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Abstract— As the use of Electronic Medical Records (EMRs)
becomesmore widespread,sodoesthe needfor effective informa-
tion discovery within them. Recently proposedEMR standards
are XML-based. A key characteristic in these standards is the
fr equent use of ontological references,i.e., ontological concept
codesappear asXML elementsand are usedto associateportions
of the EMR document with concepts de�ned in a domain
ontology.

A rich corpus of work addressessearching XML documents.
Unfortunately, theseworks do not make useof ontological refer-
encesto enhancesearch. In this paper we presentthe XOntoRank
systemwhich addressesthe problem of ontology-aware keyword
search of XML documents with a particular focus on EMR
XML documents.Our curr ent prototypes and experiments use
the Health Level Seven (HL7) Clinical Document Ar chitecture
(CDA) Release2.0 standard of EMR representation and the
SystematizedNomenclature of Human and Veterinary Medicine
(SNOMED) ontology, although the presented techniques and
results are applicable to any EMR hierarchical format and any
ontology that de�nes conceptsand relationships.

I . INTRODUCTION

The National Health Information Network (NHIN) and
its data-sharingbuilding blocks, RHIOs (Regional Health
Information Organizations),are encouragingthe widespread
adoptionof Electronic Medical Records(EMR) for all hos-
pitals within � ve years.A key componentof this effort is
the standardizationof EMR. To date, there has been little
or no effort to de�ne methodsor approachesto searchsuch
documentseffectively.

Oneof themostpromisingstandardsfor EMR manipulation
andexchangeis HealthLevel 7's [1] Clinical DocumentArchi-
tecture(CDA) [2], which leveragesa semi-structured(XML)
format, andontologiesto specify the structureandsemantics
of EMRsfor thepurposeof ElectronicDataInterchange(EDI).

In this paperwe presentthe XOntoRanksystem,which ad-
dressestheproblemof facilitatingontology-awareinformation
discovery within a corpusof XML-based EMR documents.
By information discovery [3], [4] we meanthe extraction of
relevant piecesof data from a databasegiven a user query.
Informationdiscovery canbe viewedasan extensionof tradi-
tional InformationRetrieval (IR), which rankstherelevanceof
unstructureddocumentsgiven a keyword query. Hence,given
a question(query) and a set of EMRs, we needto �nd the
entities (typically subtrees)that match the query, and rank
themaccordingto their “goodness”with respectto the query.
The successof Web searchengineshasshown that keyword
queriesare a useful and intuitive approachto information
discovery. Therefore,we focus on keyword queries in this
paper.

A largecorpusof work (e.g.[5], [6], [7], [8]) addresseskey-
word searchof XML documents,wherethe query keywords
are matchedto XML nodesand a minimal tree containing
thesenodesis returned.A variety of ranking techniquesare
used,rangingfrom thesizeof theresult-treesto adaptationsof
InformationRetrieval (IR) scoring.Investigatorshaveexplored
ontologies(e.g. [9], [10]) for XML querying; we compare
themto our work in SectionVIII.

For example,considerthequery“Br onchial StructureTheo-
phylline” and a CDA documentsuch as the one in Fig-
ure 1, which is explainedin detail in SectionII. The phrase
“Br onchial Structure” does not appear in this document.
Hence,most traditional XML-basedkeyword searchsystems
will not return any results.However, this documentcontains
an ontological referenceto an “Asthma” conceptde�ned in
SNOMED(in Line 39,Figure1). TheSNOMEDontologyfur-
therde�nesa “�nding-site-of ” relationshipbetween“Asthma”
and “Br onchial Structure” (as shown in Figure 2). Hence,



basedon thede�nitions in theontology, a result treeconnect-
ing the “Asthma” node of Line 39 and the “Theophylline”
nodeof Line 50 canbe createdasoutput.

The use of ontological de�nitions allows us to perform
semanticsearchon theXML documents.We no longerrequire
an exact match betweenkeywords in the query and in the
document,but we can make use of the domain ontology
to infer a semantic relationship betweenkeywords in the
queryandtermsin the document.This allows returningmore
resultsthanwould otherwisebe returnedwith an exact-match
requirement.This papermakesthe following contributions:

1) Introduce the problem of ontology-aware keyword
searchamongXML-basedEMR documents,which can
be extendedto generalXML documents.

2) De�ne thesemanticsof whatconstitutesaresultandhow
theresultsarerankedfor theproblemof ontology-aware
keyword searchwithin the EMR. We leverageprevious
work relatedto searchingXML data.

3) Develop a set of techniquesto compute the degree
of associationbetweenontological conceptsthat take
into accountboth taxonomicis-a links aswell asmore
generalsemanticrelationshipsbetweenconcepts.This is
a corecomponentof our rankingframework.

4) Createandexperimentallyevaluatealgorithmsto answer
ef�ciently ontology-aware keyword queries in EMRs.
Thesealgorithmswere testedwith real EMR data ac-
quired from a local hospital.

We note that our study does not addressthe important
privacy issuesinvolved in accessingpatient information, as
requiredby HIPAA [11]. Thepoliciesandprinciplesdescribed
in [12] couldwork asa startingpoint in achieving Hippocratic
informationdiscovery.

The rest of this paper is organizedas follows: SectionII
presentsbackgroundknowledge.SectionIII de�nes the prob-
lem andits semantics.Alternative approachesto computethe
semanticrelevanceof an ontological conceptto a keyword
are presentedin Section IV. In Section V we presentthe
architecture.SectionVI presentsthe algorithmsto implement
the approachesof Section IV. SectionVII presentsthe ex-
perimentalevaluation of XOntoRank.Section VIII presents
previous work andwe concludein SectionIX.

I I . BACKGROUND

HL7: HealthLevel Seven(HL7) [1] is a not-for-pro�t organi-
zationthatprovidesstandardsfor interoperabilityin thehealth-
care industry, mainly focusedon clinical and administrative
data.HL7 is anAmericanNationalStandardsInstitute(ANSI)
-accreditedStandardsDeveloping Organization (SDO) that
includesproviders, vendors,payers,consultants,government
groupsandotherentitiesinterestedin developingclinical and
administrative standardsfor healthcare.

