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ABSTRACT  
As the use of Electronic Medical Records (EMRs) becomes 
more widespread, so does the need to search and provide 
effective information discovery on them. Information discovery 
methods will allow practitioners and other healthcare 
stakeholders to locate relevant pieces of information in the 
growing corpus of available EMRs. The success of Web search 
engines has shown that keyword queries are a useful tool for 
locating relevant information in an intuitive and effective 
manner. However, questions arise of the form: What are the 
semantics of keyword queries on EMRs? What is a meaningful 
result? What is the role of medical and clinical ontologies and 
dictionaries like SNOMED (Systematized Nomenclature of 
Human and Veterinary Medicine) in answering such queries? 

In this position paper we introduce the problem of keyword-
based information discovery on EMRs and enumerate the salient 
challenges that must be addressed to facilitate quality 
information discovery. The objective is to create interest in new 
medical information management research initiatives, and 
potentially create new paradigms for using medical data. The 
primary focus of the paper is the newest XML-based EMR 
standard created by the HL7 group, the Clinical Document 
Architecture (CDA) Release 2.0, although the same issues arise 
for any other standard hierarchical format. 

Categories and Subject Descriptors 
H.3.3 [Information Storage and Retrieval]: Information 
Search and Retrieval – query formulation, relevance feedback, 
retrieval models, search process. 

General Terms 
Design, Standardization, Languages. 

Keywords 
Information Discovery, Information Retrieval, XML, Electronic 
Medical Records, Clinical Document Architecture, Health Level 
7, SNOMED, LOINC. 

1. INTRODUCTION 
The National Health Information Network (NHIN) and its data-
sharing building blocks, RHIOs (Regional Health Information 

Organizations), are encouraging the widespread adoption of 
electronic medical records for all hospitals within the next five 
years. In addition, The Department of Health and Human 
Services (HHS) has recently increased funding and placed 
pressure on the healthcare industry to improve the technology 
involving the exchange of medical information. Many standards 
and protocols have been introduced that will aid in the process 
of unifying the electronic medical record into a single 
architecture. A key component of this effort is the adoption and 
standardization of Electronic Medical Records (EMR). To date, 
there has been little or no effort to define methods or approaches 
to rapidly search such documents and return meaningful results. 

One of the most promising standards for EMR manipulation and 
exchange is Health Level 7’s Clinical Document Architecture 
(CDA) [CDA04], which leverages a semi-structured format 
(Extensible Markup Language, or XML), dictionaries, and 
ontologies to specify the structure and semantics of EMRs for 
the purpose of Electronic Data Interchange (EDI). This HL-7 
architecture has been adopted worldwide. 

The definition and adoption of this standard presents new 
challenges to related computer science disciplines like data 
management, data mining and information retrieval. In this 
position paper we study the problem of facilitating information 
discovery on a corpus of CDA documents, i.e., given a question 
(query) and a set of CDA EMRs, find the entities (typically 
subtrees) that are “good” for the query, and rank them according 
to their “goodness” with respect to the query. The success of 
Web search engines has shown that keyword queries are a useful 
and intuitive information discovery approach. Therefore, we 
focus in keyword queries in this paper. Other types of 
information discovery queries on EMRs not studied here include 
numeric conditions, aggregation and statistics, classification and 
clustering (the last two are closer to the data mining discipline). 

As an example, consider the usual scenario where a doctor 
wants to check possible conflicts or complications between two 
drugs. Keyword query “drug-A drug-B death” could be 
submitted to discover cases where a patient who took both drugs 
died. Note that the word “death” can be specified in many 
different elements of a CDA document, and also synonyms or 
related terms like “mortality” can be used instead. The latter can 
be tackled by leveraging appropriate medical ontologies like 
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SNOMED Clinical Terminology (SNOMED CT) [SNM06] as 
discussed below. 

To study the challenges and requirements of information 
discovery on EMRs we have built a diverse research team 
consisting of computer scientists, medical research doctors and a 
partner from the medical informatics industry. The medical 
doctors provided the domain knowledge regarding the types of 
queries and answers that are of interest as well as the possible 
applications of such an information discovery system. 
Furthermore, they enumerated the different critical dimensions 
in searching EMRs, like time, location, and type of stakeholder. 
These dimensions have not been considered in systems for 
searching general XML documents; however, ignoring these 
dimensions would significantly limit the use of an EMR 
information discovery engine. 

The key ranking criteria found in current systems as well as the 
bibliography [Sal89, BYRN99, GSB+03] are (a) relevance, (b) 
quality (authority) and (c) specificity. Relevance to the query 
has the obvious meaning, while quality represents the query-
independent importance of a result. For example, a medication is 
more important than the name of an insurance company for a 
clinical researcher. Specificity determines how focused a result 
is to the query. For example, returning a department of a 
hospital when the query is only relevant to a particular doctor of 
this department is worse than returning this doctor object.  

It is challenging to define the information discovery semantics 
for CDA documents such that the three aforementioned key 
ranking criteria are considered, given the hierarchical structure 
and specific semantics of CDA, and the common references to 
outside entities like dictionaries, ontologies, separate text, or 
multimedia patient data. Medical dictionaries and ontologies 
typically used in CDA are SNOMED CT [SNM06], Logical 
Observation Identifiers Links and Codes (LOINC) [LNC06] and 
RxNorm [RXN07]. We also study how previous work on 
information discovery on XML data [ABS04, ACD06, CKK05, 
CMM+03, FG01, GSB+03, HGP03, HKPS06, LYJ04, XFT07, 
XP05] can be leveraged, and what limitations might exist in this 
unique domain. 

We note that our study does not address the important privacy 
issues involved in accessing patient information, as required by 
HIPAA [HIP07]. We envision two possible scenarios. The 
simplest scenario is that each division of an institution deploys 
the information discovery engine on its own corpus of EMRs 
and provides authentication-controlled access to the division’s 
practitioners. The more complex scenario, which is out of the 
scope of this study, is to provide information discovery on a set 
of interconnected federated databases where elaborate access 
control mechanisms must be employed [BGBJ05].  

The rest of this technical report is organized as follows: Section 
2 presents a background exposition of current clinical 
information standards and a brief survey on information 
discovery on XML data. Section 3 addresses the challenges that 
we have identified to execute information discovery on a corpus 
of EMR documents. Section 4 presents additional related work. 
Our concluding remarks are presented in Section 5. 

2. BACKGROUND 
In this section we review key standards used to represent clinical 
data and EMRs and present previous work on information 
discovery on general XML documents. In particular, Section 2.1 
introduces some popular clinical information representation 
standards as well as clinical ontologies, whereas Section 2.2 
presents the Clinical Document Architecture (CDA), which will 
be the focus of this paper. Given that CDA is represented in 
XML, Section 2.3 presents a brief survey on information 
discovery on general XML documents. 

