting semantic queries in relational databases is essential tc?l'ng this need to support semantic queries in relational databases

many advanced applications. Recently, with the increasing use o

flsa growing number of advanced applications such as product in-

ontology in various applications, the need for querying relational formation management (PIM) systems, customer relationship man-

data together with its related ontology has become more urgent. In

this paper, we identify and discuss the problem of querying rela-
tional data with its ontologies. Two fundamental challenges make
the problem interesting. First, it is extremely difficult to express

queries against graph structured ontology in the relational query

language SQL, and second, in many cases where data and its re

lated ontology are complicated, queries are usually not precise,

that is, users often have only a vague notion, rather than a clear

understanding and definition, of what they query for. We outline
a query-by-example approach that enables us to support semanti

agement (CRM) systems, electronic medical records (EMRS) sys-
tems, etc.

Consider an EMR (electronic medical records) system. Clini-
cians recording the diagnosis of a patient visit may choose differ-
ent disease codes for the same symptoms that the patient is ex-
hibiting. One clinician might describe a patient diagnosis using the
code for “Tumor of the Uvea”, while another might use the code
for “Iris Neoplasm”. In the patient's EMR a generic term like “Eye
Neoplasm” might be recorded instead of the more specific “Tumor

of the Uvea” (we will use the more descriptive terms instead of

queries in relational databases with ease. Instead of endeavoring t4"€ corresponding codes in this paper in the interest of readabil-

incorporate ontology into relational form and create new language
constructs to express such queries, we ask the user to provide
small number of examples that satisfy the query she has in mind.

Using these examples as seeds, the system infers the exact quer%/ol

automatically, and the user is therefore shielded from the complex-
ity of interfacing with the ontology.

Categories and Subject Descriptors

H.3.3 [Information Storage and Retrieval]: Information Search
and Retrieval-Query formulation H.5 [Information Interfaces
and Presentatiorj: Miscellaneous

General Terms
Algorithms

1. INTRODUCTION

There is an urgent need to incorporate ontology into the realm of

ity). Hence, in order to obtain meaningful results from querying an
MR database, the query processing system needs to understand
the semantics of the query and the data.
The need for data semantics has spurred the increasing use of on-
ogy in various applications. Continuing with the EMR example,
many ontologies have been developed to capture the semantics of
various sub-components of EMR data. For example, the National
Cancer Institute (NCI) Thesaurus [14] is a collection of ontolo-
gies spanning the following areas: Drugs and Chemicals, Diseases
Disorders and Findings, Anatomic Structure System or Substance,
Gene, Chemotherapy Regimen etc. Fig. 2 shows a fragment of
the NCI Thesaurus in graphical form. Moreover, many of these on-
tologies are well integrated with existing data coding terminologies
(eg, SNOMED [9], ICD9 [8]) used by industry EMR formats such
as HL7 [7] and CCR [5]. With the confluence of ontologies, coding
terminologies, and data standards, the need for querying relational
data along with its related ontology has become even more urgent.
Although we recognize the importance of querying relational
data along with its related ontology, it is extremely tedious and time
consuming to understand ontology, and use ontology in database

object relational databases (ORDBMSs) so that the user can queryqueries. The success of the relational database technology is at least
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partly due to the spartan simplicity of its data model and query lan-
guage, which insulate the user from the physical implementation
of the database. But for semantic queries, users are often exposed
to the full complexity of the ontology. Still, integrating data and
its related ontology is a challenge too important to ignore. There
are two major approaches in attacking this problem. One is to flat-
ten graph-structured ontologies into relational form [6, 18], and the
other is to extend ORDBMSs and SQL to handle non-relational
data directly [11, 12]. However, both approaches incur tremendous
system cost, but have limited success in taking the tediousness out
of handling semantic queries.

