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Preface

The workshop on Applications of Natural Language to Information Systems
(NLDB) has since 1995 provided a forum for academic and industrial researchers
and practitioners to discuss the application of natural language to both the
development and use of software applications.

The use of natural language in relation to software has contributed to improv-
ing the development of software from the viewpoints of both the developers and
the users. Developers benefit from improvements in conceptual modeling, soft-
ware validation, natural language program specifications, and many other areas.
Users benefit from increased usability of applications through natural language
query interfaces, semantic webs, text summarizations, etc.

The integration of natural language and information systems has been a re-
search objective for a long time now. Today, the goal of good integration seems
not so far-fetched. This is due mainly to the rapid progress of research in natural
language and to the development of new and powerful technologies. The inte-
gration of natural language and information systems has become a convergent
point towards which many researchers from several research areas are focussing.

NLDB 2002 was hosted by the Royal Institute of Technology in Stockholm,
Sweden during 27–28 June and 42 papers were submitted to the workshop. The
papers were distributed to the members of the program committee for review-
ing. Each paper was reviewed by a minimum of three referees. The reviews were
collected and evaluated resulting in a number of papers that were clearly to be
accepted, clearly to be rejected, and some needing additional reviewing. The
additional reviewing was done by members of the program committee not previ-
ously acquainted with the paper. To support the program committee chair in his
final decision some papers were reviewed and discussed by up to five reviewers.
Most of this process was done through e-mail.

Due to the large number of high-quality submissions it was decided to accept
17 full papers and 7 short papers for presentation at the conference. Each paper
was classified as belonging to one of the following presentation themes:

– Linguistic aspects of modeling,
– Information retrieval,
– Natural language text understanding,
– Knowledge bases,
– Recognition of information in natural language descriptions,
– Natural language conversational systems,
– Short papers.

We wish to thank all members of the program committee for their refereeing
work and sharing of valuable insights.



VI Preface

We also would like to thank the conference keynote speaker, Prof. Dieter
Fensel, for his speech on the emerging Semantic Web. This is certainly one area
where the research results of applications of natural language to information
systems are and will continue to be applicable.

Stockholm, August 2002 Birger Andersson
Maria Bergholtz

Paul Johannesson
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Abstract. It is well-accepted that there is a need to incorporate domain knowl-
edge into system development tools of various kinds. Most of these are case
tools that have been quite successful in supporting design on a syntactical basis.
However, in general, they are not capable of representing and using information
about the semantics of an application domain.  This research presents a frame-
work for supporting the generation and analysis of conceptual database designs
through the use of ontologies.  The framework is implemented in a database de-
sign assistant prototype that illustrates the research results.

1 Introduction

Much progress has been made in developing methodologies that support conceptual
modeling. Database design methodologies that support the distinction of conceptual
and logical design have been proposed and research carried out on automating vari-
ous aspects of the design process [6], [1]. One result of this work is the development
of case tools that have sophisticated diagramming capabilities.  These tools have
proven very useful for consistency checking of the syntactic aspects of the design.
They could be even more useful if they had access to knowledge about the applica-
tion domain.  For example, they could use domain specific knowledge to assess
whether an entity-relationship model is a complete and consistent representation of a
user’s application.  A tool that incorporates domain knowledge for conceptual mod-
eling would, thus, be useful for database design.

Ontologies have been proposed as an important and natural means of representing
real world knowledge [19].  They are thought to provide a natural means for repre-
senting information for database management systems because databases have incon-
sistencies in naming conventions, synonyms, and so forth. Ontologies, then, could
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provide the domain knowledge needed for design. This domain knowledge could be
particularly useful in two respects. First, domain knowledge, as stored in an ontology,
can help in creating a database design because it can suggest what terms (e.g., enti-
ties) might appear in an application domain and how they are related to other terms,
to suggest further entities and their relationships. Furthermore, the constraints that are
found in an ontology map to business rules in an application domain which have
implications for semantic integrity constraints in database design.  Second, given a
(partial) design, comparing the constructs in a design with those in an ontology can
highlight missing constructs.

The objectives of this research, therefore, are to:
a) develop a framework that augments the conceptual modeling activity of a da-

tabase designer with application domain specific knowledge embedded within
ontologies, and

b) demonstrate the feasibility of the approach by developing a prototype that im-
plements the proposed framework

The framework will model the activities needed for both generating and validating
a design.

The contribution of the research is to provide a means for creating better database
designs that reflect the semantics of the application while minimizing the amount of
work by the designer. This should result in a more comprehensive and consistent
conceptual model

2 Related Research

Considerable research is underway for creating ontologies and using them as surro-
gates for capturing the semantics of an application domain. In information systems
development, ontologies are being applied to facilitate component reuse and other
development activities [3], [14].

2.1 Ontologies

Ontologies aim at capturing domain knowledge in a generic way to provide a com-
monly agreed understanding of a domain that may be reused and shared [16]. An
ontology refers to a set of concepts or terms that can describe some area of knowl-
edge or build a representation of it [19]. More formally, an ontology is a catalog of
types of things that are assumed to exist in the domain of interest, D, from the per-
spective of a certain language, L, for the purpose of talking about that domain, D
[15]. Ontologies aim at capturing domain knowledge in a generic way to provide a
commonly agreed upon understanding of a domain that may be reused and shared.
There is significant work underway to develop large ontology libraries [10]. For ex-
ample, the library at http://www.daml.org/ontologies/, contains approximately over
170 ontologies.

Notable work on the development and use of ontologies is found in the CYC proj-
ect [13] and natural language understanding [5]. In the database area, Embley et al.
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[7] have created ontologies for understanding web-based obituaries. Kedad and
Metais [12] propose to manage semantic heterogeneity by the use of a linguistic dic-
tionary. Sugumaran and Storey [18] propose that meta-level knowledge is needed to
enable ontologies to evolve and subdivide. Bergholtz and Johnannesson [2] classify
relationships in conceptual models based upon the assumption that relationships ex-
press events and activities that change.

2.2 Ontology Structure

Prior research on ontologies has focused on methodologies for developing ontologies
and the structural aspects of ontologies [8]. Much of the development of ontologies,
however, has focused on identifying terms and specifying how they are related to
each other. Instances of some of the terms may also be included. In our prior research
[18], we proposed an extension to the ontology structure that includes not only terms
and various kinds of relationships, but also different types of constraints between
terms. Four types of constraints are identified: a) pre-requisite, b) mutually-inclusive,
c) mutually-exclusive, and d) temporal.

Pre-requisite Constraint. One term/relationship depends upon another. For exam-
ple, in the online auction domain, a bid requires an item.  However, information about
the item can exist on its own without requiring a bid.  Consider two terms A and B.
If A requires B, then, we define the pre-requisite constraint: A      B.  Term B may
occur by itself; however, for term A to occur, term B is required.

Mutually Inclusive Constraint. One term may require another for its existence. For
terms A and B, if A requires B and B also requires A, then we have a mutually inclu-
sive relationship between A and B, i.e., these two terms have to occur simultaneously.
Then, we define the mutually inclusive constraint as: A     B. For example, bid and
bidder require each other. To be a bidder, one must have made a bid. Likewise, a bid
cannot be made without a bidder.

Mutual Exclusive Constraint. One term or relationship cannot occur at the same
time as another. For example, an individual cannot be the buyer and seller of the same
item. This operates on the constraint for availability and the constraint for closed
bidding.  If A and B are mutually exclusive, then only one of them can occur in a
given context.  We define the mutually exclusive constraint as: A        B.

Temporal Constraint. One term or relationship must occur before another. For
terms A and B, if A must precede B, we define the temporal constraint as:  A     B.
For example, to bid on an item, one must register as a bidder.

3 Ontology-Based Database Design Support

There are two main ways in which ontologies can serve as a knowledge base of do-
main semantics that can be used to improve a database design. The two primary
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functions for which an ontology could be used are design generation and design veri-
fication. The first task is to generate a design “from scratch,” using the terms and
relationships in the ontology as a representative model of the domain. The second
involves using the ontology to check for missing terms or inconsistencies in an ex-
isting, or partial, design.

Applying ontologies in this way can be useful for several reasons. First, it will re-
duce the amount of work for any designer, in particular, a novice designer. When a
design is incomplete, terms from an ontology can be shown to the user to check for
missing terms and identify how they are related to other terms. They can also be used
to analyze a design for missing constructs. They can assist in identifying appropriate
terms for an application and when comparing heterogeneous databases to create a
synthesized database or map a higher-level common database.

3.1 Design Generation

The partial ontology for auction websites in Table 1 is used to illustrate how ontolo-
gies can effectively improve database design, and how our methodology facilitates
ontology creation. The database design process begins with a statement of the user’s
requirements. The requirements represent one user view of an application domain.
The role of an ontology is to provide a comprehensive set of terms, definitions, rela-
tionships, and constraints for the domain. From these, the designer selects the relevant
ones to augment the design as illustrated in Figure 1. The term “item” suggests the
need for category, customer and shipper. The ontology can also suggest that relation-
ships exist between: 1) item with category, customer, and shipper, 2) item and seller,
and 3) item and buyer. The ontology should make further suggestions based on tran-
sitive inferences. For example, an item is related to a category. Since a seller is re-
lated to an item, it is possible that a seller is related to a category, and corresponding
relationships are needed.

Table 1. Partial Auction Domain Ontology.

Term Synonym Description Business Rule Related to

Item Product Bought and sold and bid on Category, Customer,
Shipper

Category Classification of Product Item
Customer Buyer, Seller Person who buys or sells Item, Account
Account Prerequisite for Transaction Customer Needs to open

account for transaction
Customer

Shipper Vendor Company that delivers the
items to the buyer

Item

Bid auction price Current price willing to pay Item, Customer
Bidder Buyer

Customer
Bids for item or product on
sale

Has to be registered to
bid

Buyer, Customer,
Item

Buyer Customer Buys item or product on sale Item
Buy Purchase Buy or acquire and Item Inverse transaction of

Sell
Customer, Buyer,
Item

Sell Liquidate Selling Items Inverse of Buy transac-
tion

Buyer, Customer,
Item

Seller Customer Puts Item up for sale Item
Shipper Vendor Company that delivers items Item
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A designer might need to refine a fragment of an existing entity-relationship model.
An ontology could check that the names of the entities are the “best” ones for the
application domain. The inclusion of synonyms in the ontology helps to identify the
most appropriate label for an entity or relationship. This assumes that the term used in
the ontology is the best one for the application domain. In Figure 2, the relationship
“Customer has Account” could be refined to Customer owns Account. The ontology
should suggest possible missing entities and relationships. The simplest way to do so
is to trace through the possible inferences that can be made from one term to another
[17]. For example, in Figure 2, the ontology expands the E-R diagram by identifying
bidder and seller as subclasses of customer. Relationships between bidder and seller
and product are then added to the E-R diagram.