2.1 Clinical Information Models, 
Dictionaries and Ontologies 
The work in [Her02, KOG+01] described Medical Informatics 
as the broad term representing the core theories, concepts and 
techniques of Information applications in health. We describe 
the key standards, dictionaries and ontologies that are currently 
used in CDA. In particular, we first present the Reference 
Information Model (RIM) [RIM07], the model from which the 
CDA documents derive their meaning. Three popular clinical 
dictionaries/ontologies referred to in CDA documents are 
presented - the Systematized Nomenclature of Human and 
Veterinary Medicine (SNOMED) [SNM06], the Logical 
Observation Identifiers Names and Codes (LOINC) [LNC06] 
and RxNorm [RXN07]. 

Reference Information Model (RIM): The HL7 Reference 
Information Model (RIM) is the grammatical specification of 
HL7 messages, constituting the building blocks of the language 
entities and the relationships among them. RIM can be 
represented as a network of classes, expressed using a notation 
similar to the Unified Modeling Language (UML) [UML07]. Its 
structure can be summarized into six “core” classes and a set of 
relations between them, as depicted in . We include a brief 
description of each class as follows:  

The Act class represents all the actions and happenings –
analogous to a verb—to be documented through the healthcare 
process, capturing all the events that have happened in the past, 
that are currently happening or that are expected to happen in 
the future. The terms 'Act', 'Action', and 'Activity' are all used 
interchangeably [HRM07]. 

The Entity class represents any physical thing or being—
analogous to nouns—that takes part or is of interest in the health 
care and that is capable of participating in an Act. Although it 
instantiates any physical thing or group of physical things 
(including living subjects and organisms), it does not include the 
roles that things can play or the acts that things can perform. 

The Role class ties an entity to the acts that it plays or provides, 
specifying how a particular entity participates in a particular act. 
Each role is played by one entity, but one entity in a particular 
role can participate in an act in several ways. 

The RoleLink class specifies the connections and dependencies 
that exist between two different and individual Role objects. The 
Participation class specifies a relationship between a particular 
Role instance and a particular Act instance. At the same time, it 
connects the Entity playing the Role, to the specified Act, thus 
expressing the context for the Act in terms of who performed it. 
The ActRelationship class associates a pair of Act objects, 



 

Figure 1: RIM Core Class Diagram 

representing a connection from one Act to another one. Such 
relationships include “Act to Act” associations, as well as 
“Source/Target” associations between the objects. [RIM07] 
states that “ActRelationship on the same source Act are called 
the "outbound" act relationships of that Act. ActRelationships 
on the same target Act are called the "inbound" relationships of 
that Act”. Table 1 presents some examples to each core class of 
the RIM model. 
 

Table 1: RIM Core Classes Examples 
Core Class Examples 

Act • Clinical observation 
• Assessment of health condition 

Entity • Person 
• Chemical substance 

Role • Patient 
• Employee 

RoleLink • Manager has authority over Analyst (Using 
role link for “direct authority”). 

Participation • Surgeon 
• Author 

ActRelationship • Theophylline mitigates asthma (Using 
ActRelationship of type “mitigates”). 

Each Act may be related to any number of Participations, in 
Roles, played by Entities, at the same time that each Act may be 
related to other Acts via the ActRelationship class. The Act, 
Role and Entity classes may also be specialized into other 
classes. As an example, the Entity class specializes into the class 
Living Subject, which itself has a specialization class called 
Person. Person then inherits the attributes of both Entity and 
Living Subject. CDA documents (Section 2.2) use the semantic 
definitions from the HL7 RIM, using the HL7 Version 3 Data 
Types [DTS07] to define the clinical content of the documents. 

Since HL7 mainly focuses on information interchange, RIM also 
provides a set of classes to define a communication 
infrastructure, including Message Control and Infrastructure 
(structured documents and components) [HRM07, RMB07].  

Systematized Nomenclature of Medicine (SNOMED): The 
International Systematized Nomenclature of Human and 
Veterinary Medicine (SNOMED) was created more than 20 
years ago as the conjunction of SNOMED RT and the United 
Kingdom's Clinical Terms Version 3, and has grown up into a 
comprehensive set of over 150,000 records in twelve different 
chapters or axes. These concepts are organized into anatomy 
(topology), morphology (pathologic structure), normal and 
abnormal functions, symptoms and signs of disease, chemicals, 

drugs, enzymes and other body proteins, living organisms, 
physical agents, spatial relationships, occupations, social 
contexts, diseases/diagnoses and procedures [SNM06]. Within 
the disease/diagnosis axis, many disease concepts have cross-
references to other concepts in the terminology that are essential 
characteristics of the disease. These form a useful basis for 
further formalization and development of a reference 
terminology [SCC97]. 

 

Figure 2: Partial SNOMED ontology for the term “Asthma” 

 
Figure 3: Partial SNOMED ontology for the term 

“Theophylline” 

SNOMED has created and is committed to spreading the 
adoption and implementation of SNOMED Clinical Terms 
(SNOMED CT). SNOMED CT is a universal health care 
terminology and infrastructure, whose objective is making 
health care knowledge usable wherever and whenever it is 
needed. It provides a common language that enables a consistent 



way of capturing, sharing and aggregating health data across 
specialties and sites of care.  

The SNOMED CT structure is concept-based; each concept 
represents a unit of meaning, having one or more human 
language terms that can be used to describe the concept. Every 
concept has inter-relationships with other concepts that provide 
logical computer readable definitions, including hierarchical 
relationships and clinical attributes. Figure 2 and Figure 3 show 
sub graphs of the SNOMED ontology graph. 
At the moment, SNOMED CT contains more than 325,000 
concepts, with 800,000 terms in English, 350,000 in Spanish 
and 150,000 in German. Also, there are 1,200,000 relationships 
connecting these terms and concepts. SNOMED CT terms are 
routinely referenced in CDA documents by their numeric codes, 
that is, the SNOMED CT vocabulary is referenced as an external 
domain according to HL7 V3 processes. 

