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Abstract
This paper focuses on the problem of representing, in a meaningful way, the knowledge involved in
the HealthAgents project. Our work is motivated by the complexity of representing Electronic Healthcare Records in a consistent manner. We present HADOM (HealthAgents Domain Ontology) which
conceptualises the required HealthAgents information and propose describing the sources knowledge
by the means of Conceptual Graphs (CGs). This allows to build upon the existing ontology permitting for modularity and flexibility. The novelty of our approach lies in the ease with which CGs can
be placed above other formalisms and their potential for optimised querying and retrieval.

1

Introduction

HealthAgents [2] is an agent-based, distributed decision support system (DSS) that employs
clinical information, Magnetic Resonance Imaging (MRI) data, Magnetic Resonance Spectroscopy
(MRS) data and genomic DNA profile information. The aim of this project is to help improve brain
tumour classification by providing alternative, non invasive techniques. A predecessor project, Interpret [20], has shown that single voxel MRS data can aid in improving brain tumour classification.
HealthAgents builds on top of these results and further employs multi voxel MRS data, as well as
genomic DNA micro-array information for better classification results. Moreover, HealthAgents is
decentralizing the Interpret DSS by building a distributed decision support system (d-DSS). This
way, the number of cases to be studied is increased, improving classifier accuracy.
In this paper we focus on the problem of representing, in a meaningful way, the knowledge
involved in the HealthAgents project. We regard knowledge representation in the spirit of [9] where
a knowledge representation is described in terms of the five roles that it should play. More precisely,
knowledge representation is a (1) surrogate, (2) a set of ontological commitments, (3) a fragmentary
theory of intelligent reasoning, (4) a medium for efficient computation and (5) a medium of human
expression. We will explain why the choice of Conceptual Graphs [19, 18] fulfills these requirements
and its relevance in the context of medical knowledge for HealthAgents.
The problem of representing healthcare information (Electronic Healthcare Record) about an
individual has been a key research field in medical informatics for many years. This information [13]
(which can include tests, observations, imaging information, diagnostics, patient identification, legal
permissions) has either been stored in a structured document based format (e.g. relational databases
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etc.) or unstructured document based format (e.g. photocopied hard copies). Electronic Healthcare
Records (EHR) are difficult to represent, in a consistent manner, due to their content complexity.
However, information 1 interoperability [5] will benefit patient care as it will allow for exchange
of data between multiple sites. This is important in the context of this project where we expect
hospitals from different parts of the world to join the HealthAgents network.
To address the interoperability shortcoming a number of standards have been proposed in the
literature. A few examples that attempt to represent EHR include [11], [10], [12] and [6]. The
aim is to structure the knowledge (using markup techniques) so that the clinical content is precisely
identified. The ability to uniquely refer to a piece of information is denoted, in the context of these
standards, as “semantics” since it allows the identification of the meaning of the knowledge. In this
paper, however, we claim that this representation expressiveness is not sufficient for information
retrieval. In the spirit of [15] we define semantics as the capability of inferring (reasoning) implicit
knowledge from the knowledge base (based on explicit knowledge and given rules). This is important
for HealthAgents (brain tumor information could influence the patient diagnosis).
In HealthAgents we developed HADOM (HealthAgents Domain Ontology) which conceptualises
the parameters of the employed techniques (MRI, MRS, DNA microarrays etc.), the clinical information (age, sex, tumor location etc.) and the known brain tumor classes compliant to WHO (World
Health Organisation) 2 . For example the structure “medical control” contains the information related to different MRI, MRS etc tests underwent by the patient. The HADOM ontology provides
the basic terminology for the HealthAgents database schema and allows for interoperability at the
terminological level. This is illustrated in Figure 1. For information retrieval and query capabilities
we propose a Conceptual Graph based description of the data sources. In this paper we give the
motivation for this knowledge representation formalism, informally describe Conceptual Graphs and
show why they are suitable in the context of HealthAgents.