3.2 Design Verification

A designer might have an incomplete design for several reasons. An inexperienced
designer might not have been able to extract enough user requirement details from the
users. A designer might be using automated design or CASE tools that can deal only
with the syntactical nature of a design. Another source of initial designs is the results
obtained from reverse engineering of relational databases to obtain a conceptual de-
sign [11], [4]. The conceptual design that was reverse engineered may be incomplete
because information is lost when translating a conceptual design into a logical one in
the first place. For example, when a foreign key is used, the name of the relationship
verb is lost and cannot be inferred during the reverse engineering process. If client#
were a foreign key in a project relation, it might be because a client sponsors a proj-
ect. An ontology showing the relationship between client and project could suggest
the nature of such a relationship.

Fig. 1. User requirements mapped to auction ontology.

3.3 Conceptual Model Generation Framework

This section proposes a framework for conceptual model generation.  It can be used
to generate a conceptual model from scratch or augment an existing one. It is as-
sumed that the domain ontology is expressed using the primitives outlined above.
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Fig. 2. Revising E-R Diagram Through Inferences. 

Initial E-R Diagram 

Creating an ER Model From Scratch. The proposed framework for generating an 
ER model comprises of the following steps: a) identify initial user terms, b) map the 
initial terms to domain terms in the ontology and expand the model, c) check for 
consistency, d) generate the complete ER model, and e) map to a relational model. 
These steps are described below. 

Revised E-R Dia~ram 

A c c m  

a) Identification of Initial Terms. Identify the key terms and concepts relevant to an 
application based upon the user's input. The database designer can provide specific 
application requirements or a textual description of the problem domain and the de- 
sired functionalities from which appropriate terms are identified. Simple natural 
language processing techniques can be used to identify relevant terms from the user 
descriptions. Alternatively, if the user is familiar with the application domain, he or 
she can provide appropriate terms directly. 

b) Map to domain terms and expand list of terms. Once the initial set of terms are 
identified, they are compared to those in the ontology for that domain. The "syno- 
nym" and "is-a" relationships from the ontology are used to verify the appropriate 
use of the terms in the design. The initial set of terms is also expanded using the "re- 
lated-to" relationship. This identifies additional terms the designer may be interested 
in, but has not explicitly articulated. 

c) Consistency checking. After gathering the set of potential terms, additional domain 
knowledge can be used to check whether the terms and concepts selected are com- 
plete and consistent. The four types of constraints: 1). pre-requisite, 2). temporal, 3) 
mutually-inclusive, and 4) mutually-exclusive, which are used to ensure that all the 
relevant terms and concepts have been included. 

d )  Generate ER model. Based on the terms identified in the previous step, entities are 
created. Relationships between entities are generated by taking into account the appli- 
cation domain semantics incorporated within the ontology. Previously generated ER 
models and the functionalities supported by these models are stored in a repository. 
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This repository is also used in identifying commonly occurring relationships within a
particular application domain, and this information is also used in generating the
relationships between entities. Thus, at the end of this step, an overall ER model is
generated and presented to the user for feedback.

e) Map to Relational Model. Once the ER model is created, the corresponding rela-
tional data model is generated using the well established rules of mapping from ER to
relational [20].

Validation of Existing ER Model. The framework also supports validating an ex-
isting ER model by checking it to determine if it includes some of the generic entities
that are typically part of similar designs in that application domain.  The model can
also be checked to assess if the entities and relationships are internally consistent.
The ER validation framework consists of the following: a) check appropriateness of
terms, b) identify missing terms, and c) generate augmented ER model.

a) Appropriateness of Terms. The database designer provides information related to
the ER model. Based on this information, the terms used to name the entities are
checked for appropriateness using the domain knowledge contained in the ontology.

b) Identifying Missing Terms. For the terms captured in the ER model, if “is_a” or
“related_to” relationships exist, use them to gather related terms.  The constraints
defined in the ontology for the terms used in the ER model are also enforced to en-
sure that they are internally consistent.

c) Augmenting the ER Model. For the terms identified in the previous step, appropri-
ate relationships are also suggested based on the knowledge culled from previous ER
models stored in the ER model repository.  With the designer’s feedback, an aug-
mented ER model is generated that meets the requirements specified by the designer.

3.4 Consistency Checking

The structure of the ontology contains various primitives to express different types of
relationships and constraints that exist between terms or concepts within an applica-
tion domain. The constraints feature supported by the ontology allows one to express
the application domain semantics and business rules. For example, in the online auc-
tion domain, a bid needs (pre-requisite) item, account, and bidder. The temporal con-
straint for bid indicates that an account must be created before a bid can be placed.
The mutually exclusive constraint for the term seller indicates that the seller of an
item cannot also be its buyer.

When trying to identify or add new terms (entities) to an ER model, or removing a
particular term from an ER model, the constraints are utilized to check for consis-
tency. For example, when adding a new term, if there exists prerequisite, or mutually
inclusive terms, those terms must also be included. In the auction domain, the mutu-
ally inclusive constraint for bid implies that, whenever bid is included in a design, the
associated terms item, buyer, and seller should also be included. Similarly, when
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deleting a particular term, if other terms depend upon this term, it should not be de-
leted. The ontology can be represented as a graph, where the nodes correspond to
terms and the arcs to relationships and constraints. While selecting or deleting a term,
this graph can be utilized to ensure that the selection or deletion action results in a
consistent set of terms. As part of the framework, heuristics perform consistency
checking while selecting or removing a term. These heuristics have then been trans-
lated into production rules and stored in the knowledge base. They are briefly de-
scribed below.

4 Database Design Assistant Architecture

The purpose of the Database Design Assistant tool is to facilitate the creation of con-
ceptual models (ER model) or to validate an ER model for consistency with applica-
tion domain semantics. A novice database designer can use this tool to quickly create
an ER model for database design using the application domain knowledge contained
in the ontology. This minimizes the cognitive load on the designer and ensures that
the model is a reasonably complete and consistent one. The designer can also use the
tool to validate an ER model and identify entities and relationships that may be miss-
ing. Figure 3 shows the architecture of the system, which follows the traditional
three-tier client-server architecture with an HTML client, a web server, and a rela-
tional database. The client is a basic web browser for the user to browse or modify
existing ontologies, or create new ones. The server contains Java application code;
the relational database stores the domain ontologies and information about existing
ER models and their functionalities for various domains.

The client serves as the user interface.  It provides a web interface for the user to
specify requirements for the database application in free form, as well as render the
conceptual model generated up to that point.  It provides mechanisms for the user to
interact with the database design assistant, captures the user’s intent, and conveys it to
the server. The server translates and processes the client request.  It consists of the
following five modules, 1) input-output module, 2) visualization module, 3) terms
and relationships module, 4) constraints module, and 5) conceptual model generation
module.  These modules are described briefly in the following paragraphs.

1) Input-output Module: The input-output module deals with capturing the user’s
specification or requirements for the database application and forwards it to the terms
and relationships module.  The I/O module is also responsible for displaying the re-
sults to the user in an appropriate format.

2) Visualization Module: While creating an ER model, at any point in time, the
user can view the ER diagram that has been created up to that point.  The visualiza-
tion module is responsible for rendering the ER diagram.

3) Terms and Relationships Module: The free form specification provided by the
user for the database design is analyzed and key words identified. This is accom-
plished by utilizing simple natural language processing techniques. The terms and
relationships module then uses the key words in identifying appropriate terms and
relationships by interfacing with the domain ontology repository and the relationship
repository.
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Fig. 3. Database Design Assistant – System Architecture.

4) Constraints Module: This module contains rules for consistency checking while
selecting or deleting constructs from the ER model.  The constraints module is re-
sponsible for checking the consistency and comprehensiveness of the model.

5) Conceptual Model Generation Module: Once the appropriate terms and relation-
ships are identified and checked for consistency, this module generates the ER model
and passes it to the visualization module for displaying the final ER model.  This
module can also create fragments of the overall ER model to be provided to the user
for closer examination.

The database design assistant has two knowledge repositories: 1) domain ontology
repository, and 2) ER models repository.

1) Domain Ontology Repository: The domain ontology repository consists of on-
tologies for various application domains.  The user can browse these ontologies to
learn more about that application domain.  These ontologies may created by different
domain analysts or stored in a library and may evolve over time.

2) ER Models Repository: The ER models repository contains different ER models
that have been created over a period of time for various application domains. For
each model, meta information about the functionalities supported by the model is also
stored.  By examining the ER models in a domain and the corresponding functional
requirements, generic relationships that exist between entities can be identified and
this information could be used in creating a new ER diagram for an application within
that domain with similar entities and functional requirements.

5 Prototype Implementation

A prototype of the system is under development using Jess, a java-based expert sys-
tem shell [9], Servlets, and JSP (Java Server Pages). The input-output module and the
visualization module are implemented using JSP technology. These modules utilize
several java servlets for: gathering user input; identifying key terms from the user
description of the requirements for the database application, accessing and retrieving

Server Side

Database
Design
Client

ER Models
Repository

Domain
Ontology

Repository

Visualization
Module

Conceptual Model
Generation

Module

Input-Output
Module

Terms and
Relationships

Module

Constraints
Module

Client Side



10      Vijayan Sugumaran and Veda C. Storey

domain ontology information from the ontology database. The terms and relationship
module, constraints module and the conceptual model generation module are imple-
mented using Jess. Consistency checking and conceptual model generation are ac-
complished through rules written in Jess that make use of domain specific knowledge
contained in the domain ontology as well as the ER model repository.