Logical Observation Identifiers Names and Codes (LOINC): 
LOINC is a voluntary effort housed in the Regenstrief Institute, 
associated with Indiana University. It was initiated in 1994 by 
the Regenstrief Institute and developed by Regenstrief and the 
LOINC committee as a response to the demand for electronic 
movement of clinical data. LOINC facilitates the exchange and 
pooling of results, such as blood hemoglobin, serum potassium, 
or vital signs, for clinical care, outcomes management, and 
research. Currently, most laboratories and other diagnostic 
services use HL7 to send their results electronically from their 
reporting systems to their care systems. However, most 
laboratories and other diagnostic care services identify tests in 
these messages by means of their internal and idiosyncratic code 
values. Thus, the care system cannot fully "understand" and 
properly file the results they receive unless they either adopt the 
producer's laboratory codes (which is impossible if they receive 
results from multiple sources), or invest in the work to map each 
result producer's code system to their internal code system. 
LOINC codes are universal identifiers for laboratory and other 
clinical observations that solve this problem. 

The LOINC laboratory terms set provides a standard set of 
universal names and codes for identifying individual laboratory 
and clinical results. LOINC codes allow users to merge clinical 
results from many sources into one database for patient care, 
clinical research, or management. The LOINC database 
currently contains about 41,000 terms, which include 31,000 
observational terms related to laboratory testing. 

Each record in the LOINC database identifies a clinical 
observation and contains a formal 6-part name, a unique name 
for tests, identifying code with check digits, synonyms, and 
other useful information. Similar to SNOMED CT, LOINC is 
used by CDA documents as a vocabulary domain, encoding 
CDA components into a standard database of terms. 

Currently, LOINC codes are being used in the United States by 
laboratories and federal agencies and are part of the Health 
Insurance Portability and Accountability Act [HIP07] 
Attachment Proposal [MHS+03]. Internationally, LOINC has 
been adopted in Switzerland, Hong Kong, Australia, Canada and 
Germany. 

RxNorm: RxNorm [RXN07] is a standardized nomenclature for 
clinical drugs produced by the National Library of Medicine. A 

clinical drug is a pharmaceutical product administered to a 
patient with a therapeutic or diagnostic intent. The definition of 
a clinical drug combines its ingredients, strengths, and form. 
The form refers to the physical form in which the drug is 
administered in a prescription or order. For example, two 
possible definitions of clinical drugs are: (a) Acetaminophen 500 
MG Oral Tablet, for a generic drug name, and (b) 
Acetaminophen 500 MG Oral Tablet [Tylenol], for a branded 
drug name [RXN07]. 

The purpose of RxNorm is to standardize the information 
exchange both between systems within the same organization 
and between different organizations, allowing various systems 
using different drug nomenclature to share data efficiently. It is 
intended to cover all prescription medications approved for use 
in the United States. RxNorm is conformed by concepts, 
collections of names identical in meaning at a specified level of 
abstraction. Each concept can be mapped to different string 
values in different systems, all naming things that are the same. 
It also provides a linkage to terms from other vocabularies (i.e., 
the concept Ortho-Novum 7/7/7 21 Tablets is a term from the 
SNOMED vocabulary; it is not within RxNorm at all, except as 
it is related to RxNorm within the RXNREL table [RXN07]). 

2.2 Clinical Document Architecture  
The Clinical Document Architecture (CDA) is an XML-based 
document markup standard that specifies the structure and 
semantics of clinical documents, such as discharge summaries 
and progress notes, for the purpose of exchange. It is an 
American National Standards (ANSI) approved HL7 standard, 
intended to become the de facto electronic medical record.  

According to the developers of CDA version 2.0 [CDA04], the 
main characteristics of the CDA standard are (a) Persistence: 
The clinical documents exist in an unaltered state for a time 
period defined by local and regulatory requirements. (b) 
Stewardship: A clinical document is maintained by an 
organization entrusted with its care. (c) Authentication: The 
clinical records are intended to be legally authenticated. (d) 
Context: The clinical document specifies its own default 
context. (e) Wholeness: Authentication of a clinical document 
applies to the whole instance and the full context. Also, it is a 
complete and persistent set of information including text, 
images, sound and other multimedia content. (f) Human 
readability: A clinical document is human readable. 

Some projects already implementing CDA are: Continuity of 
Care Record (USA) [AST07], SCIPHOX (Germany) [SCP07], 
MedEmed (Canada) [OBJ03], PICNIC (Denmark) [PNC07], e-
Claims Supporting Document Architecture (Canada), Health 
Information Summaries (New Zealand), Aluetietojaerjestelmae 
(Finland) [IV02] and Dalhousie Discharge Summary System 
(Canada).  

Figure 4 [DAB+06] shows a fragment of the CDA’s Object 
Model that represents the semantic constructs of the RIM, 
depicting the connection from a document section to a portion 
of the CDA clinical statement model with nested CDA entries. 

The colors in Figure 4 identify these classes with the core 
classes of RIM as depicted in  (Red for Act specializations, blue 
for Participations, green for Entities, yellow for Roles and pink 
for Relationships). As described in [DAB+06], an Act can have 
zero to many ActRelationships to other Acts, and can have zero  



 
Figure 4: CDA Object Model 

to many Participations, each played by an Entity in some Role. 
A Role relates two Entities; the Entity playing the Role is 
represented by a solid line and the Entity who recognizes the 
role is represented with a dashed line. Thus, in Figure 4, a 
“legalAuthenticator” is a Participant of a “ClinicalDocument” 
Act and is played by a “Person” Entity in an “AssignedEntity” 
Role that is recognized by an “Organization” Entity [DAB+06]. 

The “Component” class is an ActRelationship that may link the 
“ClinicalDocument” to the body choice (“NonXMLBody” or 
“StructuredBody”) or the “StructuredBody” to each nested 
“Section”. The “StructuredBody” contains one or more Section 
components, each of which contains a human readable title and 
a “narrative block”, the human readable content that has to be 
populated by the document originator and rendered by the 
recipient. Each section can also contain any number of CDA 
entries and external references. The CDA narrative block is 
wrapped by the “text” element within the “Section” element, and 
provides a slot for the human readable content needing to be 
rendered. Within a document section, the narrative block 
represents content to be rendered, whereas CDA entries 
represent structured content provided for a computer. CDA 
entries encode content present in the narrative block of the same 
section. The example shows two “Observation” CDA entries, 
although several other CDA entries are defined. 

Figure 4 shows, at the right of the Section class, the Entry 
Relationship, which leads to the clinical statement portion. Each 
Entry represents structured content intended for computer 
processing such as decision support applications. Also, the 
clinicalStatement class contains specializations of the Act class 
(in this case Observation, SubstanceAdministration, Supply and 
Procedure) that will be included in the formal representation 
[DAB+06]. 

CDA external references always occur within the context of a 
CDA entry, and are wrapped by the “reference” element. 
External references refer to things that exist outside the CDA 
document - such as some other image, some other procedure, or 
some other observation (which is wrapped by the 
“ExternalObservation” element). The CDA entry that wraps the 
external reference can be used to encode the specific portions of 
the external reference that are addressed in the narrative block. 

