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FRANÇOISE VOLOT, MD, MS, DOMINIQUE FIESCHI, PHD

A b s t r a c t Objective: The aim of the project ARIANE is to model and implement
seamless, natural, and easy-to-use interfaces with various kinds of heterogeneous biomedical
information databases.

Design: A conceptual model of some of the Unified Medical Language System (UMLS)
knowledge sources has been developed to help end-users to query information databases. A
query is represented by a conceptual graph that translates the deep structure of an end-user’s
interest in a topic. A computational model exploits this conceptual model to build a query
interactively represented as query graph. A query graph is then matched to the data graph built
with data issued from each record of a database by means of a pattern-matching (projection) rule
that applies to conceptual graphs.

Results: Prototypes have been implemented to test the feasibility of the model with different
kinds of information databases. Three cases are studied: 1) information in records is structured
according to the UMLS knowledge sources; 2) information is able to be structured without error
in the frame of the UMLS knowledge; 3) information cannot be structured. In each case the
pattern-matching is processed by the projection rule according to the structure of information
that has been implemented in the databases.

Conclusion: The conceptual graphs theory provides with a homogeneous and powerful
formalism able to represent both concepts, instances of concepts in medical contexts, and
associations by means of relationships, and to represent data at different levels of details. The
conceptual-graphs formalism allows powerful capabilities to operate a semantic integration of
information databases using the UMLS knowledge sources.
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Massive volumes of data, unprocessed details, and
heterogeneous sources of information are present in
large information systems, such as hospital informa-
tion systems. They have serious consequences: a lot
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of data is manually processed, some information is
unused, and costs are high. A first approach toward
improving these systems is to re-engineer some soft-
ware components with recent computer technics and
architectures: client/server, object-orientation, com-
munication standards, and so on. This approach guar-
antees the software interoperability of the services in-
side a system and leads to the notion of open systems,
which satisfies the constraint of hardware and soft-
ware heterogeneity. With the use of modern technol-
ogy, a second, complementary, approach is the total
revision of those systems following a knowledge engi-
neering method. This second approach addresses the
semantic heterogeneity of data processed by the ap-
plications. It involves a semantic integration of infor-
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F i g u r e 1 The architecture of a fully integrated infor-
mation system.

mation, which is necessary for applications to process
correctly as a whole, provided the sources are able to
accept a semantically consistent interface. It empha-
sizes the notion of conceptual analysis.1

We define information databases as collections of data
that are stored and delivered by computer systems,
such as patient databases, bibliographic reference da-
tabases, document servers, and so on. We will sup-
pose that the entities users want to retrieve are in-
dexed by keywords chosen in a controlled vocabulary.
Information retrieval in large databases is a process
that consists of sets of queries and refinements. This
nondeterministic search follows the flat organization
of information, notwithstanding cases where it is in-
dexed in tree-structured thesauri. And the main prob-
lem encountered by end-users in querying informa-
tion databases is to map their own perceptions of
concepts onto the different representations imple-
mented in the various computer systems.

The aim of the project ARIANE is to build user inter-
faces with various information databases and to pro-
vide end-users with natural and easy-to-use tools to
query them. Our work takes place in the frame of in-
formation retrieval. This means that when querying in-
formation databases, an end-user does not expect to
have the whole information, and only this informa-
tion, in return. This kind of nondeterministic query
process involves necessarily noise—returned but not
expected information— and silence—information that
could be expected but is not returned.2 As any system
intended to achieve information retrieval, the project
ARIANE aims at minimizing both noise and silence
with regard to end-users’ queries. Even if any infor-
mation retrieval process cannot exclude totally noise
and silence,3 we have shown in previous works how
some of the Unified Medical Language System
(UMLS) knowledge sources may be exploited suc-
cessfully. Therefore, we modeled the UMLS compo-
nents we were intending to exploit.4 – 6 Prototypes pro-
vide the capability to browse the UMLS knowledge
sources and to build a query step by step by means
of selections of concepts and semantic relationships.7,8

Such a query is then matched with data extracted
from records of databases. In the following we sum-
marize the above-mentioned research efforts.