Using the database design assistant, the designer can start the process of designing
an ER model from scratch or work with an existing ER model.  In both cases, the
designer can explicitly check the validity of the model in terms of whether the model
uses appropriate terms and relationships and that it is not missing any major concepts.
When starting with an existing ER model (or a fragment), the designer can input the
names of the entities and the relationships that are part of this model. The user inputs
this information for every binary relationship that exists within the model, and the
system recreates the ER model. In a future version, the designer will be able to input
the entire ER model in a predefined file format. Once the ER model information is
provided, the system checks the model for missing and superfluous entities and rela-
tionships and presents a report to the user.

Figure 4 shows the interface to input the ER model information. For every binary
relationship contained in the model, the user types the name of the relationship and
the corresponding entities for that relationship. For example, the initial ER fragment
shown in Figure 2 contains three binary relationships and information corresponding
to these relationships is entered as shown in Figure 4.  The designer can enter addi-
tional binary relationships by clicking on the “Add More Entities and Relationships”
button, or start the validation process by clicking on “Validate The Model” button.

Fig. 4. Entering ER Model Information for Validation.
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At the end of the validation process, the system generates a report that contains in-
formation about suggested new entities, new relationships, name changes for entities
and relationships, etc. As shown in Figure 5, the validation report for the initial ER
diagram (Figure 2), suggests adding “Bidder” and “Seller” entities, as well as three
other relationships. The designer can print this report and draw the updated ER dia-
gram by clicking on the appropriate buttons.  If the system finds terms that are not
part of the ontology, this information is captured and sent to the domain analyst for
extending the ontology. The prototype provides a limited set of functionalities for
importing conceptual models into the ER model repository from a variety of sources.
A future version of the system will provide additional mechanisms for generating ER
diagrams using different notations, and include additional reporting facilities.

Fig. 5. ER Model Validation Report.

6 Conclusion

This paper has demonstrated how the use of domain knowledge stored in the form of
an ontology can be useful to assist in the generation of more complete and consistent
database designs, both when the designs are generated from scratch and when a par-
tial design exists. A framework for these two tasks has been presented and imple-
mented. This framework utilizes ontology primitives such as relationships and con-
straints between terms to generate a consistent design. The prototype incorporates
consistency-checking rules that enforce the consistency of terms used while selecting
or deleting them from the current conceptual model. Further work is needed to com-
plete the prototype and assess its effectiveness for a variety of design tasks. The ini-
tial version of the prototype demonstrates the feasibility of the framework.
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Abstract. Database prototyping is a technique widely used both to val-
idate user requirements and to verify certain application functionality.
These tasks usually require the population of the underlying data struc-
tures with sampling data that, additionally, may need to stick to certain
restrictions. Although some existing approaches have already automated
this population task by means of random data generation, the lack of
semantic meaning of the resulting structures may interfere both in the
user validation and in the designer verification task.
In order to solve this problem and improve the intuitiveness of the result-
ing prototypes, this paper presents a population system that, departing
from the information contained in a UML-compliant Domain Conceptual
Model, applies Information Extraction techniques to compile meaning-
ful information sets from texts available through Internet. The system
is based on the semantic information extracted from the EWN lexical
resource and includes, among other features, a named entity recogni-
tion system and an ontology that speed up the prototyping process and
improve the quality of the sampling data.
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Abstract. "Is_A" links are the core component of all ontologies and are organ-
ized into "hierarchies of concepts". In this paper we will first address the prob-
lem of an automatic help to build sound hierarchies. Dependencies called "ex-
istence constraints" are the foundation for the definition of a "normalized "
hierarchy of concepts. In the first part of the paper algorithms are provided to
obtain a normalized hierarchy starting either from concepts or from instances
using Boolean functions. The second part of the paper is devoted to the hierar-
chy maintenance: automatically inserting, merging or removing pieces of
knowledge. We also provide a way to give synthetic views of the hierarchy.

1 Introduction

Information sharing from multiple heterogeneous sources is a challenging issue.
There is now evidence that the adequate tool for dealing with semantically heteroge-
neous data is ontology. Numerous definitions may be found for "ontology" depending
on their fields (databases, mathematics, linguistics, philosophy) [1]. However, one of
these definitions is becoming predominant in the field of information systems: "an
ontology is a formal conceptualization of a real world, sharing a common under-
standing of this real world". This definition fits so well to the semantic heterogeneity
problem that one of the main application field for ontology is heterogeneous data
sharing. Wache & al. present a survey of existing approaches to intelligent informa-
tion integration after analyzing twenty-five multi-sources information systems based
on ontologies [2].

An ontology provides various semantic links between concepts such as synonyms,
antonyms, hyponyms/hypernyms (Is-A) and meronyms/holonyms (part-of). An exten-
sive discussion of relation types is presented in [3]. Other links are supported by "ca-
nonical graphs" which specify relationships expected among the concepts involved in
a given action. According to the domain portrayed by the ontology, particular kind of
links may be supplied. For example, in the medical domain, links are required such as
"located in", "has an effect on". Tools for information retrieval on the Internet need
links relating ideas such as a link between "boat" and "fish".

Although the use of ontology is dramatically increasing for these last years, only a
few researches have been undertaken concerning tools for helping in ontology main-
tenance. Among them, most works concern the integration of several ontologies. A
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first family of research has been based on Galois lattices, as were some on hierarchy
integration [4]. Some practical tools have been proposed, among them we notice
ONIONS [5] developed in the context of the GALEN project. The last tendency in
research on ontology maintenance is based on description logic that allows the repre-
sentation of many kind of links (hierarchy of subsumptions of concepts, canonical
graphs of the verbs) into a powerful logic reasoning mechanism [6], [7].

Is-a links are the core of all ontologies and are organized into "hierarchies of con-
cepts". In this paper we will first address the problem of an automatic help to build
sound hierarchies of concepts. A type of dependencies called "existence constraints"
are the foundation for the definition of a "normalized" hierarchy. Algorithms are pro-
vided in this paper to obtain a normalized hierarchy starting either from concepts or
from instances. The second part of the paper is devoted to the maintenance of a hier-
archy: inserting, merging or removing pieces of knowledge. Section 4 provides a
mean to give synthetic views of a hierarchy.

2 Functionalities for Ontology Building

In this section we will show the elaboration of the Is-A hierarchy of an ontology
starting either from the key-words describing concepts and their existence constraints
or from a set of instances. Reverse mechanisms will be also presented with the pur-
pose of building new hierarchies from both new concepts and legacy hierarchies.

2.1 Existence Constraints Definitions

Existence constraints belong to the same family as null values constraints in the rela-
tional data base context. In the literature, six types of constraints on null values are
mentioned: null-free constraints [8], disjunctive existence constraints [9], existence
constraints [10], subset, equality and exclusive constraints [11]. They were initially
used to extend the relational theory to relations with null values. Furthermore, they
(especially existence, equality and exclusive constraints) have been used to translate
conceptual schemas (such as those of the NIAM method) into relational schemas [12],
[13]. They have also been used in [14] to express dependencies between objects and
to define precisely operations of creation and suppression of objects.

However, all the presented definitions don’t take into account the semantic of the
null value which can express, according to Codd [15], either the temporary absence of
a value for an attribute (the value is temporarily unknown but applicable) or the inap-
plicability of this attribute to a tuple of a relation (the value will never be known since
this attribute is inapplicable for this instance).

Therefore, the concept of existence constraints has been redefined in [16] in order
to take into account the semantic of null values. Our definitions are based on the ap-
plicability domain of an attribute, which is the set of possible instances where this
attribute is applicable i. e. the set of instances where this attribute can not have a null
value expressing the inapplicability. When the applicability domain of an attribute is
equal to all the possible instances of its relation, this attribute is qualified as manda-
tory.
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We consider three kinds of existence constraints: the exclusive existence con-
straints, mutual existence constraints and the conditioned existence constraints. They
express set relations, such as inclusion, equality or disjunction, existing between ap-
plicability domains.
•  An exclusive existence constraint between two attributes x and y of a relation, de-
noted by yx ↔/ , captures the fact that in each tuple where x is applicable then y is
not applicable and vice versa. It means that the applicability domains of x and y have
no intersection.
•  A mutual existence constraint between two attributes x and y of a class, denoted by
x↔y, captures the fact that in each instance where x is applicable then y is also appli-
cable and vice versa. In other words, the applicability domains of x and y are equal.
•  A conditioned existence constraint between two attributes x and y, denoted by x�y,

captures the fact that in each instance where x is applicable then y is also applicable
but the converse is not always true. We also say that x requires y. In other words the
applicability domain of x is included in the applicability domain of y.

Existence constraints have also been generalized to attributes sets. The reader in-
terested by these definitions and by the completeness and soundness proofs of the
defined inference rules systems can refer to [16]. In this thesis are also studied some
aspects related to the inheritance of constraints.

2.2 Building the Is_A Hierarchy from Existence Constraints

The Is-A hierarchy of an ontology describes set of instances with properties called
key-words. Its organization into an Is_A hierarchy consist on identifying groups of
instances sharing the same key-words. Each group of instances refers to a concept.
The identification of concepts can be done by analyzing the existence constraints
between the key-words. For example, if we take an ontology O describing instances
of an UoD by this set of key-words: {"moves", "transports", "flies", "floats"} and if
we want to organize it into an Is_A hierarchy, we have to analyze the relationships
between all the key-words. For example, if any instance (represented by O) having the
property "moves" have also the property "transports" and vice versa, then our ontol-
ogy will represent only instances having simultaneously the two properties. This hy-
pothesis is translated by the mutual existence constraint: "moves" ↔ "transports".