In this paper, we discuss the problems and challenges of support-



[vID ] date [ patentlD | diagnosis FROM Thesaurus TVisit V

1 20080201| 3243 Brain Neoplasm WHERE srcIN

2 20080202 4722 Stomatitis (SELECT DISTINCT srcFROM Traversedl

3 | 20080202| 2973 | Tumor of the Uvea AND T.rel = 'Synonym'

4 | 20080204| 9437 | Corneal Intraepithelial Neoplasia AND T.tgt = V.diagnosis

5 20080205| 2437 Choroid Tumor . . . . -

Alternatively, if we write the same query against the original XML
format of the NCI Thesaurus, we have the following.
. WITH Traversed (cls,symS (
Figure 1: The tablevi si t recording patient visits (SELECT R.cls, R.syn
FROM XMLTABLE ('Documeng'Thesaurus.xml")
/terminology/conceptDef/properties

. . L. . roperty/name/text()="Synonym" and
ing semantic queries in database systems. Our experience tells us g)roppertr;};\/aue/texto():"Ey)é Tur)]/']or"]
that if the semantic query can be expressed using traditional query Iproperty[name/text()="Synonym"]/value’
languages such as SQL, processing the semantic query is relatively COLUMNS

. L . cls CHAR(64)PATH ’./parent::*/parent::*
straightforward even though the challenge of query optimization Jparent:*name’,
remains. The crux of the problem lies in the difficulty and complex- tgt CHAR(64)PATH'.) AS R)
ity of expressing the semantic queries. There are two fundamental UNION ALL

hallenges in expressing semantic queries. First, ontologies are in- BELECT CH.cls.CH.syn

c 9 p g queries. s 9 ! FROM Traversed PR
herently graph-structured and expressing graph structured queries XMLTABLE (' Document'Thesaurus.xml")
succinctly is extremely difficult. Second, there is often a mismatch /termim:[lgtgy/tC(;)n;eptDet;//definir:gcloncegts//

; : . : _ concept[./text()=$parent])/parent::*/parent::*
between.the semantics in the users mind anq the semantics ex properties/property[nameltext()="Synonym"Jvalue’
pressed in the ontology. Consequently semantic queries are often PASSING PR.CISAS "parent"
difficult to be crisply defined. One possible solution is to define COLUMNS ’
new query languages that would allow the user to express graph- cls CHAR(64)PATH bﬁiﬁf‘_&/’p’arent”*/name,
structured queries more easily. Even then, the second challenge is syn CHAR(64)PATH’) ASCH)) '
not addressed. The future success of incorporating ontologies into SELECT DISTINCT V¥
practical database query processing depends on whether we can \'jVRHOE’\él{gA\S/Itd\iggnosi ™
find automatic or semi-automatic methods to help users express se- (SELECT DISTINCT synFROM Traversed

mantic queries.

Our investigation into the problem of expressing semantic queries . o . .
lead us to find a different approach that would insulate the users In both instances, it is not straight-forward to write the query and
from the complexity of the ontology, yet still enable them to ask the user needs to have an intimate knowledge of the structure of the

every possible semantic query. We believe that a semi-automatic®Mt0l0gy such as existence of “synonym”, and *is_a” edges.
framework is required that would bridge the gap between a query

in a user's mind and the final result of the query. Furthermore, the 3. CHALLENGE #2: FUZZINESS OF SEMAN-
users should not be required to handle the ontology directly, or to TIC QUERIES

map the ontology into a relational form.

The rest of the paper is organized as follows. The next two sec-
tions describe the two fundamental challenges in detail. Section 4
summarizes the requirements needed to address the two challenge
Section 6 concludes with an outline of a possible approach.

The second fundamental challenge is the inherent fuzziness in
the semantics of the query. In most practical applications, the data
and the ontology behind it are quite complicated and consequently
The queries are no longer exact, that is, users often have no more
than a vague notion, rather than a clear understanding and defini-
tion, of what they query for. In other words, even if the users have

2. CHALLENGE #1: EXPRESSING GRAPH intimate knowledge of the structure of the ontology, they might not
STRUCTURED QUERIES be able to precisely specify what they want to find.