HL7 standardsspecify a series of �e xible standardsto
facilitate the communicationbetweenheterogeneoussystems
and vendors, allowing information to be shared and pro-
cessedin a uniform andconsistentmanner. During the years,
HL7 has developed ConceptualStandards(i.e. HL7 RIM),

1 <? xml version="1.0" ?>
2 <ClinicalDocument xmlns=" urn:hl7-org:v3 " xmlns:voc=" urn:hl7-org:v3/voc "

xmlns:xsi=" http://www.w3.org/2001/XMLSchema-instance "
xsi:schemaLocation=" urn:hl7-org:v3 CDA.ReleaseTwo.Committee.2004.xsd "
templateId=" 2.16.840.1.113883.3.27.1776 ">

3 <id extension=" c266 " root=" 2.16.840.1.113883.3.933 " />
5 <author>
6 <time value=" 20040407 " />
7 <assignedAuthor>
8 <id extension=" KP00017" root=" 2.16.840.1.113883.3.933 " />
9 <assignedPerson>
10 <name>
11 <given> Juan </given>
12 <family> Woodblack </family>
13 <suffix> MD</suffix>
14 </name></assignedPerson></assignedAuthor></author>
15 <recordTarget>
16 <patientRole>
17 <id extension=" 49912 " root=" 2.16.840.1.113883.3.933 " />
18 <patientPatient>
19 <name>
20 <given> FirstName </given>
21 <family> LastName </family>
22 <suffix> Jr. </suffix>
23 </name>
24 <administrativeGenderCode code=" M" codeSystem=" 2.16.840.1.5.1 "/>
25 <birthTime value=" 20020924 "/>
26 </patientPatient>
27 <providerOrganization>
28 <id extension=" M345" root=" 2.16.840.1.113883.3.933 "/>
29 </providerOrganization></patientRole></recordTarget>
30 <component>
31 <StructuredBody>
32 <component>
33 <section>
34 <code code=" 10160-0 " codeSystem=" 2.16.840.1.113883.6.1 "

codeSystemName=" LOINC"/>
35 <title> Medications </title>
36 <entry>
37 <Observation>
38 <code code=" 84100007 " codeSystem=" 2.16.840.1.113883.6.96 "

codeSystemName=" SNOMEDCT" displayName=" Medications "/>
39 <value xsi:type=" CD" code=" 195967001 " codeSystem=

" 2.16.840.1.113883.6.96 " codeSystemName=" SNOMEDCT"
displayName=" Asthma ">

40 <originalText><reference value=" m1"/></originalText>
41 </value></Observation></entry>
42 <entry>
43 <Observation>
44 <code code=" 84100007 " codeSystem=" 2.16.840.1.113883.6.96 "

codeSystemName=" SNOMEDCT" displayName=" Medications "/>
45 <value xsi:type=" CD" code=" 32398004 " codeSystem=

" 2.16.840.1.113883.6.96 " codeSystemName=" SNOMEDCT"
displayName=" Bronchitis ">

46 <value xsi:type=" CD" code=" 91143003 " codeSystem=
" 2.16.840.1.113883.6.96 " codeSystemName=" SNOMEDCT"
displayName=" Albuterol " />

47 </value></Observation></entry>
48 <entry>
49 <SubstanceAdministration>
50 <text><content ID=" m1"> Theophylline </content> 20 mg every

other day, alternating with 18 mg every other day. Stop
if temperature is above 103F. </text>

51 <consumable>
52 <manufacturedProduct>
53 <manufacturedLabeledDrug>
54 <code code=" 66493003 " codeSystem=" 2.16.840.1.113883.6.96 "

codeSystemName=" SNOMEDCT" displayName=" Theophylline "/>
55 </manufacturedLabeledDrug></manufacturedProduct></consumable>
56 </SubstanceAdministration></entry>
57 </section></component>
58 <component>
59 <section>
60 <code code=" 11384-5 " codeSystem=" 2.16.840.1.113883.6.1 "

codeSystemName=" LOINC"/>
61 <title> Physical Examination </title>
62 <component>
63 <section>
64 <code code=" 8716-3 " codeSystem=" 2.16.840.1.113883.6.1 "

codeSystemName=" LOINC"/>
65 <title> Vital Signs </title>
66 <text>
67 <table>
68 <tr>
69 <th> Temperature </th>
70 <td> 36.9 C (98.5 F) </td>
71 </tr>
72 <tr>
73 <th> Pulse </th>
74 <td> 86 / minute </td>
75 </tr></table></text>
76 <entry>
77 <Observation>
78 <code code=" 50373000 " codeSystem=" 2.16.840.1.113883.6.96 "

codeSystemName=" SNOMEDCT" displayName=" Body height "/>
79 <effectiveTime value=" 200404071430 "/>
80 <value xsi:type=" PQ" value=" 1.77 " unit=" m" />
81 </Observation></entry></section></component></section></component>
82 </StructuredBody></component></ClinicalDocument>

Fig. 1. HL7 CDA SampleDocument



DocumentStandards(i.e. HL7 CDA), Application Standards
(i.e. HL7 CCOW) and MessagingStandards(i.e. HL7 v2.x
andv3.0). Thesestandardsde�ne the language,structureand
datatypesthat participatein the integrationof heterogeneous
systems[13].

SNOMED CT: TheInternationalSystematizedNomenclature
of Human and Veterinary Medicine (SNOMED) [14] has
maturedinto a comprehensive setof over 150 000 recordsin
twelve different chaptersor axes. SNOMEDClinical Terms
(SNOMED CT) is a universal health care terminology and
infrastructure.TheSNOMEDCT (simply termed“SNOMED”
in the rest of the paper) structure is concept-based;each
conceptrepresentsa unit of knowledge,having one or more
natural languageterms that can be used to describe the
concept.Every concepthasrelationshipswith otherconcepts,
including hierarchical“is-a” relationshipsas well as other
relationshipsthat describeclinical attributes.

Figure 2 shows a sub graph of the SNOMED ontology
graph.At themoment,SNOMEDcontainsmorethan325000
concepts,with 800 000 termsin English,350 000 in Spanish
and150000in German.Also, thereare1 200000relationships
connectingthese terms and concepts.SNOMED terms are
referencedin CDA documentsby their numericcodes.

Fig. 2. Subgraphof SNOMED Ontology.

Clinical Document Ar chitecture (CDA): CDA is an XML-
baseddocumentmarkupstandardthat speci�es the structure
and semanticsof clinical documents,suchas discharge sum-
mariesandprogressnotes,for the purposeof exchange.It is
an ANSI-approved HL7 standard,intendedto becomethe de
facto standardfor electronicmedical records.Figure 3 [15]
shows a fragmentof the CDA's ObjectModel that represents
the semanticconstructsof the ReferenceInformation Model
(RIM) [16], depictingtheconnectionfrom a documentsection
to a portion of the CDA clinical statementmodelwith nested
CDA entries.Thecolorsin Figure3 identify theseclasseswith

the coreclassesof RIM (Redfor Act specializations,blue for
Participations,greenfor Entities, yellow for Roles and pink
for Relationships).

Fig. 3. Fragmentof CDA ObjectModel.

Figure 1 depictsa sampleCDA document,��� , which is
wrappedby the“ClinicalDocument” element,asit appearsin
Line 2. The CDA header(Lines 3-29) identi�es andclassi�es
thedocument,andprovidesinformationabouttheparticipants
(patientandproviders).The CDA body (Lines 30-82),which
is wrappedby the “StructuredBody” element,is the core of
the document.It can be either an unstructuredsegment or
an XML fragment. Every information unit is allocated as
a section under a component,following the class diagram
of Figure 3. A section can representany of the entities
under the clinicalStatementsuperclass,and hence we �nd
several sectionssuchas Observations(Lines 37 and 43) and
SubstanceAdministration(Line 49).