Figure 5 depicts a sample CDA document D1, which is wrapped 
by the “ClinicalDocument” element, as it appears in line 2 of 
this figure. The CDA header (lines 3-29) identifies and classifies 
the document, and provides information about authentication of 
the record as well as the participants (patient and involved 
providers). 

The CDA body (lines 31-82), which is wrapped by the 
“StructuredBody” element, is the core of the document and 
contains the clinical report. It can be either an unstructured 
segment or an XML fragment. We focus this study in the 
structured XML definition of the clinical report, which is the 
one providing the most opportunity for high-quality information 
discovery. Traditional Information Retrieval (IR) approaches 
[Sal89, BYRN99] can be applied to the unstructured scenario. 

2.3 Information Discovery on General XML 
Documents 
XML has emerged as the de facto standard format to represent 
and exchange data through the World Wide Web and other 
heterogeneous environments, spanning a wide variety of 
domains and applications. The increased popularity of XML 
repositories and XML documents in general must be 
accompanied by effective ways to retrieve the information stored 
in this format. In this section we present an overview of 
previous work on searching XML documents. This corpus of 
work will be viewed as the starting point to present the 



 

Figure 5: HL7 CDA Sample Document 



 

Figure 6: Tree representation of document D1 in Figure 5

challenges of information discovery on CDA XML documents in 
Section 3. 

Limitations of Traditional Information Retrieval (I R) 
Methods: The traditional and popular text-based search engines 
cannot deal effectively with XML documents due to a series of 
limitations. First, text-based search engines do not exploit the 
XML tags and nested hierarchical structure of the XML 
documents. Second, the whole XML document is treated as an 
integral unit and is returned as a whole, which is unacceptable 
given the possibly large sizes of XML documents -  in contrast we 
would like to be able to return parts of an XML document. A third 
drawback is the keyword proximity concept in XML, which can 
be measured in terms of containment edges, in contrast to the 
traditional keyword proximity search in text and HTML 
documents. That is, two keywords that may appear physically 
proximal in the XML file may be distant or unrelated in the tree-
structured XML document and vice versa. 

Previous Work on Searching XML documents: XRANK 
[GSB+03] computes rankings at the granularity of an element, 
considering element-to-element links in addition to document-to-
document links. XRANK ranks the XML elements by 
generalizing the Page-Rank algorithm [BP98], combining the 
ranking of elements with keyword proximity.  

XSEarch [CMK+03] ranks the results taking into consideration 
both the degrees of the semantic relationship and the relevance of 
the keyword. XSEarch also adds the power of distinguishing 
between tag names and textual content. They also disallow results 
where the same tag name appears more than once in nodes of a 
vertical result path. Cohen et al. [CKK05] present an extended 
framework to specify the semantic relationship of XML elements, 
providing a variety of interconnection semantics based on the 
XML schema, improving the quality of the ranking of XSEarch. 
XIRQL [FG01] utilizes a different strategy to compute its ranking, 

defining index units, specific entity types that can be indexed and 
used for tf-idf computation. 

Schema-free XQuery [LYJ04] refines the work of XSEarch by 
utilizing meaningful lowest common ancestors instead of the 
concept of interconnected nodes, skimming some unrelated, “too 
inclusive” elements that are not supposed to be returned. Cohen et 
al. [CKK05] improve even further this approach by including the 
schema into the framework and discovering interconnection 
information. Xu and Papakonstantinou [XP05] define a result as a 
“smallest” tree, that is, a subtree that does not contain any subtree 
that also contains all keywords. Hristidis et al. [HKPS06] group 
structurally similar tree-results to avoid overwhelming the user. 

Previous works define a query answer in several different ways. 
XRANK, XIRQL and TeXQuery [ABS04] define an answer to be 
a document fragment (generally a subtree) ----  the most specific 
fragment of the XML document is typically the highest ranked 
answer. In contrast, XSEarch defines the result to a query to be a 
sequence of XML nodes and null values forming a path that 
connects the elements that contain the keywords or that satisfy the 
query predicates. On the other hand, Carmel et al. [CMM+03] 
utilize XML Fragments as the syntax to specify the query but their 
query answers consist of entire documents, not fragments. 
Pradhan [Pra06] present a flexible algebraic approach for defining 
results' properties in the query, in addition to a list of keywords. 

XKeyword [HGP03] operates on an XML graph (with ID-IDREF 
edges) and returns a subtree of minimum size that contains all 
query keywords. The World Wide Web Consortium has proposed 
syntactic and semantic extensions to XQuery and XPath [ABS04, 
XFT07] to support full-text search capabilities. Amer-Yahia et al. 
[ACD06] present an Algebra to support such an extension. 



3. CHALLENGES OF INFORMATION 
DISCOVERY ON CDA DOCUMENTS 
In this section we present a series of challenges that have to be 
addressed to effectively perform information discovery on a 
corpus of CDA documents. For simplicity we focus on plain 
keyword queries, although the same challenges are valid for semi-
structured queries as well -  a semi-structured query is a query 
where partial information about the structure of the results is 
provided. For example, specify that we are only interested in 
“code” elements under “Observation” elements. 

We discuss why the general work on information discovery on 
XML documents (Section 2.3) is not adequate to provide quality 
information discovery on CDA XML documents. The key reasons 
are the complex and domain-specific semantics and the frequent 
references to external information sources like dictionaries and 
ontologies. 

Table 2 CDA Document Queries 

Id Keyword Query 

q1 “Asthma Theophylline” 

q2 “Substance Theophylline” 

q3 “Respiratory Theophylline” 

q4 “Temperature” 

We use Document D1 depicted in Figure 5 as our running 
example, along with the plain keyword queries of Table 2. 

3.1 Structure and Scope of Results 
In contrast to traditional Web search where whole HTML 
documents are returned as query results, in the case of XML 
documents and particularly CDA documents, we need to define 
what a meaningful query result is. Previous work has studied 
different approaches to define the structure of results. A corpus of 
works [ABS04, FG01, GSB+03] consider a whole subtree as 
result, that is, a result is unambiguously defined by the lowest 
common ancestor (LCA) node of the keyword nodes. We refer to 
this approach as subtree-as-result. For example, XRANK favors 
deeply nested elements, returning the deepest node containing the 
keywords as the most specific one, having more context 
information. In contrast, a path as the result is proposed by 
[ACD02, BHN+02, HP02, CMK+03, HPB03]; where a minimal 
path of XML nodes is returned that collectively contain all the 
query keywords. Note that we use the term “path” loosely to 
differentiate it from the subtree-as-result approach, because it can 
be a collection of meeting paths (a tree) for more than two query 
keywords. We refer to this approach as path-as-result.  