Moreover if we suppose that:
- some instances (represented by O) having the property "flies" have also the prop-

erty "transports" ("flies" � "transports"),
- some instances (represented by O) having the property "floats" have also the

property "transports" ("floats" � "transports"),
- and all the instances having the property "floats" don’t have the property "flies"

and vice versa ("floats" ↔/ "flies"),
then we reduce the set of instances represented by O to the three following concepts:
the concept representing instances having the properties: "moves", "transports", the
concept representing instances having the properties: "moves", "transports" and
"floats" and finally the concept representing instances having the properties: "moves",
"transports" and "flies"

These concepts can respectively be called Vehicle, Plane, and Boat. They can be
organized into the Is_A hierarchy of Figure 1.
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Transports
MovesVehicle

PlaneBoat FliesFloats

Fig. 1. A first example of an Is_A hierarchy of concepts

This technique allowing to build Is_A hierarchies from a set of key-words and a set
of existence constraints between the key-words, has been already used in the context
of OO and EER conceptual modeling [17]. It is called a normalization technique. It
consists in automatic deducing of valid key-words subsets that are compatible with
the existence constraints.

The algorithm used to build an Is_A hierarchy for an ontology is based on this
definition. The sets of coexisting key-words are first deduced, by taking into account
the mutual existence constraints. Then, by means of exclusive existence constraints,
are derived the sets of key-words that may coexist. Finally, sets compatible with the
conditioned existence constraints are selected among the sets of key-words that may
coexist. These sets describe concepts represented by the ontology. These concepts are
then organized into an inclusion graph and by inverting the direction of the graph
inclusion arrows, we obtain an Is_A inheritance hierarchy.

Remark 1. Note that this technique of normalization can also derive multiple Is_A
links. For instance, if we omit the existence constraint "floats" ↔/ "flies" we will de-
duce the Is_A hierarchy of Figure 2a.

Transports
MovesVehicle

PlaneBoat FliesFloats

Seaplane

(b)(a)

PlaneBoat FliesFloats

Sailing boatFishing boat Have sailsHave fishing net

Fig. 2. Other examples of Is_A hierarchies

Remark2. This technique can supply more than one hierarchy. This case will arrive
when instances don’t share at least one key-word. For instance, if our ontology was
defined only by the key-words "flies", "floats", "have sails" and "have fishing net"
and if the relationships between the key-words was expressed through the following
constraints: {"floats" ↔/  "flies"; "have sails" ↔/  "have fishing net"; "have sails" �
"Floats"; "have fishing net" � "Floats"} then the normalization process would deduce
the hierarchies described in Figure 2b. In order to make the ontology usable, all these
hierarchies will be gathered under a top (T) node.

2.3 Building an Is_A Hierarchy from UoD Instances

Existence constraints are not always specified in the ontology. We have to derive
them by analyzing the ontology instances. For this purpose, we proceed in three steps.
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First we determine a Boolean equation describing all the different types of instances
encountered in the ontology instances. Then, we transform the left part of this Boo-
lean equation from a disjunctive form to a conjunctive form. Finally, by analyzing the
different minterms of the transformed expression we derive the existence constraints.
To illustrate this technique let us consider the following example. Suppose that in-
stead of the set of existence constraints (those used to derive the hierarchy of Fig-
ure 1), we have the following representative sample of instances for the ontology O:

Instance I1 with the key-words "transports", "moves",
Instance I2 with the key-words "transports", "moves", "Flies",
Instance I3 with the key-words "transports", "moves",
Instance I4 with the key-words "transports", "moves", "Floats",
Instance I5 with the key-words "transports", "moves", Flies",
Instance I6 with the key-words "transports", "moves", "Flies".

This set of instances identifies three types of instances for the ontology O regarding
the presence or the absence of properties:

Type 1: instances having only "transports" and "moves" as key-words,
Type 2: instances having only "transports", "moves" and "Flies" as key-words,
Type 2: instances having only "transports", "moves" and "floats" as key-words.

To express the fact that only the types of instances presented above exist in O, we
exploit the notion of Boolean expression. In fact, if we associate to each of the key-
words "transports", "moves", "flies" and "floats" respectively the Boolean variable
X1, X2, X3, X4 that take the value 1 for a type of instances if the associated key-word
is valued for this type and 0 otherwise, we can translate the fact that only the type of
instances presented above are in the ontology O by the Boolean equation:

14X.3X.2X.1X4X.3X.2X.1X4X.3X.2X.1X =++
To solve this Boolean equation we can transform its left part from this disjunctive
form to a conjunctive one and solve a set of equations. For our example, we have to
solve the equivalent Boolean equation:

1)4X3X.(2X.1X =+
that can be solved by the resolution of the following equations:

11X = ; 12X = ; 14X3X =+
Each equation gives a solution that can be materialized by an existence constraint. For
our example, the two first equations mean respectively that the key-words "transports"
and "moves" are properties of every instances of the ontology. The third equation
means that the key-words "flies" and "floats" are related by an exclusive existence
constraint. So, every instances of the ontology having the property "flies" don’t have
the property "floats" and vice versa.

This technique that allows extracting from ontology instances existence constraints
between the key-words of this ontology has been used in the context of the relational
database reverse engineering. A formal description of this technique can be found in
[18].

Once the set of existence constraints extracted, we can, by applying the normaliza-
tion technique presented in the previous sub-section, deduce the Is_A hierarchy of the
ontology described by a representative sample of instances. Each node of the hierar-
chy will represent a concept. The name associated to this concept is given by the
designer of the ontology.
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2.4 Extracting Existence Constraints between Key-Words 
from an Is_A Hierarchy

The normalization technique supplies hierarchies were any key-word of a concept is a
property of all the instances represented by this concept. This technique of building
hierarchies allows us to propose another reverse engineering technique, which con-
sists in extracting existence constraints relating key-words of an ontology from the
Is_A hierarchy of this ontology. We call this reverse engineering technique "the
translation technique" because it translates all the semantic represented through the
Is_A links into existence constraints. It is based on the following four rules:

Coexistence rule: any two key-words defining the same concept are linked by a mu-
tual existence constraint.

Generalization/specialization rule: If in the hierarchy, a concept B inherits from con-
cept A, then any specific key-word of B requires every key-word of
A.

Specialization exclusion rule: if in the hierarchy, two concepts A and B do not share
any children concept, then every specific key-word of A is related to
every specific key-word of B by an exclusive existence constraint.

Multiple inheritance rule: if in the hierarchy, a concept D is the only direct parent of a
concept A and a concept B then every couple composed of a key-
word of A and a key-word of B requires every key-word of D.

For example, if we apply this translation technique to the hierarchy of Figure 1 we
will obtain all the following constraints:
"moves"↔"transports"; "flies"�"transports"; "floats"�"transports"; "floats" ↔/ "flies"
These constraints have been used in the sub-section 2.2 to derive the hierarchy de-
scribed in Figure 1.

This presented technique has been already used in the context of modeling in order
to optimize OO or EER conceptual schema [19]. It has been formally described in
[16].

2.5 A Summary of the Presented Techniques

To conclude this section, we can say that the techniques used for building an Is_A
ontology depend on the description of the ontology. We use only the normalization
technique if the ontology is described by the set of key-words and the set of existence
constraints relating the key-words.

We have also to use the extraction technique if the set of existence constraints is
empty. We execute partially this technique if the set of concepts and the description of
each concept are given.

We execute all the steps of the extraction technique if the ontology is described by
a set of instances.

We can reverse engineer the normalization process (translation technique) and in
this case the hierarchy is translated into a set of key-words and a set of existence con-
straints.
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3 Functionalities for Ontology Maintenance

We will present in this section a set of functionalities aiming to automatically update
the hierarchy. They allow us to add or remove concepts, hierarchies and instances.

3.1 Merging Hierarchies

Merging hierarchies is a key functionality in hierarchy maintenance. The algorithm
associated to this functionality is:

Algorithm 1.

Input:  H1, H2, …..,and Hn the Is_A hierarchies to merge.
       W1, W2, …., and Wn respectively the sets of key-words used in
      H1, H2, ….., Hn.
Output: H the set of Is_A hierarchies issued from the merge of H1, H2,

….. and Hn.
        Φ the Boolean equation associated to H. We note L(Φ) the left

part of Φ.
Begin
    L(Φ) = 0.
    Solve name conflicts between W1, W2, …., and Wn.
    Assign to every key-word of W1 ∪ W2 ∪ ….. ∪  Wn a Boolean variable.
    Let B be the set of these variables.
    For every hierarchy Hi Do

        Translate Hi into the Boolean equation ϕi.
        Let L(ϕi) be the left part of ϕi.
        For every minterm T of L(ϕi) Do
            For every variable X of B Do

                If X is not in T and X  is not in T Then T = T. X  EndIf
            EndFor
        EndFor
        L(Φ) = L(Φ) + L(ϕi).
    EndFor
    Translate Φ into a hierarchy. H is the result of this translation
End.

3.2 Adding Concepts

Adding concepts to an ontology affects its Is_A hierarchy. Since a new concept can
be considered as a hierarchy of an ontology, adding a new concept can be done by
merging the hierarchies. The algorithm associated to this functionality is:

Algorithm 2.

Input:  C the set of new concepts
        H the initial hierarchy
output: H' the hierarchy resulting from the merge of the C with H
Begin
    Ω = ∅
    For every concept Ci of C Do
        Determine the hierarchy Hi associated to the concept Ci by
        applying the normalization technique.
        Ω = Ω ∪ Hi
    EndFor
    Merge the hierarchies contained in Ω ∪ H using the functionality
    presented in 3.1.
End
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3.3 Adding Instances

Adding instances to an ontology affects the Is_A hierarchy only if the instances are
not represented by one of the ontology concepts. As a consequence, the algorithm that
will add instances to the ontology will encompass these following steps:

Algorithm 3.

Input:  I the set of new instances.
        H the initial hierarchy.
OutPut: H’ the hierarchy resulting from the merge of the I with H
Begin
   Calculate the subset I’ of I such that any instance of I’ is not
   represented by a concept of H.
   Reverse engineer the set I’ into a set of hierarchies Ω using the
   technique described in 2.3.
   Merge the hierarchies contained in Ω with H using the functionality
   presented in 3.1.
End

3.4 Deleting Concepts

We consider two strategies to delete concepts. The first strategy consists in deleting
only the concepts. The second one consists not only in deleting the concept but also in
deleting all its descendants if they are not descendants of any concept, which is not an
ascendant of the concept to delete.

For example, if we decide to delete the concept C3 from the hierarchy Figure 3a,
we will obtain the hierarchy of Figure 3b if we apply the first strategy and the hierar-
chy of Figure 3c if we apply the second one.