Schema 1

Schema i

Domain Ontology

Schema n

Schema j

Figure 1. Ontological interoperability of HealthAgents database schema

2

Motivation

In HealthAgents we need to integrate medical knowledge from different sites and retrieve it in an
intelligent manner. We thus need a flexible mechanism for data representation and querying.
At the moment the data in the HealthAgents system is stored in relational databases at the various
participating European clinical centers. A uniform vocabulary needed for interoperability reasons is
provided by means of HADOM. The patient concept is at the centre of HADOM (see Figure 2(a)).
Each visit of a patient is given a unique ID to be differentiated from other EHR regarding the
same person. A particular patient instance, therefore, has several associated patient records. Tissue
focus defines instances of the concerned areas under two sub groups, namely Primary Focus and
Secondary Focus. A particular focus is related to one visit of a patient via Patient Record (see
Figure 2(b)). Many medical instruments and methods have been developed to diagnose brain
1
2

In this paper we follow the work of [1] to distinguish between data, information and knowledge.
Available from Harvard Medical School at: http://neurosurgery.mgh.harvard.edu/newwhobt.htm
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tumour. In HADOM, we enumerate the following approaches and define them as sub-concepts of
Medical Control: Biopsy, HRMAS, Magnetic Resonance and Microarray.
Symptom
Clinical-Intervention

WHO-CNS-Tumour-Grade
Diagnosis

Patient

Daumas-Duport-Grade

Patient-Record

Patient-Record

Medical-Control

Diagnosis
Clinical-Center

Symptom
Region-of-Interest

Medical-Control

Medical-Control-Outcome

Histopathology

Clinical-Intervention

Clinical-Centre

(b) One visit of a patient

(a) Patient and Patient-Record

Figure 2. Conceptual view of HealthAgents HADOM

The problem with representing the EHR in this format is that certain rules that can help retrieve
implicit knowledge are hard to represent. Indeed, mutual understanding among software agents
is partially rooted in a commonly agreed vocabulary/terminology in the brain tumour domain
when such agents need to communicate with each other to express things like “retrieve cases of all
patients under age 5” and “fetch a case of glioma from Hospital A” where underlined words are
concepts from HADOM. That is to say, the domain ontology captures only the static model rather
than the inference procedures. We would like to be able to express statements like “due to the
fact that . . . the tumour is malignant” or “all peak areas with . . . characters suggest . . .”. Such
separation (static model rather than inference procedures) is based on both theoretical and practical
considerations. On the one hand, such inferences are built using rules, machine learning techniques,
etc. which, currently, are not ready to be combined with major knowledge representation and
reasoning formalisms, e.g. Description Logic, Frames, Entity-Relationship Model, etc. On the other
hand, a medical diagnosis is normally a complicated process with ambiguity and uncertainty which
cannot be entirely and precisely formalised in an inference model based on taxonomic knowledge.
This, however, does not deny the merit of building a reasoning system on top of HADOM to
provide moderate suggestions and warnings to clinicians. Such reasoning capability would be more
appropriate to perform simple and specific tasks. This sort of extra reasoning power will also allow
one to check for consistency within the HealthAgents ontology.
Therefore, we propose describing the knowledge contained in the sources by the means of Conceptual Graphs. This allows us to build upon the existing ontology while not overcomplicating the
ontology with rules to describe data extraction techniques that can employ different parameters
which greatly influence the outcome data. An immediate advantage of our Conceptual Graphs
choice is their graph based reasoning mechanisms which allow versatile querying algorithms [7]. In
the next section we informally introduce Conceptual Graphs and explain our choice of knowledge
representation formalism in the context of the five roles of [9] enumerated in Section 1.