Example: To illustrate this challenge we execute query q1 on 
document D1. For the path-as-result approach there are two 
candidate results depicted in Figures 5 (a) and (b) because of the 
two appearances of the keyword “Theophylline” in lines 50 and 
54. For the subtree-as-result approach, only the subtree rooted at 
the XML node of line 33 is a possible result. �   

It is unclear whether the subtree-as-result or the path-as-result is a 
better fit for searching CDA documents. The discussion on 
minimal information unit below sheds more light to this aspect. 

Another issue is the scope of a result, in particular, whether 
results spanning across EMRs should be produced. For instance, 
two query keywords may be found on two EMRs authored by the 

same doctor (the doctor becomes the connection element as 
discussed in Section 3.10. If the query is “drug-A drug-B death” 
then clearly two-EMR results are not useful since if different 
patients took the two drugs no correlation between the drugs can 
be drawn. On the other hand, if the query is “rare-disease-A rare-
disease-B” then it may be useful to find a doctor who has treated 
two patients that have had one disease each. A simple solution to 
this dilemma is to allow the user to explicitly specify if cross-
EMR results are allowed.  

 
Figure 7: Atomic path results for Query q1.  

The highlighted nodes match the terms. 

Finally, doctors would like to be able to specify the results’ 
schema in some cases, which in turn limits the types of elements 
searched for the query keywords. 

3.2 Minimal Information Unit (MIU) 
It is challenging to define the granularity of a piece of information 
in a way that it is self-contained and meaningful, but at the same 
time specific. For example, in Document D1 returning the “value” 
element of line 45 without the preceding “code” element is not 
meaningful for the user. Hence, the “value” element is not an 
appropriate MIU, whereas the enclosing “Observation” element 
could be.  

Furthermore, for some queries it is required to include into the 
result some elements that do not contribute in connecting the 
query keywords or are part of the MIU of such a connecting node. 
For instance, the “patientPatient” element should be included in 
the result of q1 if a practitioner submits the query, but not if a 
researcher does. Such personalization issues are further discussed 
in Section 3.14.  

Another issue is the static definition of MIU. In XKeyword 
[HPB03], a “target object” is the equivalent of an MIU and they 
are defined statically on the schema by a domain expert. Xu et al. 
[XLWS06] also define MIUs in a static manner. Such static MIU 
definitions are not adequate for CDA information discovery, as 
the following scenario explains. For the query “Body height” a 
reasonable result is the “Observation” element in lines 77-81. On 
the other hand, for the query “1.77” this same element is not 
meaningful since obviously the user knows that “1.77” is a height 
value, but the patient who has this height is probably of more 
interest. Hence, there is a need to dynamically specify MIUs. 

 



 
Figure 8: Result for q1 using "SubstanceAdministration"  

as Minimal Information Unit 

Example: The tight semantic relationship between the nodes in 
the subtree rooted at the element “SubstanceAdministration” in 
line 49 of Figure 5 can lead the system expert to consider this 
subtree as a MIU. In this case, the single result of query q1 on 
Document D1 for the path-as-result approach is the one shown in 
Figure 8. If, in contrast, every element in the tree is considered a 
minimal information unit, then the two paths depicted in Figure 7 
are the results for this query. �  

3.3 Semantics of Node and Edge Types 
It is challenging to incorporate the rich semantic information 
available for the clinical domain, and particularly for the elements 
of a CDA document, in the results’ ranking process. At the most 
basic, a domain expert statically assigns a weight to each node and 
edge type, as in BANKS [BHN+02]. In addition to that, we can 
assign a relevance to whole paths on the schema as explained 
below. Furthermore, it is desirable that the degrees of semantic 
association are adjusted dynamically exploiting relevance 
feedback [SB99] and learning [Mit97] techniques. 

 

Figure 9: Path Results to q2 

The equivalent of a schema for a CDA document is the CDA 
Release 2 Object Model (Figure 4), showing the connection from 
a document section to a portion of the CDA clinical statement 
model [DAB+06]. Edge and node weights can be specified on this 
Object Model. For example, the relationship between a substance 
and the patient it was prescribed to may be more relevant than the 

relationship between the substance and the doctor who prepared 
the EMR. 

As mentioned above, assigning relevance degrees to whole paths 
instead of single edges can improve the ranking quality. For 
example, the path “SubstanceAdministration.consumable.manufac 
turedProduct.manufacturedLabeledDrug.code” could have a 
higher or equal weight than “SubstanceAdministration.consumable. 
manufacturedProduct”. This is particularly important for cases 
where a syntactically long path corresponds to a semantically tight 
association. For instance, the path “SubstanceAdministration.con 
sumable.manufacturedProduct.manufacturedLabeledDrug.code” 
in lines 49-57 of Figure 5 has four edges, but intuitively this 
sequence of elements will typically appear as an indivisible unit. 
Hence, this path may be viewed as a single edge for the purpose 
of ranking. In general, the information discovery algorithm must 
neutralize the effect of the schema design decisions of CDA by 
considering a semantic instead of a syntactic distance. 

Example: Consider query q2 executed over D1. We can see with 
this query the need to index and query the XML tags in addition 
to the values; in this case the keyword “Substance” matches the 
tag “SubstanceAdministration” in line 49. Figure 7 shows two 
possible results to q2. Even though the first result only involves 
two edges (whereas the second involves four), it could be that the 
second result is ranked higher if the path 
“SubstanceAdministration. 
consumable.manufacturedProduct.manufacturedLabeledDrug.co
de” is viewed as a single edge..  �  

3.4 Access to Dictionaries and Ontologies 
CDA documents routinely contain references to external 
dictionary and ontology sources through numeric codes. As an 
example, document D1 includes references to LOINC [LNC06] 
and SNOMED CT [SNM06] in lines 34 and 38 respectively. 
Hence, it is no longer enough to answer a query considering the 
CDA document in isolation, as is done by all previous work on 
information discovery on XML documents (Section 2.3). In this 
setting, the query keywords may refer to text in the CDA 
document or an ontology that is connected to the CDA document 
through a code reference. For example, the query keyword 
“appendicitis” may not be present in the document but its code 
might be present, so we need to go to the ontology and search for 
the query keyword there.  

On a high level, it would be desirable to view the data graph (the 
CDA document) along with the ontology graph (e.g., SNOMED) 
as a single “merged graph”. An approach to achieve that is the 
following: (a) view a code node in a CDA document and the 
corresponding ontology node as a single node, that is, collapse 
these two nodes. Equivalently, add an edge with infinite weight 
between them (assuming higher weight denotes higher 
association). (b) For free text nodes (with no code) v of the CDA 
document we add an edge between v and each ontology node u 
with weight equal to the IR similarity between the content of v 
and u. Only the edges with weight greater than the specified 
threshold are finally created. This second technique can be 
omitted if we assume that the author of the CDA document is 
including the ontology/dictionary codes where appropriate and 
there are matching ontology entities for all real entities in the 
CDA document. 