C1

C2 C3

C4 C5

C6C7C8

C9

(a) (b) (c)

C1

C2

C4 C5

C6C7C8

C9

C1

C2

C6C8

C9

Fig. 3. Resulting hierarchies after applying a chosen deleting strategy

More formally, let:
- C be the set of concepts represented in an hierarchy H of an ontology O,
- C1 be the set of concepts to delete from H. We have C1 ⊂ C,
- 1CD be the set of the descendants of C1. �

1Cx
x1C DD

∈
=  such that xD represents

all the descendants of the concept x of C1,
- 1CA be the set of the ascendants of C1. �

1Cx
x1C AA

∈
=  such that xA represents all

the ascendants of the concept x of C1,
- C2 be all the concepts of H that are not in C1 or in 1CD  or in 1CA . C2 = C-(C1 ∪

1CD  ∪ 1CA ),

- 2CD  be all the descendant of C2.
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The application of the strategy 2 implies also the suppression of all the concepts
that are in 1CD  but not in 2CD . Therefore, the algorithm that allow us deleting con-
cepts from an hierarchy is sketched bellow:

Algorithm 4.

Input:  H the initial hierarchy.
        C1 the set of concepts to delete from H
Output: H’ the resulting hierarchy
Begin
   If the designer has chosen the strategy 2 Then
        Determine 1CD  the set of the descendants of C1.
        Determine C2 the set of concepts of H that are not in C1 or
        in 1CD .

        Determine 2CD the set of the descendants of C2

        Add to C1 the set 1CD - 2CD
   EndIf
   For each concept c of C1 Do
       For each specific key-word w of c Do
           For each direct descendant d of c Do
                 Rename the name of w into w’ such that the name of
                 w’ = the name of w//1name of d.
                 Add to d the key-word w’
           EndFor
       EndFor
       For each direct descendant d of c Do
           For each direct ascendant a of c Do
                Add an Is_Link from d to a
           EndFor
       EndFor
       Delete c from H
       Replace the name of every renamed key-word by its initial name.
   End For
End

3.5 Hierarchy Deletion

This functionality can be executed by re-use of the precedent functionally. In fact,
since a hierarchy can be considered as a set of concepts, its removing can be viewed
as a deletion of a set of concepts. Each of its concepts is described by its set of spe-
cific key-words and those inherited from its parents.

We can also for this functionally allow the designer choosing the strategy of dele-
tion. If the chosen strategy is the strategy 1 then the functionality will delete only the
concepts of the hierarchy to delete. Otherwise, it will delete each descendant of each
concept of the hierarchy which is not descendant of any concept that is not an ascen-
dant of any concept to delete. For example, suppose that the designer wants to delete
from the hierarchy Figure 3a the sub-hierarchy composed by the concepts C3, C4, C5.
Then, if the chosen strategy is the strategy 1 the resulting hierarchy is described in
Figure 4a. Otherwise, it is described in Figure 4b.

Therefore, the algorithm to delete a sub-hierarchy from a hierarchy is given bellow:

                                                          
1 // is the operator of concatenation
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C1
C2

C6C7C8

C9

(a) (b)

C1
C2

C6C8

C9

Fig. 4. Resulting hierarchies after deleting a sub-hierarchy according to a chosen strategy

Algorithm 5.

Input:  H the initial hierarchy
        H1 the sub-hierarchy to delete from H
Output: H’ the resulting hierarchy
Begin
   Determine the set C1 of concepts of the hierarchy H1.
   Remove C1 from H (use the algorithm 4). H’ is the resulting hierarchy
End

4 Creating Synthetic Views of Ontology

The Is_A hierarchy of an ontology can contain a huge number of concepts and be-
come hard to understand.

This functionality is used to give to provide a synthetic view of the Is_A hierarchy.
For example, if the user of the hierarchy of Figure 2b decides to regroup the concepts
"Boat", "Fishing boat" and "Sailing boat" in one concept then this functionality will
supply it with the hierarchy of Figure 5.

Transports
Moves

Vehicle

PlaneBoat/ Fishing boat/ Sailing boat Flies
Floats

Have sails
Have fishing net

Fig. 5. The resulting hierarchy after merging concepts of Figure 2b

This functionality can merge some concepts, belonging to the same hierarchy, ac-
cording to a chosen grouping. Its aim is to perform the chosen groupings and replaces
the undone links by existence constraints that will give to the user an idea about the
possible instances that can be represented by the grouping concept. For the above
example, if the user wants to have a description of the concept "Boat/Fishing
boat/Sailing boat" which is the result of the grouping of "Boat", "Fishing boat" and
"Sailing boat", the functionality will supply it with:

- this set of key-words: "Floats", "Have fishing net" and "Have Sails",
- and this set of existence constraints:

"Have fishing net"�"Floats"; "Have Sails"�"Floats";

"Have fishing net" ↔/ "Have Sails";

that translate the fact that all the instances represented by this concept have the prop-
erty "Floats" and that some of them have either the property "Have Sails" or the prop-
erty "Have fishing net".
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A proposed grouping of concepts must be valid, therefore it must respect the inclu-
sions of semantics expressed through the inheritance links. We consider only two
types of valid groupings (see Figure 6). The first one represents all the groupings
defined by a set of concepts whose all descendants are part of the grouping. The sec-
ond type includes all the other cases.

Type 1 Type 2

... ...

...

...

...

......

...... ... ...

... ...

...

...

...

......

...... ... ...

Fig. 6. Examples of valid groupings

A grouping G of concepts is valid if and only if every external ancestor of a concept
of G is also an ancestor of each concept of G.

To obtain the final hierarchy, we need first to compute the new concept that re-
places the merged concepts. Then this concept is integrated into the initial hierarchy.
Its integration depends on the type of grouping (see Figure 7). For the grouping of
Type 2, all the descendants of the merged concepts which are not in the grouping will
inherit key-words that are not applied for the instances they represent. Therefore, we
have to inform the user about this, through an annotation.

Result of a Type 1 Grouping Result of a Type 2 Grouping

...

...

... ...

C
G ...

...

...... ...

...

...

...

C
G

Fig. 7. Result of the groupings according to their type

The algorithm that merges concepts is given bellow:

Algorithm 6.

Input:  H the initial hierarchy
        C the set of concepts to merge in H. C = {c1, c2, …, ci, …., cn}
        W the set which each element is the set Wi of key-words of the
        concept ci of C.
Output: H' the resulting hierarchy
Begin
   Compute ROOT = the set of concepts of C that have at least one parent
   (if it exists) not in C.

   Determine W = �
n=i

1=i
Wi  .

   Add G to H
   Translate the hierarchy of the concepts of C into existence
   constraints.
   Annotate G by the obtained set of existence constraints.
   Create the inheritance link from G to the direct parent of each
   concept of ROOT.
   Delete from the hierarchy all the concepts that were in C.
   If the grouping of C is of Type 2 Then
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        For each concept B which was not in C Do
             If B is a direct child of any concept A of the C Then
                  Create the inheritance link from B to G
                  S = the keys words of G which are not in B
                  Annotate the concept B: "the key-words of S are not
                  properties of instances represented by this concept.
             EndIf
        EndFor
   EndIf
End

If the user requires for a non-valid grouping, an extension to this work should be to
propose the closest valid grouping.

5 Conclusion

In this paper we have shown that based on the notion of "existence constraints" we
can build sound hierarchies of concepts. After stating their definition, we provided an
algorithm for building normalized Is-A hierarchies starting from a set of concepts
described by key-words This algorithm uses relationships between key-words ex-
pressed through existence constraints. If these constraints are lacking, a method for
extracting Is-A hierarchies from instances, by the mean of Boolean functions, is pro-
posed. All the reverse transformations, i.e. from an Is-A hierarchy to Boolean func-
tions and existence constraints are also possible, in order to build new hierarchies
from legacy hierarchies. Algorithms are provided for inserting or deleting concepts,
instances and pieces of hierarchies. This paper presents also a technique for creating
synthetic views of ontology’s.

These techniques supply users with functionalities that allow them to maintain
their ontologies. They have been implemented in a tool developed in JAVA. To give
an idea of the performances, it takes about one minute to derive the normalized
schema for a hierarchy of twenty-five classes.

Further works will concern an automatic help to decide the scope of the synthetic
views when the user initially requires a non-valid grouping. Other perspectives are
related to the other links provided by an ontology (part-of, related-to, etc…).
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Abstract. Specifications are critical to companies involved in complex
manufacturing. The constant reading, reviewing, and analysis of ma-
terials and process specifications is extremely labor-intensive, quality-
impacting, and time-consuming. A conceptual design for a tool that pro-
vides computer-assistance in the interpretation of specification require-
ments has been created and a strategy for semantic-markup, which is the
overlaying of abstract syntax (“the essence”) on the text, has been devel-
oped. The solution is based on the techniques for Information Extraction
and the XML technology, and it captures the specification content within
a semantic ontology. The working prototype of the tool being built will
serve as the foundation for potential full-scale commercialization.

1 Background

Materials and process specifications are a fact of life for any organization in-
volved in complex manufacturing, particularly for companies in industries such
as aerospace, automotive, and materials. Specifications (“specs”) are often com-
prehensive and voluminous covering hundreds of different key characteristics
such as the material properties, testing parameters, marking requirements, etc.
Specs are basically presentations of numeric data with accompanying text and
graphics that explain the quantitative information [1,2].

To illustrate the impact that specs have on the cost of a product, one only
needs to consider the on-going activities within a typical materials producing
organization. Sales personnel read the specs at the time of design to identify
every processing step and component that impacts the price. Design Engineers
refer to specs to determine the requirements for creating a design. Manufactur-
ing Engineers analyze spec requirements to define the appropriate operations
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and detailed data to include in the process plan. Quality Assurance personnel
interpret the specs to define the acceptance limits and methods required for in-
specting and testing. The use of paper-based specs is extremely labor-intensive,
quality-impacting, and time-consuming.

Specs historically have been handled as simple textual documents. In order
to do any meaningful analysis, comparison, and integration, one should extract
numerical, tabular, or graphical data and operate on that data in the fashion
intended by its meaning.