Background

The architecture presented by the diagram of Figure
1, inspired by the Intelligent Integration of Informa-
tion (I*3) project,9 is now commonly shared by sys-
tems designed to achieve semantic integration. This
architecture shows a mediation layer, whose aims are:

n to coordinate and manage information by means of
a facilitator that ensures the collaboration of end-
users,

n to realize a semantic integration and abstraction of
information by means of mediators that realize
high-level human–computer interfaces,

n to access heterogeneous databases by means of
wrappers and dedicated interfaces.

This is conceived as one global module that realizes
a mediation between unprocessed, non-integrated
data and end-users needing abstracted information.
This architecture is based on a global data schema and
necessarily integrates knowledge bases that, to com-
municate and to achieve their tasks, are shared by the
various software modules of the system. Ontologies
are a means to implement these knowledge bases.

An ontology is an inventory of things assumed to exist
in a given domain, together with a formal description
of the properties of those things and relations that
hold among them.10 An ontology thus provides a rep-
resentational vocabulary for a given domain and a set
of rules that constrain the meaning of the terms in that
vocabulary, sufficiently to enable consistent interpre-
tation of data framed in that vocabulary. It is not easy
to build, validate and reuse an ontology.11 But when
it is shared by different applications, it becomes the
cornerstone of a semantic integration for information
systems.12 The UMLS is a complex collection of med-
ical concepts, terms, and relationships issued from
standard classifications.13 Four main knowledge
sources compose the UMLS data structure: the so-
called Metathesaurus,14 a semantic network,15 the Spe-
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cialist Lexicon,16 and an information sources map.17

Above all, its knowledge sources contain many of the
major biomedical vocabularies.18,19 As it is possible in
some cases to translate terms between controlled vo-
cabularies by mapping them on concepts in the Me-
tathesaurus,20 we must consider today the UMLS
knowledge sources as an operational and suitable on-
tology according to the objectives of applications.
Both Metathesaurus and Specialist Lexicon make an
inventory and structure almost all of the terms used
in this rich domain. Knowledge is organized in the
UMLS according to a data schema. Even if this data
structure is complex, it offers a real advantage for de-
signers and developers.21

A Conceptual Modeling of UMLS Components

As noticed by authors, a high level of data represen-
tation would clarify the Metathesaurus and Semantic
Network contents.21 In this section we present a con-
ceptual model of UMLS knowledge sources based on
the conceptual-graphs formalism. Since many of the
methods presented here were exploited in early
UMLS works,22 – 24 we briefly describe our conceptual
model and how it is used for information retrieval.

The Conceptual-graphs Formalism

Conceptual graphs were initially designed to facilitate
natural-language analysis and understanding.25 Due
to their closeness to semantic networks and first-order
logic, their expressiveness is powerful enough to be
applied to knowledge representation.26 Their many at-
tractive features have been applied by medical infor-
matics researchers to various biomedical domains
such as clinical concepts and data representation,27 – 33

classification systems,34,35 information retrieval,7,8,36 and
natural-language understanding and processing.37 – 39

The keystone of the conceptual representation is an
ontology made of a lattice of concept types and rela-
tionships between these types. The conceptual-graphs
theory supports an Aristotelian definition of types by
genus and differentiae, where the genus is a general
type and the differentiae distinguish its subtypes.
Conceptual graphs are bipartite connected graphs in-
volving both concepts and relationships. There are
two kinds of nodes in a conceptual graph: the concept
nodes, written between brackets, which are entities,
attributes, states, or events; and the relation nodes,
written between parentheses, which connect concepts.
A concept node is made of a type name issued from
a given ontology and a referent that qualifies it. When
no ambiguity could arise (this is the case in what fol-
lows), we omit the type name for better readability.
For instance, an Angiography being a referent for

the type Cardiovascular-Diagnosis-Proce-
dure, we will write the concept node [Angiog-
raphy], instead of: [Cardiovascular-Diagno-
sis-Procedure: Angiography]

Let us consider the lattice of types organized top-
down from the most generic types, at the highest lev-
els, to the most specific ones, at the lowest levels, ac-
cording to a partial order relationship named
subsumption. Since the types are structured in a lattice,
two different types always share a most general sub-
sumee and a most specific subsumer. A first formation
rule that applies to conceptual graphs is the restriction.
In a conceptual graph the restriction replaces either a
type by one of its subtypes or the value of a referent
by a more precise one. A second formation rule that
processes on conceptual graphs follow is the join,
which consists of the connection of two graphs on two
concept nodes for which their most general subsumee
is different from the bottom of the lattice. Both restric-
tion and join are specializations because they add in-
formation to the initial graphs.