An alternative technique has been described to incorporate 
ontology information in the query processing [HHP06]. Designed 
to enable keyword search on data graphs with authority flow 
semantics, the ObjectRank authority flow algorithm [BHP04] is 
executed on the ontology graph to rank the ontology nodes with 
respect to the query, and then uses the terms of the top-ranked 
ontology nodes to expand the original query. 

Example: Query q3 executed on D1 would have an empty result 
(for AND semantics) if the ontologies/dictionaries were not text 
searched. However, if the intuition discussed above is applied, the 
same results as in q1 are valid, since the query term “respiratory” 
is associated to the term “Asthma” in D1 through relationships of 
the SNOMED ontology, as shown in Figure 2.  �  

Note that it is challenging to rank results produced by exploiting 
ontological relationships as discussed in Section 3.5. 

Performance: The solutions proposed to exploit 
ontology/dictionary information incur challenging performance 
issues. Two high-level techniques that can be employed to realize 
the above query semantics are: (a) Search all ontologies for the 
query keywords, find adequately associated codes, and then 
search the CDA documents for these codes. (b) Start searching the 
documents and for each ontology code encountered, lookup the 
keywords in the corresponding ontology. Furthermore, it is 
challenging to develop efficient pre-computation and runtime 
algorithms to facilitate the expensive in terms of execution 
semantics of the merged data and ontologies graph discussed 
above. 

Another performance challenge arises due to the size of the 
ontologies. As mentioned in Section 2.1, SNOMED CT contains 
more that 235,000 concepts and 1,200,000 relationships between 
them. This corresponds to more than 2GB of compressed data, 
which will play a role in deciding which execution approach will 
be more efficient.  

3.5 Different Types of Relations in Ontology 
We need to assign an appropriate value to each of the relations 
present in the ontologies. SNOMED CT, for example, has four 
different types of relationships: (1) Defining characteristics, (2) 
Qualifying characteristics, (3) Historical relationships and (4) 
Other relationships. Figure 2 and Figure 3 include relations such 
as “May be”, “Finding site of” and “Has finding site” in addition 
to the most common “Is a” relationship. Stricter and stronger 
relations in the ontology should intuitively have a higher weight. 

Furthermore, we need to take into consideration the direction of 
the edges. For instance, following “Is A” edges specializes and 
restricts the search on the one direction, but generalize in the 
other direction, with the risk of returning imprecise terms. 

We must also consider the number of incoming and outgoing 
edges that each node has. For example, some SNOMED CT 
concepts such as “Duplicate concept” or “Invalid concept” 
participate in historical relationships and possess a large incoming 
degree. Navigating these historical relationships to concepts with 
such large in-degrees may not be beneficial to the information 
discovery process. 

A possible approach to measure the degree of association between 
nodes of an ontology graph is to execute ObjectRank [BHP04] on 
the ontology graph, as described by Hwang et al. [HHP06]. In 

particular, for query q3 we can place the nodes containing the 
keyword “Respiratory” in the base set and then execute 
ObjectRank. If the node containing the term “Asthma” (line 39 of 
D1) ends up having a higher score than the node containing the 
term “Bronchitis” (line 45 of D1), then the “Asthma” node will be 
preferred. This process can be further improved by assigning 
different authority transfer bounds [BHP04] to various edge 
(relationship) types of the ontology according to their semantic 
association. 

Example: As an example we execute query q3 on D1. We can see 
in the ontology graph of Figure 2 that “Asthmatic Bronchitis” 
and “Asthma” are both related to “Respiratory”, but “Asthmatic 
Bronchitis” is two “Is_A” edges away from “Respiratory”, 
whereas “Asthma” is only one edge away. Hence a result 
containing “Theophiline” and “Asthma” (line 39) would be 
better than one containing “Theophyline” and “Bronchitis” (line 
45).  �  

3.6 Arbitrary Levels of Nesting 
We can find an arbitrary number of levels of nesting and recursion 
in the definition of components and sections, as exemplified in the 
path component.section.component.section in lines 58-63 of 
Figure 5 

Taking into consideration the semantics of the document, the 
interconnection relationship rule of XSEarch [CMK+03], where 
the same tag may not appear twice in internal nodes of a result 
path, cannot be applied since the same tag can appear twice in a 
vertical path (top-to-bottom). In particular, the rule of XSEarch 
assumes that a vertical path may not contain the same tag twice, 
since elements with the same tag name are typically in the same 
level of the tree. This is clearly not true for CDA documents. 

Hence, the XSEarch interconnection relationship should be 
modified considering semantic information of the surrounding 
elements. For instance, if we assume that a “component” element 
represents a hospitalization, then if two keywords with the same 
tag appear in different components of the same section, the 
XSEarch rule can be applied, but not if they are in two different 
sections of same component. 

3.7 Handling ID-IDREF Edges 
CDA entries can include pointers to “content” elements of the 
CDA Narrative Block; similarly, “renderMultiMedia” elements of 
the CDA Narrative Block can point out to CDA entries. The 
“content” element can contain an optional ID attribute to identify 
it, and it can serve as the target for a reference. The “originalText” 
component of a RIM attribute can then refer to this identifier, 
indicating the original text. As an example we can find an ID 
attribute in line 50 of Figure 5. A reference to this element is 
found in the “originalText” element of line 40. 

These edge types have been ignored for results computation by 
previous search strategies like XRANK, which only utilizes the 
hyperlinks (ID-IDREFs) for score calculation. That is, results are 
always subtrees ignoring the ID-IDREF edges. We want to exploit 
these edges in producing the results. A consequence of this issue 
is the fact that the result can be a graph (with cycles) and not a 
tree. In this case, we need to decide whether we break the cycles 
to return a tree as the answer, since a tree is typically easier to 
present and reason about. Also, similar to XRANK, ID-IDREF 
and containment edges could be assigned different weights. 



 

Figure 10: Result to Query q1 considering ID/IDREFS 

Example: We execute query q1 on the sample document D1. We 
obtain the two path results depicted in Figure 7, but if we include 
the ID-IDREF hyperlink between elements in lines 40 and 50 of 
Figure 5 we obtain the graph depicted in Figure 10, containing a 
cycle.   �  

In case we decide the best solution is to break the cycles, the next 
issue is to decide the best edge to remove. The simplest possibility 
is to eliminate the hyperlink and preserve a path as the one shown 
in Figure 7(a). Alternatively, the weights and directions of the 
edges may be taken into account. 