Typically, a spec issued by societies such as SAE, ASTM, AMS, etc is iden-
tified by the name of the issuing organization, title, spec number, issue/revision
date, etc. The spec describes requirements on the processing of a material (alloy)
in the mill, and the capabilities that it should possess eventually. The former in-
cludes its composition, melt method used, heat treatment, dimensions, marking
and packaging requirements, etc. The latter is ascertained using tests such as
tensile test, stress rupture test, macro- and micro-examinations, hardness test,
etc. As part of defining an “intelligent” structure for specs, Cohesia created
the Specification Definition Representation (SDR) as an ontology to articulate
the semantic view of the components that comprise a spec, and capture the
user’s interpretation of it [3]. SDR introduced constructs such as Procedures to
indicate boundaries for standards requirements such as chemical composition,
tensile test, melt method, etc. Procedures are composed of elemental Charac-
teristics that describe the requirements that are essential for performing the
associated process (e.g., carbon content, yield strength, minimum temperature
range, etc). In fact, a procedure encapsulates collections of characteristic-value
pairs glued together using suitable connectives. The SDR technology has been
incorporated into a commercial software system called MASS (Management and
Application of Specifications and Standards). SDR permits defining a common
library of industry terms (domain library) and a consistent representation struc-
ture that allows MASS to retrieve, compare, and combine specifications to drive
manufacturing process.

Users of MASS capture their interpretation of spec requirements by using an
intellectual process of reviewing the hard copy specs and manually converting
the data into SDR. The SDR is a simple low-level tree language that is efficient
for symbolic manipulation, but is very removed from the spec text. In order to
raise the level of abstraction, Specification Definition Language (SDL) was de-
signed and implemented. The Specification Studio is an Integrated Development
Environment (IDE) for creating and editing specifications in SDL, and compiling
them into an equivalent lower-level SDR for use by MASS. The IDE provides a
convenient interface to search and use the Domain Library of controlled termi-
nology. From experience, the analysts have observed an emergence of a pattern
of “semantic markup”, which is composed into the more rigorous SDL. This
process of conversion is still laborious, and is subject to the competence of the
individual performing the conversion.
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2 Problem Statement

The focus of manual content extraction is to convert paper-based specs (us-
ing an appropriate domain library which defines standard vocabulary) into an
“equivalent” formalized description in SDL. The extractor relies on his/her ex-
perience in interpreting the specs, and for rendering it in the SDL form using
domain library vocabulary. Even though there is no rigid requirement either on
the technical vocabulary used, or on the format, related specs with common
origin share similar structure.

Semi-automatic content extraction involves recognition of phrases in spec
that are associated with requirements, and subsequent synthesis of SDL frag-
ments, to assist an extractor. Conceptually, this can be carried out in two steps:
(a) Automatically recognize domain library terms present in spec and mark them
up appropriately, and (b) Manually organize this information to be able to gen-
erate SDL from it. The entire approach is ontology driven, since the ontology is
captured by the SDL and the domain library of terms. Semi-automatic approach
was explored to improve the quality and efficiency of extractions by minimizing
transcription errors, and by automating some of the routine mechanical tasks.
A realistic yardstick of success is the extent to which mechanical and routine
aspects of extraction can be codified and automated, while simultaneously de-
ferring the more difficult and irregular portions to a human extractor.

This paper describes the approach taken, the progress made, and hurdles
encountered in our efforts.

Manual Extraction (original)

Original Spec Annotated Spec SDL SDR
Automatic

(final)

Manual

(final)

Compiled

(final)

Manual (intermediate)

Fig. 1. Semi-automatic Approach to Semantic Markup

3 Related Work in Information Extraction

It is useful to view specs in terms of the “writing styles” [4].

Structured Text: Database Tables, Weather reports found on the web where
the fields are delimited with HTML tags, etc.
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Free Text: Grammatical texts such as newspaper articles, magazine stories,
etc, that contain complete English sentences.

Semi-structured Text: Ungrammatical texts such as Advertisements, Semi-
nar announcements, etc.

We reviewed research on Information Extraction pertinent to content extrac-
tion. These technologies included pattern matching systems [4,7,8], sentence an-
alyzers [9], automated dictionary builders [4,10,13,21], W3C related initiatives
[20] etc. The DARPA-sponsored Message Understanding Conferences (MUC)
provided a major source of insight into the progress in information extraction
technology [5]. The MUC tasks consisted of skimming through free-text articles
in a limited domain, and filling in well-specified templates.

IE technology has evolved greatly in the last decade and there are also several
commercial products and search engines that classify documents based on the
subject matter. Unfortunately, these tools could not be used directly because
there is significant difference between processing general topic documents and
highly technical documents: (1) Specs usually contain much more domain specific
vocabulary. (2) Ambiguities in specs are of a different nature than those in
general-topic documents. (3) Technical terms are often created by combining
existing terms [15].

4 Overall Approach

In order to understand the theoretical limitations of our strategy, and the prac-
tical problems to be overcome, the following approach was taken:

– Develop a catalog of ambiguities present in specs that can stymie even a
human extractor. This catalog sheds light on situations impossible to deal
with automatically, and that can potentially jeopardize the soundness of any
extraction algorithm.

– Investigate the nature of association between the original spec and its trans-
lation that facilitates semi-automatic extraction and verification.

– Improve domain library searches and make it robust with respect to seman-
tics preserving variations.

– State a practically important variant of the general extraction problem that
can be used to demonstrate semi-automatic techniques.

– Study the role and application of XML technology in transforming a spec
[14,15,16,17].

– Finally, describe practical problems to be tackled for semi-automatic fine-
grained extractions of extant specs into SDL.

5 Details

We attempted to systematically evolve the manual extraction tool (Spec Stu-
dio) into a computer-assisted extraction tool with focus on improving extractor



44 Krishnaprasad Thirunarayan, Aaron Berkovich, and Dan Sokol

productivity. The approach taken has an “industrial” rather than “academic”
flavor because we attempted to deal with real-world specs rather than contrived
ones.

5.1 Extraction Ambiguity

Informally, ambiguity means “open to interpretation”. Ideally, one should have
a unique interpretation for a spec, but in reality, a spec can be incomplete (due
to missing information) or inconsistent (due to over-specification or multiple
definition), or unclear (due to convoluted wording).

Manual extraction consists of: (1) Identifying and understanding require-
ments described in a spec, typically written in English. (2) Mapping specs ter-
minology into Domain Library Terms (DLTs). (3) Identifying appropriate SDL
connectives to tie the requirements together.

Problems arising in carrying out the above tasks are called extraction ambi-
guities. The motivation for studying these is to better understand aspects that
are outside the realm of automation, to develop a nomenclature for describing
ambiguity in the context of extraction from specs, and to build concrete exam-
ples to assist an extractor trainee. We skip the details and illustrative examples,
for brevity.

5.2 Literal Translation

Conceptually, every piece of information in SDL and SDR translation owes its
existence to a phrase in spec (and possibly, in domain library). Thus, for verifica-
tion (proofing) purposes, it is important to maintain a one-to-one correspondence
between fragments of spec and its translation. Such translations are said to be
literal.

The existence of a literal translation depends on the target language and the
translation scheme. For example, SDR extractions of fine granularity cannot be
literal, while SDL extractions can be made literal to a reasonable extent. To
see this dependence, consider the sources of non-linearity: (1) The extractions
can contain duplicated information that are shared in spec. (2) The extractions
can rearrange information present in spec. (3) Tables and footnotes abbreviate
information in irregular and complex ways.

Further, a semi-automatic approach to extraction is feasible only if the auto-
matically generated partial translations are intelligible to the human extractor
in the context of the original spec, for subsequent modification.

5.3 Domain Library Search Engine

In the past, an extractor mapped a phrase associated with requirements in a
spec to a Domain Library Term (DLT) by guessing the corresponding term and
verifying it against the domain library. A typical domain library1 has about
1 Cohesia creates and maintains domain libraries for in-house use and for use by its

clients such as GE, Alcoa, Allvac, etc.
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10,000 phrases. The effectiveness of the search can be substantially improved by
having the Spec Studio accept an arbitrary phrase and automatically determine
the relevant DLT(s) contained in it. To this end, a domain library search engine
was developed that improves the hit rate and enhances the flexibility of DL
searches, while balancing recall with precision [18,19].

Algorithmic Details: Expression Matcher. The algorithm was designed
with the following observations in mind: (1) An input phrase may contain multi-
ple DLTs. (2) The words of a DLT contained in the input phrase may not appear
contiguous. (3) Consonants are significant, and ”correct” spellings may differ in
the vowels. (4) Robustness with respect to misspellings such as transposition of
letters or missing vowels is desirable. (5) Ordinary stemmers do not work for the
words appearing in the DLTs. Instead, customized tables of prefixes and suffixes
were developed to deal with situations that arise in practice. (6) The algorithm
was skewed towards recall than precision as a human extractor is overseeing the
outcome.

The overall goal of the matching algorithm is to map a phrase to a list of
approximately semantically equivalent DLTs. Its main steps are sketched below.

List[Phrase] dl, dlwm, inwm;
Phrase ip; Integer mt;
List[Phrase] dlts;

Step 1: Read list of Domain Library terms (phrases) into dl.
Step 2: Tokenize and construct list of (non-stop) words in the

domain library terms into dlwm, maintaining links from
each word back to the DLTs it appears in.

Step 3: Read-in input phrase and match-threshold into ip and mt,
respectively.

Step 4: Tokenize and construct list of non-stop words into inwm.
Step 5: Determine matching words in dlwn corresponding to each

word in inwm.
Step 6: Construct list of DLTs that contain these matching words.

Evaluate each DLT and filter good approximations included
in ip.

A word is matched at four levels: exact, case-insensitive, normalized (based on
consonants), and sorted normalized (based on sorted string of consonants). The
exact match requires the case and whitespaces to match. Case-insensitive match
converts the inputs to lowercase prior to matching. Normalized match deletes all
vowels and special characters (such as “-”, “?”, etc) prior to matching. Sorted
normalized match orders the consonant string before matching. If these checks
do not yield a match, the strings are then tested for variations in prefixes and
suffixes. For this purpose, sorted normalized representations are compared and
common letters are eliminated. Of the remaining letters, if they constitute differ-
ences accountable using a customized table of viable suffixes or prefixes, then a
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match is declared. (Note that the general algorithm also deals with abbreviations
by expanding them and aliases by normalizing them to preferred terms.)