If a graph U is derivable from a graph V by a sequence
of restrictions and possibly joins with other graphs,
then U is called a specialization of V. A third formation
rule that applies to conceptual graphs is the projection.
If U is a specialization of V, there must be a subgraph
W embedded in U that represents the original V to
which additional graphs were joined during the der-
ivation. That subgraph W is called the projection of V
in U. The projection extracts a subgraph from a given
graph according to a model. Thus, the projection is
often used to achieve pattern-matching operations on
conceptual graphs.

To distinguish meaningful graphs that represent real
or possible situations in a domain, certain graphs are
declared to be canonical. A conceptual graph is said to
be canonical either by construction or when it is de-
rived from previous canonical graphs by means of for-
mation rules.

A Conceptual Model of UMLS Knowledge
Sources

The core concepts that have been isolated in the Me-
tathesaurus are connected to generic types of concepts
in the Semantic Network. These types are intercon-
nected by semantic relationships. The data structure
of the Metathesaurus is based on hierarchies and as-
sociations. The association relationship links a given
term to related terms and to a preferred one. The hi-
erarchies structure the preferred terms into more ge-
neric terms and more specific ones. This hierarchical
relationship divides the Metathesaurus into several
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F i g u r e 2 Organiza-
tion of concepts, con-
texts, and types.

so-called microthesauri, according to concepts local
specificity. The presence of these microthesauri, which
we call contexts in what follows, is the translation of
the various viewpoints from which medical concepts
can be considered.

A first objective of the conceptual model is to repre-
sent the data structure of the UMLS Metathesaurus
and Semantic Network. We therefore organized the
related elements according to a data structure initially
conceived for exploitation of semantic networks.40

When applied to the UMLS components, this struc-
ture shows three levels, as follows:

n the core concepts identified in the Metathesaurus
that constitute the lowest level;

n an intermediary level, which consists of contexts
represented by microthesauri in the Metathesaurus;
and

n the upper level, which is the tree of types of con-
cepts in the Semantic Network, as illustrated by
Figure 2.

We designed a dictionary of concepts to register in-
formation related to contexts. The aim of such a
dictionary is to describe the core concepts and their
instances in various contexts. A concept may indeed
have various instances in different contexts, but only
one in a given context. And each context is connected
to one, and only one, type of concepts at the upper
level. This is illustrated by the diagram of Figure 3. A
unit of the dictionary contains the definitions of all
the instances of each core concept in its possible con-
texts. Such a representation guarantees that one, and
only one, occurrence of each core concept in stored in
the dictionary and that it encapsulates the description
of the links to its possible instances. The U.S. National

Library of Medicine delivers in its UMLS knowledge
sources package data necessary to constitute such or-
ganization. In particular, a relational table contains the
triples that represent links between two types of con-
cepts by means of a semantic relationship.41 These
records form canonical graphs from which inferences
are processed.

A second objective of the conceptual model is to pro-
vide users with the capability to build, as conceptual
graphs, associations that involve instances of concepts
in contexts interconnected by semantic relationships
inherited from the semantic network. The diagram of
Figure 2 illustrates how semantic relationships of the
upper level are used to connect instances of concepts
at the intermediate level in order to create the con-
ceptual graph: coronary arteriosclerosis diagnosed by
angiography and treated by angioplasty. The join rule
serves to combine canonical graphs that contain con-
cepts of a same lineage.