We focus on structuredCDA documents,which provide
a better opportunity for high-quality information discovery.
Traditional Information Retrieval (IR) approaches[17], [18]
can be applied to the unstructuredscenario.Note how cer-
tain XML elementsin ��� referenceconceptsof SNOMED.
For example,Line 39 in Figure 1 referencesthe SNOMED
(as system code=“2.16.840.1.113883.6.96” ) concept with
code=“84100007”.

I I I . PROBLEM DEFINITION AND SEMANTICS

XML data: Our data collection is a set �����	�
�	
��
���



�����

of XML documents.We view an XML documentasa labeled
tree � . Eachnode ����� has:

a. A textual description�
� ���	��� , which is the concatenation

of its tag name,attribute namesand values,and text
content,and

b. An optional ontological reference �
� ������� , which typ-

ically consistsof an integer code �
� ��������� ��� ������! for

the referencedontologicalsystem(e.g.,SNOMED) and
an integer code �

� ��������� "#���$"#�&%�� for the speci�c concept
(e.g.,“Asthma”).

Nodeswith ontologicalreferencearecalledcodenodes. The
setof ontologicalsystemsreferencedby nodesin � is called
ontologicalsystemscollection '(�)��'

�*

���
�


',+�� .



For instance, the node of Line 39 in Figure 1
has v.text=“value xsi:type=“CD” code=“195967001”
codeSystem=“2.16.840.1.113883.6.96” codeSystem-
Name=“SNOMED CT” displayName=“Asthma”,

� � ��������� ��� �����	! � � ����� � ���	� �
� �
���
������� � � � ��� , and
� � ��������� "
���$"#�&%�� � �
��������������� . Note that some attribute
valueslike codestringsarenot includedin � � ���	��� sincethese
are unlikely to be used in a query keyword or in ontology
referencewords from. An expert speci�es the attributes that
shouldnot be includedin the textual description.

In the algorithms presentedin this paper we ignore ID-
IDREF edges as well as inter-document references,since
we build on tree searchalgorithms.However, the techniques
we useto incorporateontologicalinformationarestraightfor-
wardly applicableto graph searchalgorithms as well (i. e.
whenID-IDREF edgesareconsidered[8]).

Keyword Search: A keyword query � is a set �
� �*
��
���#
 ��� �

of keywords.Previous work, which ignoresontologicalrefer-
ences,hasgenerallyde�ned theresultsassubtreesof theXML
documentsthat containall querykeywords (seeSectionVIII
for an overview of related work). In this work we adopt
the result semanticsof XRANK [6], which is a popular
representative of this classof works, andextendit to account
for ontologicalreferences.Any othersystemcouldbeextended
in a similar way. Thekey extensionis that insteadof requiring
keywords to be containedin the nodesof the result subtree,
we require that the result subtreehasnodesassociatedwith
every query keyword. Let ����� �



��� (Node Score), whose

computationis explainedlater, be the associationdegreeof a
node� with respectto akeyword � which is directlycontained
in � or is associatedto � throughan ontology. The result of

� for a document�)� � is de�ned as follows. Let
 �!

� �	�#" ������$

%

� �&�('�) �*� �
�*�	"

� ���,+��-�.�/�����0)



�1�32
�

� �

be the set of elementsthat are, themselves or through their
descendantnodes,associatedto all query keywords of � .

�
�*��"

� �-� is the setof descendantsof � in � .
The resultof the query � is de�ned as:
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�:� � (1)

Intuitively, a result � is an elementthat has sub-elements
associatedwith each of the query keywords, but no sub-
elementis associatedwith all keywords.Note that

 

���
)#4

�
�;�(�

is a subsetof
 

!

. The latter condition ensureswe do not
generatenon-speci�c results.

For instance,if queryq=[“asthma”, “medication”] is exe-
cutedon thedocumentof Figure1, we get theXML fragment
depictedin Figure 4, being the most speci�c sub-elementin
theCDA documentthatcontainsbothtermsin thequery. Note
that in thecase,both termsareactuallycontainedin theXML
fragment. In general,though, the terms neednot be in the
fragment,but may be associatedwith nodesin the fragment
throughthe ontology.

<Observation>
<code code=" 84100007 " codeSystem=" 2.16.840.1.113883.6.96 "

codeSystemName=" SNOMEDCT" displayName=" Medications "/>
<value xsi:type=" CD" code=" 195967001 " codeSystem=

" 2.16.840.1.113883.6.96 " codeSystemName=" SNOMEDCT"
displayName=" Asthma ">

<originalText><reference value=" m1"/></originalText>
</value></Observation>

Fig. 4. XML Fragmentrepresentingthe answerto query q=[ªasthmaº,
ªmedicationsº].

Score of results: As mentionedabove, ����� � 
 ��� is non-
zero if a node � directly contains � or is associatedto �

through an ontological system.This score is propagatedto
othernodesof theXML documentasfollows.Thepropagated
score <(��� � 
 � 
 )=� of an element � with respectto keyword

� , assumingthat a sub-element) of � has �����>) 
 ���?2 � , is

<(��� � 
 � 
 )#� �A@ �	"CB ��D#E �����0) 
 ��� (2)

where 4 �A@�F
���GB �$"
�

� �



)#� is thenumberof containmentedges
between� and ) . �

�	"CB � is set between� and � to account
for the speci�city of a result.

Given that multiple sub-elementsof � may be associated
with � , we usethe following formula for the overall scoreof

� given �

�
"#�IH*�

� �



��� �
!8B �5J�K�LNM

+GOQP�RTS/U�R

<(��� �



�



)#� (3)

Other monotonicaggregation functions are also possible.
The scoreof a resultelement� for � is

�
"#�IH*�

� �



�(� �WV

X

K�Y

�
"#�IH*�

� �



��� (4)

Again othermonotonicaggregationfunctionsarepossible.

Association degree of node to keyword: The association
degree ����� �



�1� of node � � � , � � � with respectto a

keyword � , givendocumentscollection � andan ontological
systemscollection ' is a combinationof its IR scorewith
respectto � and its ontologicalassociationto � .

�Z��� �



��� �
!8B �Z[]\
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�
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�1�8h

(5)
where

\

 

���>@



��� is the IR score of a document @ given
keyword � within the collection � . � is an implicit input
to

\

 

���
E

� sincepopularIR functions[17], [19], [20] usethe
documentfrequency ( @ci ) which is computedover � . We view
eachXML elementas a documentto apply the IR function.
In our experimentswe usethe BM25 [19] function.

'^�
R�_ ` ��a>`T_ +cb�+da

M

�
�0)



��� is theassociationdegree(OntoScore)

of a node (concept) ) � '1j , where '�j is speci�ed by
�

� ��������� ��� �����	! , to keyword � , andis computedby exploiting
the relationshipsin '�j , asexplainedin detail in SectionIV.

ef�g� �
� �������

� returns the concept node with code
�

� ��������� "#���$"#�&%�� in the ontological system speci�ed by
�

� ��������� ��� �����	! . For instance, consider the document of
Figure1 andtheontologicalsystemof Figure2. ef�g� �

� �������
�

for the codeelement� of Line 39 in Figure1 will return the



conceptnode “Asthma” identi�ed with the code195967001
in Figure2.