The first fundamental challenge is the difficulty in expressing EXAMPLE 2. Find all patients diagnosed with some disease in
queries against a graph structured ontology. The following example the choroid, which is part of the eye.

illustrates the complexity of expressing semantic queries in SQL.
Intuitively, the user wants to find patients with some disease that af-

EXAMPLE 1 (RUNNING EXAMPLE). Suppose we have ata- fects or is located in the choroid. In the NCI Thesaurus, there are 3

ble of patient visit records as shown in Fig. 1, of which the diagno- separate types of relationship linking disease concepts to anatomic
sis column is associated with the NCI Thesaurus ontology (Fig. 2). |ocations:

Consider the query to find all patients diagnosed with eye tumor. | pisease_Has_Primary_Anatomic_Site
2. Disease_Has_Associated_Anatomic_Site
3. Disease_Has_Metastatic_Anatomic_Site
Even if the user knows the structure of the NCI Thesaurus ontol-
ogy, i.e., she knows about the three types of relationships that are

Using existing RDF-like data models [18], we could store the ontol-
ogy as triples in th@hesaurus(src, rel, tgt) relation and
attempt to write the query in Example 1 using recursive SQL:

WITH Traversed (SrchS ( relevant to the query, without looking at the results, the user still
G S e may not know whether the query should use one of these relation-
WHERE tgt = 'Eye Tumor' AND rel="Synonym) ships to “choroid” or all of them. If the user_does not know the

UNION ALL structure of the ontology at all, then he certainly would not know
SELECT CH.tgt ; e i ;
FROM Traversed PRThesaurus CH how tc_) specnfyhthe query exa_cltly. The query semantics is Cl?rtalﬂly
WHERE PR src = CH.SIAND CH.rel='is_a’)) not crisp and hence not easily expressed in SQL especially when

SELECT DISTINCT V.* the structure of the ontology is not well-known to the user.
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Figure 2: A three level fragment of the NCI Thesaurus ontology. Ellipical nodes denote concepts. Rectangular nodes denote projyevalues. Edges
between concepts denote subsumption relationships. Magreti view on the right.

4. ADDRESSING THE CHALLENGES sult and return it to the user. In the query processing process, as

Our investigation lead us to explore semi-automatic approachesan optional active learning mechanism, the user will be probed sys-
for helping the user to express the semantic queries. In order totematically to determine whether certain tuples satisfy her query
address the two challenges we identified, an ideal semi-automaticin order to help clarify her intention and speed up the query pro-
method needs to satisfy the following requirements. cessing process. False positive errors in the query results can be

First, the user should not need to know the structure of the ontol- detected by the user and fed back to the system as part of the active
ogy intimately. Ontologies are complex representations of knowl- l€amning process. Since a semantic query is inherently fuzzy, the
edge that are meant for computer processing. It would defeat theUser typically expects only a subset of the full results, false neg-
purpose of having machine readable ontologies, if the user still ative errors can be ameliorated by doing active learning until the
needs to understand and know the ontologies. desired number of result tuples are obtained.

Second, the user should not need to know how the ontology is  Using the QBE approach for Example 1, the user no longer needs
modeled and stored in the database. The user should be able td0 Write the unwieldy SQL queries, but instead provides examples
pose the semantic query independent of how the ontology is storedf tuples, say tuples with viD 4 & 5, that satisfy the query she has
and modeled in the database. in mind. In other words, our method insulates the user entirely

Third, we do not need another query language. Having the user from the complexity of understanding and using ontologies. Con-
learn another query language and express her semantic queries in i#€duently, there is no need to map ontologies into relational form.
is not reducing the complexity of the task.

Fourth, the user needs to be able to refine the semantic query
to match her information needs. As we have previously shown, - RELATED WORK
semantic queries are rarely crisply defined. Managing ontology data alone is not a new topic and several sys-

One particular semi-automatic approach that we are investigat- tems have been developed [13, 15, 16, 19, 20] during the past years
ing is using the query by example (QBE) paradigm for semantic Some of these systems store ontology data in a file system, making
queries. The QBE paradigm takes advantage of user-provided ex-querying them very hard [16]. The other systems transform the on-
amples that satisfy the query as seeds to automate the query protology data into RDF form and store the RDF triples in a relational
cess. Specifically, we envision the semantic QBE approach as con-database. Processing of ontology-related queries in these systems
sisting of three steps. In the first step, the user provides severalis typically done by an external middle-ware (wrapper) layer built
examples that satisfy the query she has in mind. In the second steppn top of a DBMS engine, and DBMS users can't really reference
the system learns the semantics of the query from the given ex-ontology data directly.
amples and their related ontologies. In the third step, the system Querying relational data together with their semantics encoded
applies the semantics on the data to generate the entire query rein ontology is an emerging topic that attracts a lot of attentions re-

cently. Das et al. [6] proposed a method to support ontology-based
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