A second component of the above dictionary of con-
cepts consists of global constraints that express gen-
eral rules and allow us to combine concepts according
to the contexts from which they were considered.
Such a rule is: ‘‘a cardiovascular diagnostic procedure
is used to diagnose cardiovascular diseases.’’ It can be
represented by the following canonical conceptual
graph:

[Cardiovascular-Diseases] →
(diagnosed-by) →
[Cardiovascular-Diagnosis-Procedure]

This general constraint expresses that concepts which
occur in the context Cardiovascular-Diagnosis-
Procedure can be linked with concepts occurring in
the context Cardiovascular-Diseases by means
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F i g u r e 3 Contexts for the concept ‘‘coronary arterio-
sclerosis’’ in the Metathesaurus.

of the semantic relationship diagnosed-by (the in-
verse of the binary relation diagnoses). For instance,
the following conceptual graph may be built by
means of the restriction rule applied on the above
graph:

[Coronary-Arteriosclerosis] →
(diagnosed-by) → [Angiography]

because Angiography is a Cardiovascular-Di-
agnosis-Procedure, and Coronary-Arterio-
sclerosis occurs in the context Cardiovascular-
Diseases. In the same way the following
conceptual graph may be built:

[Coronary-Arteriosclerosis] →
(treated-by) → [Angioplasty]

These two above graphs may be joined to produce the
following conceptual graph:

[Coronary-Arteriosclerosis] →
(diagnosed-by) → [Angiography]
(treated-by) → [Angioplasty]

that translates: diagnosis of coronary arteriosclerosis
by angiography and treatment by angioplasty. Since
such a conceptual graph represents a query to infor-
mation databases, we call it a query graph interchange-
ably in what follows.

A Computational Model of UMLS Components

A typical exploitation of the above conceptual model
intended to build a query graph could be presented
as follows:

n select a concept;

n select a context for this concept—the related type
is then selected automatically;

n select a relationship involving this type—the des-
tination type is then selected;

n select a context connected to this last type;

n select an instance of a concept in this context.

This sequence of operations builds an elementary con-
ceptual graph that links two nodes, the two selected
instances of concepts, by means of a selected semantic
relationship. Iterations of such a sequence allow us to
build several canonical graphs. Then the join allows
us to combine them to form complex graphs. Figure
4 shows a screen dump of the knowledge browser we
have implemented. In this instance, the elementary
graph

[Gangrene] →
(caused-by) → [Diabetes Mellitus]

is saved. Its join with the graph

[Necrosis] →
(co-occurs-with) →
[Arterial-Occlusive-Diseases]

produces the query graph

[Gangrene] →
(caused-by) → [Diabetes Mellitus]
(co-occurs-with) →
[Arterial-Occlusive-Diseases]

This operation is possible since Gangrene is a kind
of Necrosis.

Conceptual Queries to Information Databases

Data records are indexed by codes in located fields. It
is then possible to list the instances of concepts a rec-
ord contains. While building a data graph to be
matched with a query graph, three situations may
arise in relation to a database design:

n relationships between instances of concepts are ex-
pressed in the records (in this case nothing has to
be done since each record contains the elements of
its own data graph),

n relationships between instances of concepts are not
expressed in the records, but it is possible to put
them in with certainty (e.g., an angiography and a
coronary arteriosclerosis must be linked by ‘‘diag-
noses’’), and

n relationships between instances of concepts are not
expressed in the records, and it is not possible to
put them in with certainty.

In the first two situations, the projection of the query
graph into the data graph of a record operates the
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F i g u r e 4 Building a conceptual
query from semantic knowledge and
contexts.

F i g u r e 5 Matching a
conceptual query with
data.

matching process. In the last situation, only the in-
stances of concepts are compared without using the
data structure given by a query graph. However, in
each case, the structure of the contexts is used to ver-
ify that an element of a data graph is more specific
than (or at least equal to) an element of the query
graph.

This process is illustrated by the diagram of Figure 5.
The upper part shows the UMLS Semantic Network
and contexts in the Metathesaurus by means of which
a query graph is built as described previously. The
diagram below shows a record of a queried database.
The data of the fields the record contains are values
related to instances of concepts. According to the

above-stated principle, it is possible in some cases to
build a data graph from the data contained in such a
record. A record matches a query if the query graph
can be projected successfully into the data graph. This
mechanism is illustrated in the following sections.
They present not statistical results of experiments
done with databases, but only exemplary tests in-
tended to illustrate the mechanism.