\

 

��� E � and '^��� E � arenormalizedto � ��
C��� .
The intuition of (5) is that a node � may be associated

with a keyword � eitherthroughits textual description� � ���	���

or throughits ontologicalreference� � ������� . We thenpick the
strongestone.The '^��� E � termof a non-codenodeis � . Again,
alternative monotonicaggregationfunctionsarepossible.

For instance,for the keyword w=“Asthma” assumingnode
� of Line 39 in Figure 1 has

\

 

��� � � ���	��� 
 ��� � ��� � and its
relatedSNOMED nodeu has '^�������
	��

L

�>) 
 ��� � ��� � , its
����� � 
 �1� would be ��� � .

IV. SEMANTIC RELEVANCE OF ONTOLOGICAL CONCEPTS

TO KEYWORDS

A key componentof XOntoRankis the derivation of se-
mantic relevanceof a concept � in the ontology to a query
keyword � . Sincenodesin an XML documentmay refer to
conceptsin the ontology, this derivation essentiallyquanti�es
thesemanticrelevanceof anXML elementto a querykeyword
basedon terminologicalde�nitions in the ontology.

TheSemanticWebcommunityhasdevelopedvariousmech-
anisms to determinesemanticsimilarity of conceptsin an
ontology(seeSectionVIII for a descriptionof RelatedWork).
However, most existing measuresdo not use relationship
informationbetweenconceptsin a generalmanner. The main
advantageof ontologies like SNOMED over simpler tax-
onomiesis that they describevarious kinds of relationships
betweenconcepts,which can be usedto calculaterelevance
measures.

We view the ontology as a graph,wherethe nodesin the
graph representconcepts,and edgesrepresentrelationships
betweenconcepts.Our approachfor calculatingthe semantic
relevanceof a conceptto a querykeyword is inspiredby the
ideaof authority�o w. Initially, eachconceptin theontologyis
granteda certainauthoritybasedon how stronglyit is related
to � , asmeasuredby its IR score.Authority then �o ws from
theseconceptsto other conceptsin the ontology basedon
certainrules.Notethat theauthority�o w occursin a recursive
fashionandhence,it canaffectdescendantsandnotonly direct
childrenof the involved elements.

In this section,we examinevariousstrategies for directing
the�o w of authority, basedon differentviews of theontology.
For simplicity of presentationwe considera single ontology

'

!

andomit the '

!

subscriptat '^���/� . We usetheoverloaded
function '^��� �



�


 �
� to representthe relevanceof concept�

to keyword � due to the occurrenceof � in anothernode �

in the ontology. It is:
'^��� �



��� �

! B ��


K

����� '^��� �



�

 �

�Q� (6)

Othermonotonicaggregationfunctionsarepossible.

A. View Ontology as Undirected,UnlabeledGraph

This strategy treats the ontology as an undirectedgraph,
with no distinctionamongthe differentkinds of relationships
betweenconcepts.Basedon this view, we de�ne '^��� �



�


 �
�

as:
'^��� �



�


 �
� �

\

 

���
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���
E

@
��".B �

D (7)

where 4$� @�F ���GB �$"
� � � 
 � � and ��� @ ��".B ���]� .

B. View Ontology as Taxonomy

This strategy only considersthe taxonomicportion of the
ontology, i.e. we only consideris-a links betweenconceptsfor
calculating' ����� � "#�IH*� . Theis-a links form aDirectedAcyclic
Graph(DAG), sincecyclesarenot permittedbasedonsubclass
relationships.'^��� � 
 � 
 � � is computedrecursively using (6)
and the following two cases:

i x is a superclassof � , i.e., thereis a path from � to �

in the DAG formedby the is-a links. In this case,
'^��� � 
 � 
 � � �

\

 

��� � 
 ���

The intuition behind this de�nition is that since � is
a superclassof � , any query for � is completelyand
logically satis�edby � . For example,let � be“Asthma”,

� be “Br onchus” and � be “Disorder of Bronchus”
(“DOB” ) in the ontology fragmentof Figure 2. It is
OS(“Asthma”, “Br onchus”, “DOB”) = IRS(“DOB”,
“Br onchus”). An extremecaseof this rule is when � is
the sameas � . In this case,'^��� �



�



��� �

\

 

��� �



��� .
ii � is a dir ect subclassof � , i.e. there is an is-a link

from � to � . In this case,
'^��� �



�


 �
� �

\

 

���
� 


�1�
E

�
�����

�

where � is the numberof subclassesof � . The intuition
behindthis de�nition is that since � is a subclassof � ,
any queryfor � is partially satis�ed by � . Our heuristic
for calculating the extent of the partial satisfaction is
basedon the numberof subclassesof � , similarly to
the authority �o w distribution in [21]. For example,
let � be “Disorder of Bronchus”, � be “Asthma” and

� be “Asthma” in Figure 2. In the actual ontology,
the concept“Asthma” has26 direct subclasses.Hence,
in this case,OS(“Disorder of Bronchus”, “Asthma”,
“Asthma”) = IRS(“Asthma”, “Asthma”) *(1/26).

C. Including the RelationshipsbetweenConcepts

To handle different kinds of relationships,we interpret
conceptsand relationshipsin SNOMED using description
logics[22]. Many biomedicalontologies,includingSNOMED,
belongto a category of DescriptionsLogics called ����� [23].
Conceptsin this logic arede�ned as follows:

e���� ��� " � " e ����" '
H*�

e (8)

where � rangesover atomicconceptnames

� is the top concept

H rangesover relationshipnames

e



� areconceptnames

� is the conceptintersectionoperator

The '
H*�

e constructis an existentialquanti�cation operator
that declaresthe existenceof a relationship (or role) to a
concepte . We canalsoview '

H*�
e asa conceptwhereevery

instanceof the conceptis related by role H to an instance
of a concept e . We call such a conceptan existential role



restriction, sinceit describesa constraintor restrictionon the
valuesof a relationship.(8) describesthe different ways in
which a conceptcan be de�ned in the ��� �

logic. The ��� �

logic alsode�nes subclass(or conceptinclusion)relationships
betweenconceptsas e�� � .

Someexamplesof ��� � expressionsfrom Figure2 are:

Disorderof Thorax � Finding of Region of Thorax

AsthmaAttack � Asthma

� ' Finding-site-of.BronchialStructure

Considerthe last statement,which saysthat “Asthma At-
tack” is a concept that is a subclassof Asthma and that
hasa �nding-site-of relationshipto the “Br onchial Structure”
concept.In otherwords,any instanceof “AsthmaAttack” (e.g.
the “Asthma Attack suffered by” a speci�c patient) is also
an instanceof “Asthma” and is found in some instanceof
“Br onchial Structure” .