3

Conceptual Graphs based Representation

During the past 30 years, a wide variety of knowledge representation schemes have been developed,
each of which have their own benefits and drawbacks. Expressiveness and efficiency are the key
factors that greatly affect the competence of a representational scheme. In general, the term semantic
network encompasses an entire family of graph-based visual representations. Initially, they have been
introduced [17] for processing the semantics of natural languages. The system KL-ONE [4] and its
descendants are the main representative descendants of this kind of semantic networks. The lack of
3
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a clear formal semantics of the first members of KL-ONE family has been successfully repaired by
the most prominent KR languages, Description Logics (DLs) [3]. John Sowa developed Conceptual
Graphs (CGs) on the basis of semantic networks and Peirce’s Existential Graphs [16]. These graphs
can be viewed as a diagrammatic system of logic, with the purpose “to express meaning in a form
that is logically precise, humanly readable, and computationally tractable” [19].
Conceptual Graphs represent background knowledge, i.e. basic ontological knowledge, in a structure called support, which is implicitly used in the representation of factual knowledge as labelled
graphs. A support consists of a concept type hierarchy, a relation type hierarchy, a set of individual
markers that refer to specific concepts and a generic marker, denoted by *, which refers to an unspecified concept. The support defines the main concepts and relations that exist in the world we
are trying to describe. These concepts and relations are going to be linked together by the means
of a ordered bipartite graph that will describe the facts we are interested in. The ordered bipartite
graph is going to represent the “stencil” which is going to be “filled in” with the concepts / relations
taken from the support. A CG can be viewed as a bipartite graph that provides a semantic set of
pointers to two ontologies. This means that we can reuse sources’ ontologies, database schemas etc.
for the purpose of describing those sources by the means of a CG. Moreover, the attached semantics
of Conceptual Graphs make them a powerful reasoning knowledge representation and reasoning
formalism. CG reasoning mechanisms can be viewed as a powerful tool for the querying process.
Due to the nature of the framework, the CG description can be placed on top of other knowledge
sources or integration systems. This is called a Knowledge Oriented Specification of a source (KOS).
Once the conceptual graph describing a source is built and integrated with other sources’ CGs, the
system is able to retrieve the answers to user’s queries in a fully automated way. The conceptual
graphs that integrates information from several KOSs and directs user querying is called a CG
Mixer. This architecture is represented in Figure 3.
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Figure 3. Conceptual Graph Description of Knowledge

More precisely let us look at two examples depicted in Figure 4 (a) and (b). In Figure 4 (a) we
present a simplified example of two KOSs for MRS and MRI data sources. Once the sources are
described with Conceptual Graphs they can be integrated in a CG Mixer. In this “global view” of
the system the domain expert specifies exactly what queries can be posed in terms of this integrated
schema. Once the query is posed, the relations from the CG Mixer are rewritten to direct the query
to the appropriate data sources. Querying a CG Mixer is intuitively depicted in Figure 4 (b). A
CG Mixer has the ability to focus on certain aspects of the data (considered at that time prevalent)
but also is of dynamic nature (the changes will only affect the graph representation and not the
data/wrappers).
To conclude, the five roles of R. Davis, H. Shrobe and P. Szolovits ( [9]) – to view a knowledge
representation (KR) in terms of their five important and distinctly different roles that it plays –
helps highlighting the advantages of using Conceptual Graphs in HealthAgents. A KR is a fragmentary theory of intelligent reasoning. The projection checking algorithms (which correspond to logical
deduction) can be optimized for practical applicability [7]. A KR is a medium for pragmatically
efficient computation. A Conceptual Graph based description of data sources allows for representa4
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Figure 4. Conceptual Graph based knowledge description and querying

tion of HealthAgents knowledge in a clear, organised manner. The CG query algorithms adapt the
basic projection operation, offering a new pragmatic view to the knowledge integration problem. A
KR is a medium for human expression and a surrogate, substitute for the thing itself. The visual
capabilities of Conceptual Graphs means that the domain expert and the user are able to clearly
see the knowledge they are working with. A KR is set of ontological commitments. Conceptual
Graphs depict knowledge based on a “support” which encode the ontological knowledge (via the
node labels). This is essential in a domain as complex as the medical domain where is crucial to be
able to reuse existing information.

4

Conclusions

CGs are an intuitive, visual way of creating a semantically sound representation of knowledge;
this makes conceptual graphs particulary suitable for knowledge description / querying in an interoperability scenario [14]. Since reasoning is essential for querying another one of the most important
feature of CGs we plan to exploit is their reasoning capabilities. Mechanisms for reasoning can be
computationally improved for data retrieval [7]. This visual, reasoning aspect, clearly differentiates
our approach from existing work. Moreover, CGs allow reuse (by means of wrappers) of existing
ontological knowledge expressed in different languages. This is very important as it allows us to
reuse existing standards and / or available medical ontologies.
At the moment the CG describing a source is manually built by the domain expert. However,
this step can be automated both from an information extraction and from a graph combination view
point. In any case this issue is out of the scope of this paper since several wrappers [21] and / or
suitable conceptual graph extensions [8] have been already proposed. The novelty of our approach
lies in the ease with which CGs can be placed above other formalisms and in their potential for
optimised querying and retrieval.
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[2] C. Arús, B. Celda, S. Dasmahapatra, D. Dupplaw, H. González-Vélez, S. van Huffel, P. Lewis,
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