Queries to a Structured Database

We tested the query mechanism with a database of
patients admitted in a general surgery ward during a
four-year period for whom standardized discharge
records were stored. The related file contained more
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F i g u r e 6 Query to a structured patient database.

than 7,000 records. Fields taken into account included
a main discharge diagnosis and associated diagnoses.
The database had been designed and maintained by
surgeons, who linked associated diagnoses to the
main diagnosis by means of four possible relation-
ships: co-occurs-with, causes, complicates,
and associated-with, as defined in the UMLS se-
mantic network. Figure 6 shows a data record that
satisfies the query:

[Gangrene] →
(caused-by) → [Diabetes]
(co-occurs-with) → [Arterial-Occlusive-
Diseases]

The main diagnosis in this data record is gangrene.
The relationship caused-by (in French: causé par)
links the Gangrene to a Non-insulin-depen-
dent-Diabetes. The relationship co-occurs-
with (in French: juxtaposé à) links the Gangrene with
an Atherosclerosis located in the legs. Two other
diagnoses are linked to the gangrene by the same re-
lationship. These diagnoses and relationships com-
pose a conceptual data graph in which the query
graph is projected successfully since a Non-insu-
lin-dependent-Diabetes is a kind of Diabetes,
and an Atherosclerosis is a kind of Arterial-
Occlusive-Diseases.

Queries to a Database Able to be Structured

We did a second test with an unstructured database
of information about patients for whom discharge
records were stored at our university hospital. The re-
lated file contained more than 10,000 records. Fields
taken into account were a main discharge diagnosis
and procedures that were practiced during the related
medical episodes. The main diagnosis was coded with
ICD, embedded in the Metathesaurus. The medical
and surgical procedures were coded using a French
nomenclature. Mappings between the French proce-

dure codes and their representations in the UMLS Me-
tathesaurus were manually constructed for cardiol-
ogy. A model of these data has been built that links a
diagnosis with diagnostic and therapeutic procedures
according to general constraints expressed by the con-
ceptual model of the UMLS. Involved semantic rela-
tionships are in this case: diagnoses and treats.
The general template is:

[Cardiovascular-Disease] →
(diagnosed-by) →
[Cardiovascular-Diagnosis-Procedure]
(treated-by) →
[Cardiovascular-Therapeutic-Procedure]

During the query process, the data of each record of
the file allows us to instantiate this template and thus
provides us with a conceptual representation of a pa-
tient’s record. Figure 7 shows how the conceptual
query

[Arteriosclerosis] →
(diagnosed-by) →
[Angiography] (treated-by] →
[Angioplasty]

is applied to the database. The selected patient records
presented a Coronary-Arteriosclerosis—a
Cardiovascular-Disease—diagnosed by a
Coronary-Angiography—a Cardiovascular-
Diagnosis-Procedure—and treated by an Angio-
plasty, -Transluminal—a Cardiovascular-
Therapeutic-Procedure—and were represented
by the following data graph:

[Coronary-Arteriosclerosis] →
(diagnosed-by) →
[Coronary-Angiography]
(treated-by] →
[Angioplasty, -Transluminal]

in which the above query graph is projected success-
fully.
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F i g u r e 7 Query to a patient data-
base able to be structured.

Querying an Unstructured Database

We did a third test with bibliographical references.
The test exploited the articles in relation to coronary
diseases referenced in MEDLINE during a full year
(about 4,000 references). Since a reference may contain
keywords in relation to several diseases, the UMLS
knowledge, as it is, cannot be used as a data model.
It is not possible to build a correct data graph auto-
matically without knowing what disease may cause,
complicate, or be co-occurring with another one. So,
for each data record, all the concepts present in the
query graph are compared with the keywords. A con-
cept is matched if at least one of the keywords is an
instance of a more specific concept in a same lineage.
The query graph is matched if all the concepts it con-
tains are matched. For instance, the query graph:

[Gangrene] →
(caused-by) → [Diabetes]
(co-occurs-with) → [Arterial-Occlusive-
Diseases]

is restricted to the list of concepts:

Gangrene AND Diabetes AND Arterial-
Occlusive-Diseases

A typical reference extracted from the documentary
database is the following. Title: ‘‘Very distal bypass for
salvage of the severely ischemic extremity.’’ Abstract:
‘‘Forty-six bypass grafts to tibia distal to the ankle
were performed in 35 patients for salvage of extrem-
ities threatened by gangrene or . . . Most patients were
diabetic, with severely calcified arteries, . . . .’’ Among
the keywords are: ‘‘Gangrene,’’ ‘‘Diabetic Angiopa-
thies,’’ and so on, which match all the concepts pres-
ent in the query list, respectively.