This description logic view allows us to describeevery
conceptasa subclassof a setof atomicconceptsor existential
role restrictions.Hence,we canreducea graphwith different
kinds of relationshipsinto one that hasonly subclassor is-a
relationships.

For example,consideranontologygraphfragmentdepicted
in Figure5. A descriptionlogic view of this ontologywould
appear as shown in Figure 6. The dotted links between
conceptsrepresentis-a links, meantto indicatetherelationship
betweena concept� anda '

H*�
� for any role H .

Fig. 5. SampleOntologyFragment.

Fig. 6. Ontology's DescriptionLogic View.

We now calculate'^��� �



�

 �

� in this logically transformed
ontology graph using an extension of the strategy of Sec-
tion IV-B. In particular, if there is a “dotted link” between

� and � , i.e. oneof � or � is of the form e , and the other is
of the form '

H*�
e , then,

Fig. 7. OntoScorePropagation.��� is the numberof subclassesof node � .

'^��� � 
 � 
 ��� � '^��� � 
 �1� E�� (9)

Here, � representsthe decayin semanticrelevancewhen
traversing a dotted link betweena concept e and a role
restriction '

H*�
e .

As an example,assumingthat '^��� �



�



�1� �
	 , then the
OntoScore would propagateasshown in Figure7 to different
nodesin the ontology.

We provide a syntacticnameto theconceptscorresponding
to existential relationshiprestrictionsso as to allow calcu-
lating

\

 

���
� 


��� when � is a role restriction concept of
the form '

H*�
e . The syntactic name in our implementation

is “Exists”+r+C . For example,the relationship“�nding site
of” between“Asthma Attack” and “Br onchial Structure” in
Figure2 givesriseto thenew existentialrole restrictionnamed
“Exists �nding site of Bronchial Structure” .

V. ARCHITECTURE AND SYSTEM OVERVIEW

In this sectionwe presentthe architectureandoverview of
the XOntoRanksystem.

A. XOntoRankArchitecture

Figure 8 shows the architectureof XOntoRank,which is
divided into two stages.The pre-processingphaseconsistsof
the Index CreationModule, which takes as input the corpus
of XML-formatted EMR documentsto be indexed (CDA in
our experiments),the ontologicalsystem(s)referencedin the
EMR documentsandthe setof all keywords(the vocabulary)
to be indexed.

The Index Creation Module generatesthe XOntoRank
Dewey InvertedLists (XOnto-DILs) which are inspired from
theDewey InvertedLists of XRANK [6]. XRANK is basedon
ElemRank, a variationof thePageRankalgorithmthatexploits
the structureandcontainmentedgesof XML documents.The
key difference is that instead of �(4

�	!

 

B �
�
� �-� we store

����� �



��� , that is, the relevancescoreof node � with respect
to keyword � given the XML documentsandthe ontological
systems,de�ned in (5). ElemRankcould be incorporatedin

����� �



��� but our CDA documentshave no ID-IDREF edges
andhenceElemRankwould make no difference.

For example, Figure 9 shows the Dewey ID' s generated
for a subsetof the documentof Figure1. We have truncated



Fig. 8. XOntoRankArchitecture.

the pre�x in the Dewey ID' s for spaceconstraints.Figure10
shows a fragmentof the XOnto-DIL for the samedocument.
Note that the �rst componentof each Dewey ID is the
documentID. The processto build XOnto-DILs is described
in detail in SectionVI-B.

Fig. 9. Dewey IDs for CDA Document.

Fig. 10. Dewey InvertedList for CDA Document.

During the queryphase,the QueryModule inputs the user
keyword query and executesXRANK' s DIL algorithm using
the XOnto-DILs generatedin the pre-processingphase.The
DatabaseAccessModule then obtainsthe appropriateXML
fragmentsaddressedby the resultingDewey ID' s.

B. Building the XOnto-DILs

In this sectionwe describehow the XOnto-DILs are com-
putedfor the varioussemanticsdescribedin SectionIV. We
computeXOnto-DILs for all wordsin the Vocabulary, de�ned
as the union of words in the ontologicalsystems'

�*
��
���#

' +

andin documentsin � . As above,we assumethereis a single
ontological system '

!

. XOnto-DILs are computedin three
stages:
Full-text Indexing: First, we build a full-text index of the
CDA documentsand the ontology. This phaseis commonto
all the algorithms,andcomputesthe TF-IDF score.
OntoScore Computation Stage: Second,we build an On-
toScore HashMap � , thatstoresthe '^��� � 
 �1� for every pair

� � 
 �1� of conceptnode � and keyword � with '^��� � 
 ��� 2

����H��*����� 4>@ , where threshold is a prede�ned value used to
improve the ef�ciency of building � . We chosea threshold
that could give us a balanceof spaceandquality. The details
of computing � , as well as the criteria to choosethreshold
arepresentedin SectionVI.
DIL Creation: Finally, we computethe XOnto-DILs for the
documentsin � . The ����� � 
 �1� for eachpair � � 
 ��� of node

� � � j , � j ��� , � ��� �*".B�� )#4 B	H�� is computedby (5),
where '^���/ef� � � � ������� � 
 ��� is retrieved from HashMap � .
We show how � is computedin the next section.

VI . ONTOSCORE COMPUTATION ALGORITHMS

In the next sections we show how the Hash Map �

is computed during the OntoScorestage for each of the
OntoScorecomputationmethodsdescribedin SectionIV.

A. Ontology as UndirectedGraph

If a node � � '
j can be reachedfrom multiple concept

nodes )
��
��
���#


)

 , then we assignto ) the maximum score

that any of )
�	

���
��


)

 would assign.Again otheraggregation

functionsarepossible.

'^��� �



��� �
!8B � j	� �

_ _ _



� '^��� �



�



)
j

�:� (10)

The algorithm to computethe Hash Map � in the On-
toScore phaseis depictedin Algorithm 1.

An inef�ciency of Algorithm 1 is that it doesbreadth-�rst-
search(BFS) starting from all nodesthat contain keyword

� (Line 4). This can potentially lead to traversingthe same
nodemultiple times,oncefor eachBFS instance.This canbe
avoidedusing the following observation:
Observation1: If multipleBFSinstancesarrive at a node, then
weonlyneedto propagateonevalue, which correspondsto the
aggregatefunction,that is, we merge the metBFSexpansions
into onewith the aggregatenodescore.

The reasonis that the scorepropagatesby multiplying by
decayfor eachlevel. Hence,if � hasscorei � '^� j



'^��
�� where

i �
E

� is the combiningfunction ( ! B � in (10)), a node ) with
distance 4 from � will have score i � '^�

j 

'^�



�

E
@

��".B �

D

. If
we would ignorethis observation anddo the BFS expansions
independently, ) wouldgetscorei � '^�

j E
@

�	"CB �

D



'^�


�E
@

��".B �

D

� .
The two quantitiesare equal for any reasonablecombining
function i �

E
� like !8B � , �

)
! , and % H*�

@�)
" � .