5.4 Automatic Tagging

The text of a spec can be annotated to different levels of detail in order to make
explicit mechanically processable information. The following table summarizes
the various extraction methods (ontologies2) used in the industry (and companies
such as GE, Alcoa, etc) today, reflecting the different granularity of extractions
– from the most abstract to the very fine:

Method Qualifiers Requirements Procedures References
D Spec Class Only In notes Not used In notes
C Spec Class, Product, Alloy In notes Not used In notes
B Many Qualifiers In CV pairs and notes Used Retrieved
A Many Qualifiers In CV pairs, etc Used Retrieved

In order to understand the practical problems with semi-automatic extrac-
tion, we attempted to automate Method C Approach to Extraction, which in-
volves generating SDL form that contains Qualified Notes labeled with a Proce-
dure name or a Paragraph heading and the note bodies containing paragraphs
with information relevant to the label. The qualifiers are the characteristics –
product, product type, spec class, and alloy. Later, we wish to attempt Method
B Approach to Extraction.

Two implementations of Method C Approach to extraction were pursued: the
first involved direct translation of the spec into SDL, and the second involved
indirect translation of the spec into SDL via an XML Master. The former im-
plementation enabled convenient integration into the existing Spec Studio, while
the latter implementation enabled applying XML Technology to further enrich
literal translation strategy by embedding extraction fragments into the original
spec. In other words, the spec can be annotated using XML-tags (derived from
the ontology and the DLTs) that abstract the requirements, and keep the spec
fragment and its abstraction tightly coupled. Subsequently, suitable views of the
XML source can be generated using filters and transformations written in XSLT.
In the long run, this technique can be used to apply other extraction methods
to the (sufficiently annotated) XML Master.

Algorithmic Details: Design of Software Modules. The syntax of nested
paragraphs can be expressed as extended regular expressions, and recognized
using a lexical analyzer generated by FLEX. The matching algorithm for phrases
has been coded in C++. The generated intermediate representations are in XML,
with multiple “views” obtained using XSLT.
2 According to Gruber, an ontology is an explicit specification of a conceptualization,

which is an abstract, simplified view of the world that we wish to represent for some
purpose.
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The XML markup for Method C Approach can be carried out in four steps:
(1) Automatically recognize nested paragraph structure of the spec and generate
suitable tags. (2) Automatically recognize and tag qualifiers (and procedures)
present in the spec. (3) Automatically generate various views of the XML source
using transformations described in XSLT. (4) Finally, verify, and possibly amend,
the resulting translations manually.

Preprocessing. Save the spec available in MS-WORD format as a plain text with
line breaks. Alternatively, scan and OCR paper-based spec to obtain the text in
electronic form.

Structure Markup of Spec. Paragraphs (numbered sections) are enclosed within
tags <section level=‘‘...’’ id=‘‘...’’> and </section> to mark the be-
ginning and the end of a (possibly nested) paragraph respectively, where level
indicates the nesting level starting at 1, and id is the paragraph number string
given as a period-separated sequence of numbers. The paragraph heading is en-
closed within <sectionHeading heading=‘‘...’’> and </sectionHeading>.
In addition to preserving the logical organization of the spec, if the original
layout information is also desired, then the XML master must also retain inden-
tation information. In practice, the FLEX code has to deal with subtle problems
and idiosyncrasies of the saved spec.

Tagging Phrases Corresponding to DLTs for Method C Extraction. Document
heading contains information about specification name, revision, products, spec
class, and alloy name. The paragraph text can contain references to products,
spec class, and alloy name. These are recognized using the appropriate fragment
of domain library and tagged as follows:

Products: <product DLT=‘‘...’’> ... </product>
Spec class: <specClass DLT=‘‘...’’> ... </specClass>
Alloy: <alloy DLT=‘‘...’’> ... </alloy>
Method B extractions will need identification of characteristic-value pairs

and grouping them under relevant procedures.

Generating Various Views from the XML Master. It is possible to generate
various views of the spec from the XML master by applying suitable XSLT
stylesheets using Apache’s Xalan processor. The views of interest are:

1. The original text of the spec, with the identation preserved as much as
possible, for verification.

2. The HTML version of the same for display in a Web-browser.
3. The Method C Extraction that generates syntactically correct SDL with the

paragraph text presented as qualified notes (details of which are skipped for
brevity).

4. The Method C Extraction that generates syntactically correct SDL with the
paragraph presented as qualified notes using paragraph numbers in place of
paragraph bodies, to deal with copyright restrictions that prohibit duplica-
tion of the spec text verbatim in another document.
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5.5 An Example of Method C Extraction

Due to space limitation, we have condensed the example drastically. A fragment
of the original specification, GE.txt, is shown below.

SPECIFICATION NO. B50TF104
ISSUE NO. S4+AM1

DATE January 9, 1996
PAGE 1 OF 10
CAGE CODE 07482
SUPERSEDES B50TF104-S3

...
ALLOY BAR, FORGINGS, AND RINGS
(INCONEL ALLOY 706)
...
3.2.1 Material Condition. Material shall be delivered in the following
condition specified on the purchaser order:

(a) Bar and rod shall be hot finished, heat treated per CLASS A, and
descaled; round bars shall be ground or turned. Forgings shall be
as ordered.

(b) Flash welded rings shall not be supplied unless specified or
permitted on Purchaser’s part drawing.
...

GE.txt is tagged to obtain GE.xml which is then transformed into the fol-
lowing Method C extracted GE.sdl with text suppressed using XSLT stylesheet.

document [B50TF104]
{

title = "ALLOY BAR, FORGINGS, AND RINGS(INCONEL ALLOY 706)";
org = "GE Aircraft Engines";
type = "specification";

define APM
{

[Products] is "Bar";
[Products] is "Forgings";
[Products] is "Rings";

}
using APM;

revision [S4+AM1]
{

...
if

( [Product Type] is "Bar" or [Product Type] is "Rod" or [Product Type] is "Bar" or
[Product Type] is "Forgings" or [Product Type] is "Rings" ) and
( [Spec Class] is "A" )

then
{

note " = Material Condition."
"Shall be in accordance with paragraph 3.2.1 "

}
...
}

}

The following script summarizes the actual processing that a WORD docu-
ment GE.doc, saved as GE.txt, goes through. Specifically, the tagged file GE.xml
is processed using the various stylesheets to generate the SDL forms and recover
the original text. (Even in this simplified setting, “context-free” analysis causes
tagging errors such as misidentifying “section” as a product type.)
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flex structTagger.flex
gcc lex.yy.c -lfl
a < GE.txt > GE.xml
java org.apache.xalan.xslt.Process -in GE.xml -xsl CSDLStylesheet.xsl -out GE.sdl
java org.apache.xalan.xslt.Process -in GE.xml -xsl CExpSDLStylesheet.xsl -out GE.exp.sdl
java org.apache.xalan.xslt.Process -in GE.xml -xsl OriginalStylesheet.xsl -out GE.org.txt

5.6 Practical Problems for Fine Grain Extraction

Here is a list of hard problems to be overcome for full-scale commercialization
of this technology:

Expression Matching: Recognition of and Mapping to a DLT. One of the funda-
mental steps in content extraction is the recognition and mapping of spec phrases
that convey requirements, to the corresponding DLTs. A core subproblem is the
formalization of DLTs. To appreciate the practical difficulties in recognizing a
DLT, consider the following string that illustrates the variety of entities that can
be present in a DLT:

(Cu + Ag) - 0.2% Al Chemical Composition (Final) (GEAE 42-Delta Phase)

Specifically, a DLT can contain a formula, a sequence of words, a paren-
thesized sequence of words, or a reference to another spec. The formula itself
can contain chemical element names, arithmetic operator symbols, other spe-
cial symbols, etc. Even though the syntax of a formula resembles that of an
arithmetic expression in isolation, there are many examples of formula that are
difficult to discriminate from other fragments because of the ambiguous use of
symbols such as “–” for “minus” and “dash”, “/” for “division”, “ratio” and
“or”, and the form of references. Once the syntax of DLTs has been formalized,
their concrete manifestation in spec needs to be addressed. All this is further
complicated if the phrase that maps to a DLT is not contiguous or several DLTs
share words. Subsequent to recognizing DLTs, it is also necessary to recognize
their inter-relationships.

Semantic Markup: Procedure Descriptions. Specialized recognizers need to be
built for each procedure that can select coherent pieces of text, and organize
the information contained in it. Specifically, a list of characteristics and their
values relevant to a procedure can be specified and identified using strategy sim-
ilar to the one employed for recognizing DLTs. However, procedure descriptions
also require guessing and inferring information not explicitly provided in spec
but needed to express the extraction unambiguously. What is unclear here is
the effect of these customized recognizers on each spec, and if their use will
decidedly outweigh the tedium of manual extraction for complex specs. A rea-
sonable approach is to build such recognizers for a small set of well-understood
procedures

Semantic Markup: Representing and Processing Tables. Tables in spec represent
collections of constraints on characteristics and encapsulate procedure descrip-
tions very efficiently. Footnotes modify these tables in interesting ways, often
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incrementally and sometimes substantially. The complexity of the table stems
from their irregularity. In order to formalize tables, it is important to understand
techniques employed for sharing pieces of information in a spec, and propose
regular data structures that can hold the same information compactly and be
translated into SDL automatically.

Integration: XML Technology. XML Technology is beneficial if it is possible
to develop a target language and an extraction discipline that is more or less
literal. However, at this time, the semi-automatic approach relies on a human
extractor to remedy any inadequacy in the automatic markup by modifying
the resulting SDL output. Unless these updates can be reflected back into the
XML Master sensibly, the XML intermediary will not be viable. Furthermore,
literal translation also requires unconventional use of certain SDL constructs, and
unless these nested constructs can be properly handled by the SDR compiler,
these will create problems downstream.