Discussion

Querying large information databases is often prob-
lematic due to the complexity of the biomedical do-
main. Thus, the need for intelligent users’ interfaces
to information servers seems obvious. We propose a
model that is able to help users to express queries to
such databases. We have illustrated the matching pro-
cess between a query graph and data graphs in three
typical situations. When data are structured by means
of semantic relationships, the matching process is
completely successful. It also operates efficiently
when data in the records of a database are not struc-
tured, but it is nonetheless possible to identify seman-
tic relationships between instances of concepts with
certainty. In such cases, the use of conceptual queries
for information retrieval is of great significance. When
querying unstructured databases from which data
graphs cannot be built, a query graph is shortened to
a list, which operates as a conjunction of keywords.
Nevertheless, the matching of concepts based on the
subsumption mechanism automatically operates the
‘‘explode’’ process that almost all of the thesaurus-
based information retrieval systems allow.

As felt by their designers themselves, the UMLS
knowledge sources may be a base for building ‘‘bet-
ter’’ user interfaces.42 Ontologic commitments are the
basis of the construction of a lattice of concepts in an
application based on the conceptual-graphs theory.
Aristotelian classification systems, such as the UMLS,
follow this approach, where the classification is based
on a hierarchy of concept descriptions and explicit re-
lationships between them. Even if concept types in the
UMLS Semantic Network seem too generic to be us-
able by some applications as they are, the UMLS
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F i g u r e 8 The general principle of a conceptual inter-
face to information databases.

Metathesaurus contains an explicit hierarchy of in-
stances of concepts that can be immediately exploited
by applications and used to implement the subsump-
tion mechanism that constitutes the basis for concep-
tual-graphs systems. Since the philosophy of the
UMLS is to abstract medical concepts issued from var-
ious sources, it would be contradictory to refine the
types of concepts in the Semantic Network. The alter-
native we have described is to enhance the definitions
of the core concepts that the Metathesaurus registers
by means of contextual knowledge. In this way, the
conceptual-graphs theory provides a homogeneous
and powerful formalism, able to represent concepts,
instances of concepts in medical contexts, and asso-
ciations by means of semantic relationships. General
constraints added to the definitions of concepts allow
us to guide the building of these associations.

Conclusion

Following the I*3 project, our future work will ex-
amine the processes we must implement for querying
information databases more efficiently. For example,
presently a query is sent to only one database at a
time. Generally, a complex query must be decom-
posed. The subqueries resulting from the decompo-
sition may be sent to different databases in parallel.
For instance, a query related to the treatment of cor-
onary diseases may find results in a bibliographic da-
tabase, in a clinical-guidelines database, and in a pa-
tient database designed for extraction of typical cases.
A query-decomposition process is thus needed. In the
example of Figure 8, the servers are a bibliographic
server (e.g. a MEDLINE server), a relational patient da-
tabase (which is accessed by SQL queries), and a hy-
pertext grouping clinical guidelines of a medical do-
main (e.g., a Web site). For such a query to be
processed, it is also necessary to develop a process
intended to select the sources of information that
could be based on the UMLS information sources map
principle. Another essential process is the translation
of a subquery from the internal representation into the
selected information-source query language. Finally,
results produced by various servers cannot be simple
lists of results given by the individual servers, but
require abstraction and synthesis according to the
users’ needs, processed by mediators as illustrated by
Figure 1.

The literature focuses today on the World Wide Web
and its applications to health care. However, various
authors have shown the difficulties inherent in organ-
izing clinical information in such an environment.43

Thus, when accessing a Web site, we expect that it has
been developed in an Intranet environment that obeys
a UMLS-based organization and then offers semantic

properties set to nodes and links44: nodes are indexed
by elementary concepts issued from the UMLS knowl-
edge sources or compound concepts (represented as
conceptual graphs), and hypertext links are typed by
semantic relationships issued from the UMLS Seman-
tic Network.
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