Theabove observationis implementedby doing the follow-
ing changesto Algorithm 1. We replaceLine 4 by 4' and
insertLines 6.1, 6.2 after Line 6.



Input : Vocabulary � , SNOMED Ontologygraph '

Output : HashMap � with key: pair � � 
 ��� where �

is conceptnodeid and � is keyword, and
value: '^��� � 
 ���

foreachkeyword � in V do1

/* Find all concept nodes in '

that contain � */
����� �	�

 

�*��� � �	� �0� 
 '^� ;2

foreachconcept� �6� do3

do BFS from � ;4

foreachaccessedconceptnode � do5

Compute'^��� � 
 �1� ; /* By Eq. 7 */6

/* If expanding from ) to � ,
'^��� � 
 ��� � '^���>) 
 ��� E @ ��".B � */

if � � � ��� � � 
 ����� '^��� � 
 �1� then7

� � % ) � �:� � 
 �1� 
 '^��� � 
 ���Q� ;8

else9

StopBFS expansionfor � ;10

end11

end12

end13

end14

Algorithm 1: ComputeOntoScoreHashMap.

4' do BFS in parallel from � ;

6.1 if � alreadyhasan '^� score then
6.2 Stopexpanding� for expansioninstancethatproduced
the smallest'^��� �



��� ;

Note that to do BFS in parallelwe insertall nodesin � in
theBFSqueueandthendoBFSasusual.To halt theexpansion
of a node � (Line 6.2 in thecorrectionabove) thathasalready
beenprocessedand its adjacentnodes e have alreadybeen
insertedin thequeue,we maintainpointersfrom � to e in the
queue,and remove from the queuethe nodesin e when � 's
expansionis halted.

B. Ontology as Taxonomy

As mentionedin SectionIV-B, we restrict the links usedto
computeOntoScore, by only consideringthe is-a andinverse-
is-a edgesin SNOMED. Hence,the �rst modi�cation is to
changethe loop in Line 3 of Algorithm 1 to restrict the BFS
to only follow thesetwo typesof relationships,capturingonly
the taxonomicportion of the ontology.

We also modify the way in which '^��� �



��� is computed
(Line 5 of Algorithm 1), replacingthe formula in (7) by the
casesexposedin Section IV-B. In particular, if we expand
from node ) with '

�����
�

"#�IH*�
'^���0)



��� to node � , then:

� if )

j
+��
	

���
���

� then '^��� �



��� �

����P

J��

X

S

�

�

L M���� MGM��������

P�RTS

� if )

j
+���	

�

�����

� then '^��� �



��� � '^���>)



���

where
\

�
�

�
�

H����

�

� �-� is the numberof incomingrelationship
edgesof type H .

The restof the algorithmstaysasspeci�ed in Algorithm 1,
usingthesamethresholdconstraintsandthesameoptimization

describedin Observation1.

C. Ontology as Collectionof Relationships

In this case,asmentionedin SectionIV-C, all relationship
edgesareconsidered.We enumeratebelow how theexpanded
nodesare assignedOntoScores without having to physically
createthe ontologicalgraphwith the existential role restric-
tions describedin SectionIV-C. The assignedOntoScoresare
equalto the onescomputedby building the ontologicalgraph
describedin SectionIV-C.

Hence,the BFS expansionis the sameas in SectionV-A.
The OntoScore computationof Line 5 is changedas follows,
to re�ect theapproachdescribedin SectionIV-C. If weexpand
from node ) with OntoScore '^���0) 
 ��� to node � , then:

� if )

j + 	

��� �

� then '^��� � 
 ��� �

����P

J��

X

S

�

�

L M���� MGM ��� �

P�RTS

� if )

j + 	

�

�!�

� then '^��� � 
 ��� � '^���>) 
 ���

� if )

�

� �

� 
:H#" � F � B then '^��� � 
 ��� � B E

����P

J��

X

S

�

�
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P
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� if )

�

�
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�
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� B then '^��� �
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B E
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���

Note that the denominator
\

�
�

�
�

H*�	�

�

� �-� is the in-degree
of the existential role restriction '

H*�
� .

VI I . EXPERIMENTS

In this sectionwe experimentallyevaluatethe XOntoRank
systemandshow the feasibility of both the Preprocessingand
Queryphases.Theexperimentswereperformedon a Pentium
4, 2.8GHz PCwith 1GB RAM. XOntoRankwasimplemented
in Java JDK 5.0, usingDOM for XML parsingandMicrosoft
SQL Server 2000 for the persistentstorageof indexes. To
accessandnavigateSNOMED CT, which takesmultiple GBs
of disk space,we usedthe API provided by the NationalLi-
brary of Medicine(NLM) Uni�ed Medical LanguageSystem
(UMLS) [24]. This API provides the necessarymethodsto
querytheontologyanddictionaryandobtaintheconceptcode
anddisplaynamefor a particularstring.We usedthis API asa
black box in both the preliminaryCDA documentgeneration
and the Index CreationModule of XOntoRank.

In SectionVII-A we quantify the differencesin the rank-
ing for the alternative OntoScorecomputationtechniquesof
SectionIV. We also presentresultsof a usersurvey that we
performedwith the aid of a medicaldoctorandresearcher. In
SectionVII-B we measuretheperformanceof theXOntoRank
systemin termsof index creationandqueryexecutiontimes.
Somescreenshotsof the XOntoRanksystemare available at
theprojecthomepage[25]. Thesystemwasnotmadeavailable
to the public dueto patientrecordprivacy concerns.

CDA Documents Generation: We developed a program
to convert automatically the relational anonymized EMR
databaseof the Cardiac Division of a local hospital into a
setof XML CDA documents.EachCDA documentrepresents
the medicalrecordof a single patientconglomeratingall her
hospitalizationentries.3 492 such documentswere created,
each being on average 47KB with 1 133 XML elements.
Ontological referenceswere inserted for every XML node
whosevaluematchedoneof the conceptsin SNOMED.This



TABLE I

NUMBER OF RESULTS MARKED AS RELEVANT FOR EACH QUERY. USER MARKS UP TO 5 RESULTS.

Query XRANK Graph Taxonomy Relationships
�

� “cardiac” “arrest” 5 5 5 5
�

� “cardiac” “coarctation” 5 5 5 5
�

� “neonatal” “cyanosis” 3 3 0 3
�

	 “carbapenem”“ibuprofen” 0 3 0 3
��� “supraventriculararrhythmia” “pericardialeffusion” 0 0 1 0
��� “regurgitant �o w” “amiodarone” 0 1 1 2
��� “supraventriculararrhythmia” “acetaminophen” 0 0 0 0

AVERAGE 1.875 2.429 1.714 2.571

resultedin 2 454CDA documentswith ontologicalreferences
to SNOMEDwith anaverageof 151referencesperdocument.