3.8 Free Text Embedded in CDA Document  
In some cases, plain text descriptions are added to certain sections 
to enrich the information about the record or to express a real life 
property not codified in dictionaries or ontologies. As a first 
measure, traditional text-based Information Retrieval techniques 
[Sal89, BYRN99] should be included in the architecture to 
support such cases.  

Another technique to address the coexistence of semi-structured 
and unstructured data is presented in [HGP03], where IR and 
proximity rankings are combined. 

In addition to embedded plain text, HTML fragments can also be 
included to the CDA document, resulting in a mix of semantic 
mappings. For instance, line 50 in Figure 5 describes the full-text 
description of the dosage for a substance. Due to the complex 
nature of this description, there is no single entity in the ontology 
to accurately match it. 

 

Figure 11: Free text and HTML fragment results  
for query q4 

Example: To exemplify this challenge we execute query q4 on our 
sample document D1. Figure 11 shows two possible results for 
this query assuming each element is a MIU. Figure 11 (a) 
presents a free-text entry containing the keyword “Temperature”, 
whereas Figure 11 (b) depicts an HTML fragment also containing 
the keyword. Without additional semantic information, these 
results cannot be ranked based on their structure; appropriate IR 

techniques should be applied to solve this challenge. For 
instance, the second result may be ranked higher since it has a 
smaller document length (dl).   �  

3.9 Special Treatment of Time and Location 
Attributes 
After discussing with medical researchers and practitioners, we 
found that time and location are critical attributes in most queries. 
For instance, for the query “drug-A drug-B” the doctor is 
probably looking for any conflict between these drugs, and hence 
the time distance between the prescriptions of these drugs for a 
patient is a critical piece of information. Location is also 
important since two patients located in nearby beds in the hospital 
should be viewed as associated because infections tend to transmit 
to neighboring beds. Clearly, it is challenging to standardize the 
representation of such location information within an EMR. 

Furthermore, time and location can lead to the definition of 
metrics similar to the inverse document frequency (idf) in 
Information Retrieval [Sal89]. For instance, asthma is more 
common in summer; hence a patient who has asthma in winter 
should be ranked higher for the query “asthma”. Similarly, a 
patient who has the flu in a town where no one else has it should 
be ranked higher for the query “flu”. These associations are too 
complex since time can be used to define time, distance, or 
periodicity. Similarly, location relationships can be specified 
either within a hospital or across towns. 

Finally, there should be a way to specify time intervals in the 
query, possibly using a calendar interface, and then use the 
specified time window as an answers’ filter. Specifying the time-
distance between the keywords can also be useful. For instance, 
the query “newborn heartblock” which is often needed at Miami 
Children’s Hospital, should not return a patient who got a 
heartblock when he was 60 years old but the word “newborn” 
appeared in his EMR in a description field of her birth day. 

3.10 Identity Reconciliation and “Value 
Edges” 
A single real-life entity (e.g., a medication or a doctor) is 
duplicated every time it is used in a CDA. Hence, associating two 
records of the same author, or two patients with the same 
medication is hard. In contrast, in previous work on searching 
XML documents, a real-life entity is typically represented by a 
single XML element, which is linked using ID-IDREF edges 
where needed. For instance, in XKeyword two papers of the same 
author have an IDREF to the same author element.  

The problem of reference reconciliation has been tackled both in 
the context of structured databases [DHM05, HS95, MNU00, 
MW03, SB02, TKM02, Win99] and in the context of free text 
document collections [ML95, MW03, NC02, ZAR03]. However, 
focusing on the domain of CDA documents allows manually 
specifying rules by a domain expert on what types of elements are 
good candidates for referencing identical real-life objects, in case 
these elements have identical or similar values. 

In particular, we can identify on the schema the elements that 
have the property that the same value probably means the same 
real-life entity, so that “value edges” can be added accordingly. 
Such elements may be the “assignedAuthor”, the “patientPatient”, 
the “manufacturedLabeledDrug” and so on. On the other hand, no 



“value edge” should be added between two “title” elements. E.g., 
two patients who both have “Physical Examination” value on the 
“title” element (line 61 in Figure 2) are not related in any way. 

As another example, if two medications have the same SNODEM 
code, they should be associated. However, if a drug and its 
generic have different SNOMED codes, such associations are 
hard to establish. 

Another challenge involves the use of multiple possibly 
overlapping ontologies across the corpus of CDA documents. For 
instance, different codes are used for the term "Asthma" in 
SNOMED CT and LOINC (195967001 and 45669-9 
respectively). Ontology mapping techniques can be leveraged 
[DHM05, HS95, ML95, MNU00, MW03, NC02, SB02, TKM02, 
Win99, ZAR03] (for more details on such techniques see Section 
4).  Furthermore, we can probabilistically extend these initial 
mappings using “meta-rules” like the following [MNJ04]: if two 
concepts C1 and C1’ match, and there is a relationship q between 
C1 and C2 in Ontology O and a matching relationship q’ between 
C1’ and C2’ in Ontology O’, then we can increase the probability 
of match between C2 and C2’. Hence, code elements in a single or 
multiple CDA documents that refer to the same or similar real-life 
entities will be associated through a “value edge”. 

3.11 EMR Document-as-Query 
An alternative query type to the plain keyword query is using a 
whole (or part of) EMR (CDA) document as the query. This 
approach can be used in order to find similar CDA documents, 
that is, CDA documents of patients with similar history, 
demographic information, treatments, and so on. The user should 
be able to customize and personalize such an information 
discovery tool to fit her needs. For instance, a researcher may not 
consider the physician’s (author of CDA document) name when 
matching CDA documents, and could specify that a generic 
medication should be viewed as identical to the non-generic 
equivalent. Previous work on document content similarity 
[And00] and XML document structural similarity [NJ02] can be 
leveraged to solve this problem. The latter corpus of works is 
based on the concept of tree edit distance. The best known 
algorithm for computing tree edit distance between two ordered 
trees is by Zhang and Shasha [ZS89] with the time complexity of 
roughly O(n4) where n is the number of the nodes in a tree. 
Chakaravarthy at al. [CGR+06] match pieces of unstructured 
documents to structured entities, whereas we want to match a 
structured document to other structured or unstructured 
documents. 