A. Quality Results

We performedtwo quality experiments.The �rst onecom-
paresthe distancesbetweenthe result lists of the proposed
searchapproachesfor a real queryworkload,and the second
one is a proof-of-conceptuser survey which comparesthe
usersatisfaction for theseapproaches.The four approaches–
baselineplusthethreedescribedin SectionIV– aredenotedas
XRANK(baseline,no useof ontology),Graph(SectionIV-A),
Taxonomy(SectionIV-B), andRelationships(SectionIV-C).

DistancebetweenTop-� lists: We performeda seriesof two-
keyword queriesobtainedfrom domainexpert collaborators.
Thesecondcolumnof TableI showsa sampleof thesequeries.
Note that some keywords are phrasesenclosedin quotes.
We use the top-k Kendall Tau [26] measureto determine
the distancebetweenthe lists and hencetest the effects of
each individual algorithm. Table II reports the Kendall Tau
values for �

� �
� and penalty parameter%

�
��� � (see

[26] for de�nition of % ), normalized over 20 queries.We
observe thelargedistancebetweentheresultof Graphandthe
Relationshipsalgorithm;this wasexpectedsincetheexpansion
on theontologygraphachievedby theGraphalgorithmis less
restrictedthanthe Relationshipsalgorithm,which extendsthe
Taxonomyexpansion.For this reason,the distancebetween
TaxonomyandRelationshipslists is small.

TABLE II

NORMALIZED KENDALL TAU VALUES FOR FOUR APPROACHES.

XRANK Graph Taxonomy Relationships
XRANK 0.000 0.171 0.101 0.209
Graph 0.171 0.000 0.116 1.000
Taxonomy 0.101 0.116 0.000 0.171
Relationships 0.209 1.000 0.171 0.000

Quality Survey: We conducteda survey to determinethe
quality of eachof the four algorithmswe presented.Given
the specializednatureof our medical recordsdataset,which
comefrom a children's cardiacclinic, it is hard to �nd many
usersto properlyevaluatetheresults.Hence,we choseto only
report,asa proofof concept,theresultsof a survey on a single
domainexpert–medicaldoctor and researcherknowledgeable
in this area–insteadof involving non-expert userswho could
degradethe reliability of the results.

The resultsof the survey are shown in Table I. For each
query, we presentedto the userthe union of the top-5 results
from eachof thefour algorithms.Theuserwasaskedto select

up to 5 resultsthat he found relevant to the query. For this
experiment,we setdecayto 0.5, thresholdto 0.1 and � to 0.5.

For queries	 � and 	�� , the top-5resultsobtainedby XRANK
arealsothe top-5 resultsfor the ontology-enabledalgorithms,
becausethe query keywords appearfrequently in the CDA
documents.For 	�� , XRANK only generatedthreeresults–all
of which were marked as relevant–, but only one of these
appearin the top-5 list of the other three algorithms. For
the remainingqueries,XRANK doesnot produceany results,
since there is no CDA documentwith direct occurrencesof
both keywords(or phrases).In contrast,the ontology-enabled
algorithms�nd relevant resultsto the queriesby mappingthe
keyword'sconceptto otherconceptspresentin thedocuments.
For 	
	 , both Graph andRelationshipsalgorithmsproducethe
sameresultsby expandingthroughnon-taxonomicaledgesin
the SNOMED ontology.

For 	�� , only the Taxonomyalgorithm produceda result
that was considered“relevant” by the domain expert. This
result did not reach the top-5 of Graph and Relationships
algorithms,becausethe expansionthrough non-taxonomical
conceptsproducedmore compactresults –single XML ele-
mentsthat mappeda conceptto both query keywords–with
higher score,but thosewere not consideredrelevant by the
domainexpert.

For 	
� , the Relationshipsalgorithmproducesbetterresults,
becauseit combinesthe resultsof both the Graph andTaxon-
omyalgorithms;theexpansionover theontologyfor theGraph
algorithmdecayedbeforeit couldreachthetaxonomicalresult
found by the TaxonomyandRelationshipsalgorithms.

Note that in some cases,the semanticknowledge repre-
sentedby the ontology might not be suf�cient to provide
high quality InformationRetrieval over EMR's. For instance,
consider query 	�
�� [“supraventricular arrhythmia” “ac-
etaminophen”]. The scoresof zero for the ontology-assisted
algorithmsin Table I aredueto the following reason:All the
resultsof thesealgorithmsmaptheconcept“acetaminophen”
to theconcept“aspirin” . In the context of pain control, these
two conceptsare indeedrelated,becausethey both provide
relief of pain.But in thisspeci�c case,thekeyword“supraven-
tricular arrhythmia” implies that the target context of this
query is not pain control but cardiology, and in this context,
however, thesedrugs are generallyunrelated.“Aspirin” has
cardiacbene�ts that arenot seenwith “acetaminophen”, due
to the differing propertiesof the two drugs.

The �ndings of Table I are summarizedas follows. The
quality of Relationshipsand Graph is generally superior



to the baselineXRANK algorithm, which meansthat when
the keywords are not presentin a document,the ontology-
enhancedalgorithmsare capableof �nding “good” resultsto
satisfy the given queries.The Taxonomyalgorithm can be
slightly worse than XRANK, since the former could return
resultswhere a query keyword is matchedto a far ancestor
concept,becauseTaxonomydoes not penalizethe ontology
expansionwhenfollowing is-a (parent)edges.

B. PerformanceResults

Pre-processingphase:Building XOnto-DIL lists for all key-
words in the SNOMED ontology was not feasiblegiven that
they are in the order of millions, the keywords vocabulary
cannotbeextractedfrom theprovidedSNOMEDAPI, andthe
API is slow given that it is IO-intensive (note that SNOMED
is a multi-gigabyte ontology). Note that there is a method
to get all occurrencesof a speci�c keyword, but there is no
vocabularyof all keywordsin thedatabase.Hence,we indexed
a subsetof this universeof keywords which let us execute
a large numberof queriesand estimatereliable projections
of index execution time. In particular we built XOnto-DIL
lists for all the keywords in the CDA documentsand for all
keywordscontainedin a concept,up to 2 relationshipsaway
from a conceptreferencedin a CDA document(more than
400 uniqueconceptsare referencedin our CDA collection).
The above rules translatedto the indexing of more than 40
000keywordsdirectly presentin thedocumentsandmorethat
100 000 conceptsfrom the SNOMED ontology. To navigate
SNOMED ef�ciently , we loadedthe appropriatefragmentin
mainmemory, thusreducingtheaccessto SNOMED�at �les.
However, the SNOMED navigation was still too slow. In the
future, we plan to work on more ef�cient ways to navigate
the ontology to build the XOnto-DIL lists, as discussedin
SectionIX. We set decayto 0.5, threshold to 0.1 and � to
0.5.

TableIII presentstheaveragecreationtime,averagenumber
of postings(rows in Figure 10) and size of a XOnto-DIL
list of a keyword for eachof the four approaches.For the
averagecreationtime, we exclude the time taken to navigate
theSNOMEDontology, sinceit cantake up to severalminutes
for frequentkeywords,giventhecurrentimplementationof the
SNOMED API.

We observe that the averagecreation time for Taxonomy
is much larger than Graph. This is due to the fact that the
expansionin Graph decayscontinuously, whereasthe expan-
sion for Taxonomydecaysquickly only for descendants,but
may expandinde�nitely for parentrelationships.We alsosee
how theGraphandbothRelationshipsapproachesgeneratethe
largestnumberof XOnto-DIL entries,given the fact that the
navigation doesnot decayfor the onedirectionof is-a edges.
We observe a high differencebetweenthenumberof postings
for the Taxonomyapproachcomparedto the Relationships
algorithm, giving evidenceof the large numberof concepts
mappedthroughthe ontologygraph.Note that the sizeof the
XOnto-DIL entriescanbe reducedby appropriatelyadjusting
the thresholdand/ordecayparameters.

TABLE III

AVERAGE SI ZE FOR XONTO-DIL ENTRIES.

Algorithm Per Keyword
Avg. CreationTime (ms) Postings Size(KB)

XRANK 1.0 1 435.7 39.3
Graph 4 143.5 20 906.7 571.7
Taxonomy 10 743.5 5 511.9 150.7
Relationships 13 485.3 46 979.5 1 284.6

Query Phase:Figure11 presentstheaverageexecutiontimes
for querieswith varyingnumberof keywords,for � � �
� . The
time for Relationshipsalgorithm is higher due to the larger
numberof nodesin theXML documentthatareontologically
relatedto the querykeywords.

Fig. 11. AverageExecutionTime for Keyword Querieswith VaryingNumber
of Keywords.

VII I . RELATED WORK

Authority Flow: XOntoRankusesrelatedtechniquesto our
previous work in ObjectRank[21], [27]. The principle of
authority �o w is the main conceptunder thesetwo systems,
but there are also key differencesbetweenthem. As a �rst
difference,ObjectRankperformsIR over relationaldatabases,
whereasXOntoRankworksover XML treedocuments—with
no associationsamongthem— augmentedwith the graphof
thereferencedontologies.In ObjectRank,thesourceof author-
ity is thedatanodesthatcontainthekeywords;in XOntoRank,
the sourceof authorityalso includesXML elementsthat link
to the ontology, without directly containing the keywords.
The secondkey differenceis that we do not apply iterative
PageRank-styleauthority propagationin this work (as we do
in ObjectRank).Applying ObjectRankon the ontologygraph
would be an alternative option, but we choseto use a one-
passBFSexpansionalgorithmsfor scalabilitypurposes,given
thesizeof SNOMEDandthenumberof uniquekeywordsfor
which ObjectRankshouldbe precomputed.
Searching XML documents: The following works perform
keyword searchon XML documentswithout consideringany
external knowledge, such as ontologies.XSEarch [7] ranks
the results,taking into considerationboth the degreesof the
semanticrelationshipand the relevanceof the keyword. We



found that XSEarchwould not be an appropriateframework
to baseXOntoRank,sincetheir “interconnectionrelationship”
would not work well in the particular caseof CDA docu-
ments.XIRQL [5] utilizes a strategy different to XSEarch's
to computeits ranking, de�ning index units, speci�c entity
types that can be indexed and used for tf-idf computation.
Schema-freeXQuery [28] re�nes the work of XSEarch by
utilizing meaningfullowest commonancestorsinsteadof the
conceptof interconnectednodes.Cohenet al. [29] improve
even further this approachby including the schemainto the
framework and discovering interconnectioninformation. Xu
and Papakonstantinou[30] de�ne a result as a “smallest”
tree, that is, a subtree that does not contain any subtree
that also containsall keywords. Hristidis et al. [31] group
structurallysimilar tree-resultsto avoid overwhelmingtheuser.
XKeyword [8] operateson an XML graph (with ID-IDREF
edges)andreturnssubtreesof minimum size.
Query Expansion: Various query expansion strategies
(e.g.[32]) havebeenproposedfor generalaswell asbiological
documentssearch.For instance,the QEEF framework [33]
usesthe UMLS ontology to suggestadditional terms. [34],
[35], [10], assignweightson theontologyedgesby comparing
the distributions of the contentsof the two nodes and of
their combination on a very large dataset like the Web.
This approach,which complementsour work, is too time-
consumingfor large ontologieslike SNOMED.The ontologi-
cal associationsareexploitedby expandingtheXXL query. It
differs from our approachin which XXL considerssymmetric
associationsbetweenontology concepts,whereaswe usethe
authority �o w model.[9], [36] expandthe queryby matching
the ontology to the documentDTD. All the above techniques
are proposedfor structuredXML queries.For our caseof
keyword queries,query expansionis not appropriate,since
it leadsto non-minimal results(see[4] for a de�nition of a
minimal keyword searchresult)— the sameconceptappears
multiple times in a result.
Semantic similarity: In Information Retrieval, two ap-
proacheshave addressedthe problemof computingsimilarity
betweentwo concepts.Initially, statisticalcorrelationsbetween
termswereexploited [37]. With the conceptionof ontologies
and semanticnetworks like WordNet [38], a graph-oriented
approachwas adopted,focusing on the number, depth and
direction of the edgesbetweentwo concepts[39]. A more
recentapproachhascombinedthesetwo techniques[40], [41]
by taking into accountthe graphstructureandstatistics.

In the SemanticWeb, various approacheshave beensug-
gestedto measuresemanticsimilarity betweendifferent arti-
facts.Most similarity measuressuchas [42], [43] focusonly
on subsumptionrelations(i.e. hierarchical“is-a” links in an
ontology).Maguitmanet al. [44] proposeaninformationtheo-
retic measureof similarity thatalsoconsidersnon-hierarchical
links. However, their approachrequires the presenceof a
largenumberof instancesto determinethesimilarity between
concepts.In the medicaldomain,most ontologies,including
SNOMED, only describeconceptsand not instances.Hence,
their approachcannotbeused.Thenotionof authority�o ws is

alsosimilar to the spreadingactivation schemethat is usedin
informationretrieval [45] andwebmining [46]. A novel aspect
of our approachis the useof strategies basedon description
logics and the spreadingof activation from the ontology into
the XML documents.

IX. CONCLUSIONS AND FUTURE WORK

Wehave introducedtheproblemof ontology-awarekeyword
searchon XML-basedEMR documents,which containrefer-
encesto clinical ontologicalconcepts.We de�ned semantics
for this problem,wherethe ontologicalreferences,aswell as
the relationshipswithin the ontologyareusedin creatingand
ranking the query results.Alternative views of the ontology
were considered.We createdef�cient algorithms, building
on previous work, to generatethe top-� query results.The
algorithms were evaluatedexperimentally, showing that the
precisionandrecallof our algorithmis betterthanthebaseline
algorithm.

A critical future direction is the optimizationof the index
creationprocess.Our current index creationapproachrelies
on the API and data provided by [14], which are basedon
�at �les. Implementingapproximationandearlypruningtech-
niques,aswell as in-memoryrepresentationsof the ontology
graphs,may prove useful in scalingto larger ontologiesand
datasets.
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