Furthermore, such document-as-query queries can be used to 
locate medical literature relevant to the current patient. In this 
scenario, the EMR application could have a button named 
“relevant literature” that invokes an information discovery 
algorithm on PubMed or other medical sources. Price et al. 
[PHOE02] present a first attempt towards this direction, where 
they extract all MeSH terms (MeSH refers to the U.S. National 
Library of Medicine's controlled vocabulary used for indexing 
articles for MEDLINE/PubMed) from an EMR (not specific to 
CDA) and then query MEDLINE using these terms. The 
structured format of CDA documents can potentially allow more 
elaborate searching algorithms where multiple terms that are 
structurally correlated can construct a single and more focused 
query on medical literature sources. 

3.12 Handle Negative Statements 
A substantial fraction of the clinical observations entered into 
patient records are expressed by means of negation. Elkin et al. 
[EBB+05] found SNOMED-CT to provide coverage for 14,792 
concepts in 41 health records from Johns Hopkins University, of 
which 1,823 (12.3%) were identified as negative by human 
review. This is because negative findings are as important as 
positive ones for accurate medical decision making. It is common 
in a medical document to list all the diagnoses that have been 
ruled out, e.g., state that “the patient does not have hypertension, 
gout, or diabetes”. This creates a major problem when searching 
medical documents. Today, one has to examine the terms 
preceding a diagnosis to determine if this diagnosis was excluded 
or not. Ceusters and Smith [CS05] propose new ontological 
relationships to express “negative findings”. It is challenging to 
handle such negative statements for an information discovery 
query in a way that the user can specify whether negated concepts 
should be excluded or not from the search process. 

3.13 Handle Extension Elements 
Locally defined markup can be used to extend CDA when local 
semantics have no corresponding representation in the CDA 
specification. Such user- or institution-defined element types are 
hard to incorporate to the global semantic information, since it is 
not possible to define general structural requirements for the 
results, as in XSEarch [CMK+03] and the work of Xu and 
Papakonstantinou [XP05]. 

3.14 Personalization 
The information discovery engine should provide personalized 
results depending on the preferences of each individual user. For 
example, for different doctors, different entities and relationships 
in the CDA components are more important. For some healthcare 
providers, the medication may be more relevant than the 
observation, or the medication may be more relevant than the 
doctor name. Also the relationships in ontologies may be viewed 
differently. 

Furthermore, depending on whether a user is a nurse, a 
pharmacist, a technician or a physician, the system could 
automatically assign different weights on edges and nodes of the 
CDA Object Model (Figure 4) to facilitate the information needs 
of the users. 

3.15 Confidentiality of Records 
The level of confidentiality of the medical record is indicated by 
the confidentialityCode element in the header section of the 
record, taking the values “normal”, “restricted” and “very 
restricted”. The value of this element, shown in line 4 of Figure 5, 
may dictate at what level we may return results for an executed 
query. If confidentialityCode is set to “restricted” but no personal 
info is contained in the result, then the result could be output. 
Otherwise, the credentials of the user should also be taken into 
consideration to validate whether the user has the right privileges 
to obtain the query results. 

As mentioned in Section 2.1, LOINC codes are already part of 
HIPAA [HIP07], complying with the confidentiality standards 
imposed by the Federal Government on the Insurance and Health 
Care Industries. 



4. RELATED WORK 
This section reviews some research areas that are related to the 
problem we are introducing in this position paper, in addition to 
the XML information discovery techniques reviewed in 
Section 2.3: the testing and evaluation of IR techniques on XML, 
the problem of automatic ontology mapping, and the limitations 
of medical ontologies. 

INEX : To test and evaluate IR techniques on XML documents, 
the INitiative for the Evaluation of XML Retrieval (INEX) 
[INX07, FGK+02] was created in 2002 to provide the 
infrastructure and means to evaluate the retrieval methods and 
techniques and to compare results, specifically providing a large 
XML test collection and appropriate scoring methods, for the 
evaluation of content-oriented XML retrieval systems. For 
INEX2006, the test collection consists of more than 650,000 
XML-encoded articles from the Wikipedia project, compiling 4.6 
Gigabytes of textual information. These documents are organized 
in topics, with relevance assessments defined for each topic. A 
series of content-only (CO) and content-and-structure (CAS) 
queries is defined for each topic. The CO queries resemble those 
used in the Text REtrieval Conference (TREC) [TRC07]. 

Automatic Ontology Mapping: Even when representing the 
same domain, information sources may be of heterogeneous 
semantics, resulting in a necessary mapping between ontologies 
and schemas in order to compose the information and enable 
interoperation. This has been a research topic in recent years, 
providing strategies to compose different and heterogeneous 
sources, aiming to reduce the impreciseness and errors in such 
mappings. A large number of papers are listed at [OM07]. 
ONION [MWD01] and Prompt [NM03] use a combination of 
interactive specifications of mappings and heuristics to propose 
potential mappings. GLUE [DMD+02] employs machine-learning 
techniques to discover the mappings. OMEN [MNJ04] exploits 
schema-level information by using a set of meta-rules. 

Limitations of Medical Ontologies: In recent years, one of the 
hottest research directions in medical informatics has been to 
address the biomedical terminology problem. Ontologies and 
description logics have been chosen to tackle this challenge, 
proving to be an adequate solution. But it has also been shown 
that description logics alone cannot prevent incorrect 
representations of the medical terminology, since frequently they 
are not accompanied of the proper theory to describe them. The 
inappropriate adoption of the UMLS Metathesaurus [UMT07] has 
been specifically criticized and questioned in [CS03], which cites 
these three problems: (1) There is a wide range of granularity of 
terms in different vocabularies. (2) The Metathesaurus itself has 
no unifying hierarchy, so you cannot take advantage of 
hierarchical relations. (3) There may be other features of 
vocabularies that get lost in their 'homogenization' upon being 
entered into the Metathesaurus. Hahn et al. [HRS99] recognize 
the value of biomedical terminologies as the starting point for an 
engineering-oriented definition of medical ontologies, in which 
the reviewing of concept consistency and hierarchy concludes 
with the inclusion of missing terms and the correction of 
misclassified concepts. 

5. CONCLUDING REMARKS 
We have introduced the problem of Information Discovery on 
Electronic Medical Records (EMR), enumerating a series of 

challenges that must be addressed to provide a quality information 
discovery service on EMRs, specifically on Clinical Document 
Architecture (CDA) documents. The challenges are related to the 
semantics of the architecture, the XML definitions of CDA 
documents, and the convergence of the narrative structure 
associated with ontologies and dictionaries. More research is 
needed to address the ability of keyword searches to return 
meaningful results on CDA documents containing time-dependent 
relationships. Guidance is also needed in determining how 
ontologies can be best used in CDA documents to improve 
keyword search effectiveness and minimize information discovery 
times. We hope that this work will spur new research on this 
topic, which can have a dramatic impact on the quality of 
healthcare. 
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