6 Conclusions

This project attempted to systematically evolve the manual extraction tool into
a computer-assisted extraction tool. To this end, we studied extractions from
specs – of different complexities and origin – carried out by highly trained met-
allurgists, and appreciated the importance of making domain library searches
flexible. The recognition of semantically equivalent phrases that map to the same
Domain Library Term was attempted using a normalization procedure starting
from verbatim searches, to using minor variations on words, to using aliases, to
eventually using much richer “patterns of equivalences”. This functionality can
be incorporated as a separate module, spliced between the IDE and the Domain
Library.

For a semi-automatic approach to succeed in practice, the partial results ob-
tained through automation should be intelligible, in relation to the original spec.
Otherwise, the extractors will turn-off automation, in the interest of verifiability.
This motivates the need to maintain a one-to-one correspondence between the
spec and its translation. The XML Technology seems appropriate to extraction
to the extent that the XML Master provides a way of tying together the spec
and the extracted information, and the use of XSLT stylesheets in transforming
this information as desired by the context.

Based on our first experiences with the prototypes we have built, the gen-
erated Method C extractions seem reasonable, though not perfect. However,
improvements in precision will be needed to scale it to Method B extractions,
from human extractor’s perspective.
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Abstract. Large information-intensive sites are developed everywhere and need
in every case a separate retrieval support. The support comprises functionalities
for key word and catalogue search as well as context based retrieval. The search
functionality is often added after designing the complete site using common search
engines or site map tools. The resulting information of that search facilities is
mostly not that specific the user needs. We focus on an integrated development
of search facilities within the web site design process. Additionally, we use the
linguistic instrument ‘word field’ for defining abstract search keys during the
design process.
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Abstract. This paper describes an information extraction system, Vul-
cain, dedicated to message filtering for a specific domain. The paper
focuses on a method for identifying domain-specific terms and concepts,
using syntactic information and an existing domain ontology. We focused
on a method for identifying terms by partial syntactic analysis, based on
TAG grammars. The domain ontology is represented in description log-
ics, and DL inference mechanisms are used to validate the candidate
concepts.

1 Introduction

Information Extraction systems identify relevant entities on texts, on a given
domain. They use natural language processing techniques for identifying relevant
data, and they use domain-specific knowledge to validate these entities. The main
drawback of Information Extraction systems is low portability, due to language-
dependent linguistic resources and to domain-specific knowledge (ontology).

To validate data identified in texts, some Information Extraction systems use
predefined or fixed ontologies, but these ontologies are often incomplete, contain
inconsistencies or redundant data. The costs of adapting them to another domain
or application are very important. Generic ontologies (WordNet (Miller and all,
1990), Corelex [5]) are useful for searching information in free texts, but they are
not adapted for domain-specific senses, they might not contain some domain-
specific senses.

Ontologies extracted semi-automatically (using statistical methods [8], or
methods using logical inferences [19]) are used for increasing Information Ex-
traction systems’ portability. For each new domain, a domain-specific ontology
will be created. In this context, we applied an inference-based method for ex-
tending ontologies, to improve our system’s portability.

Most Information Extraction systems identify candidate concepts applying
shallow Natural Language Processing (NLP) techniques (finite-state methods [7]
and simple pattern matching [8] [16]). Preferred candidates are noun phrases or
noun-noun collocations [11]. Shallow NLP techniques are adapted to handle large
amounts of texts and they are preffered by IE systems. The number of candidates
generated by NLP techniques is often very big, and the resulting candidate
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c© Springer-Verlag Berlin Heidelberg 2002
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concepts must be filtered and must be validated by some human experts or by
domain-specific patterns [16].

A concept identification method based on a linguistic formalism reduces the
number of concept candidates, but most of the Information Extraction tools
are highly language-dependent. For this reason, we adapt linguistic tools and
resources which are highly modular (a LTAG parser [14]), and we prefer an
approach extending domain ontologies based on logical inferences.

The goal of the paper is to describe a method for identifying new concepts
on texts, validated by a domain-specific ontology. We focused on the interface
between syntax and domain-specific knowledge.

We propose a method which is based on an existing linguistic formalism.
It uses some partial syntactic structures provided by a Lexical Tree Adjoining
Grammars (LTAG) parser to identify concept candidates, as well as logical infer-
ences available in Description Logics, which is used as knowledge representation
formalism. The method is tested on a specific application for filtering electronic
messages about computer security. The corpus has some caracteristics: it con-
tains various errors (spelling, syntactic, wrong segmentations), but also entity
names and fixed patterns (computer commands). Due to these corpus’ proper-
ties, we proposed a concept instance identification method which handles these
errors.

2 The Architecture

The system includes an LTAG parser adapted for IE, containing a syntax-
semantics interface and several modules extracting lexicons or other resources
from reference corpora (fig. 1). The domain-specific lexicon, relating words to
their syntactic contexts, is extracted from the reference corpus, using the LTAG
grammar and lexicon. The corpus is also used by the human expert for manually
designing an initial ontology.

The system requires an interface between the syntax and the semantics, in
order to build a semantic representation for each candidate concept. The inter-
face contains a lexicon assigning concepts to each word and a module assigning
conceptual descriptions to grammar trees. The domain-specific lexicon provides
syntactic information for each input word,information which is used by the LTAG
parser to identify potential concept instances, among simple noun phrases and
verbs. The domain-specific ontology validates the semantic representations, built
fromthe syntactic structures (provided by the parser) and from the semantic lex-
icon.

3 Ontologies

Domain knowledge is a key element in an information extraction application [10],
for validating the entities identified in the texts by the linguistic tools. Existing
generic ontologies (WordNet [15], Corelex [5]) provide synonymy, hyperonymy
and hyponymy relations for free-text information extraction. Domain-specific
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Fig. 1. System architecture

ontologies might contain specific senses that could not be found in a general-
purpose ontology. Domain-specific ontologies are highly dependent on the do-
main of the aplication.

To avoid this drawback, several methods (both statistical-based and inference-
based) for automatically extracting ontologies were developed. The methods
identify candidate terms in the texts, they create classes of similar terms and
they identify relations between term classes.

Statistical methods [1], [8] interpret contexts and groups terms with similar
contexts into classes associated with a unique concept. Some methods identify
relations between term classes by interpreting syntactic knowledge as subcate-
gorisation [6] or by using statistical information [4]. Statistical approaches require
large, stable corpora to extract term classes, and human experts must validate
and interpret the results.

Some semi-automatic methods for extracting ontologies propose logical in-
ferences to validate the existing knowledge. Concepts candidates are proposed
by inference rules and they are added to the domain hierarchy only if they are
coherent with the existing knowledge. The main drawbacks of this approach are
concept overgeneration and the low efficiency of the knowledge consistency and
coherence checking algorithms. Among knowledge representation formalisms,
Description logics try to avoid these drawbacks and we have chosen them to
represent and maintain our domain knowledge.

3.1 Description Logics

Description Logics are knowledge representation formalisms derived from seman-
tic nets, but providing well-defined syntax and semantics and also combining
features of object-oriented systems, of frame-based systems and of modal logics.



Vulcain – An Ontology-Based Information Extraction System 67

DLs provide a hierarchical organization of the knowledge: a conceptual level
(the T-Box), describing abstract classes of objects (concepts) and an assertional
level (the A-Box), containing the instances of the classes. The concepts have
properties: relations (named roles) with other concepts, and attributes (roles
with atomic values).

Syntax and Semantics. DLs provides atomic concept names and roles to
define new concepts, as well as DL operators. The DL operators are inspired
by first order logics: AND, OR, NOT, SOME, ALL, implication. Using this set
of operators, several expressivities are possible: the definition of concepts and
roles ALC (using SOME, ALL, AND, OR, NOT operators, concept axioms), the
possibility of handling transitive roles (R+), of inverse roles (I), of role hierarchy
(H), of attributes (f) or of numeric constraints.

DLs define and maintain knowledge via some commands. A few commands
are explained below. CN is a concept name, C is a conceptual description (any
combination of AND, SOME, NOT, ALL operators). The DL commands use
KRSS syntax ([2]):

1) (define-concept CN C) - defines a new concept as a conceptual description;
2) (instance IN C) - defines an instance of a given concept;
3) (implies C1 C2) - introduces a new concept axiom, defining necessary

conditions C1 for the conceptual description C2;
DLs are fragments of first order logics, providing decidable algorithms for

coherence and consistency checking. DLs propose logical mechanisms to identify
concept subsumption, instance retrieval, role paths relating concepts, classifica-
tion (partial ordering of the concept hierarchy, due to the subsumption relation).

Description Logics for Information Extraction Systems. Information Ex-
traction systems use domain knowledge to validate the semantic representation
of the potential relevant entities identified by NLP techniques [19], [10]. These
new concepts could be added to the existing ontology. Shallow NLP techniques
propose a lot of candidate entities but most of them do not have a valid semantic
interpretation.

Unlike frame-based systems, DLs deal with semi-structured or incomplete
data. There are no requirements to explicitly define some values as instances of
some concepts, or to define default values. Some role fillers are left unspecified
as in the following example:

(define-concept OSystem (and Object (some isaOperatingSystem
Computer) (some hasName Name)(some hasCommands Command)(some
hasVersion Version)))
(instance linux (and OSystem (some hasName Linux)))

Implicit definitions are possible in DL (Linux is not defined explicitly as
an instance or a subconcept of the concept Name). The role fillers of the roles
isaOperatingSystem, Command, Version are not provided.

These properties are required for information extraction, due to erroneous
input and to incomplete domain knowledge. Hyperonymy or hyponymy are han-
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dled by subsumptions between domain concepts. For example, if a candidate
concept is identified in the text as

(instance y (and Password (some hasUser Root)))
(define-concept Password (and String (some hasAtr secret)(some
hasBelongs User)))
(define-concept Root User)

y is an instance of the concept Password and it is related to the concept
Root, which is used by a User.

Functionalities. We require some basic functionalites from a DL formalism for
representing domain knowledge.

Obviously, we have to define concepts, roles and attributes to describe domain
ontology. All implemented DL systems provide this feature, as well as axiom
definitions. Transitive roles are required in order to compute path roles between
various concepts. Inverse role should be avoided, due to the cyclic definitions,
which makes the computing processes undecidable.

Information Extraction systems handle proper nouns (data, person and or-
ganization names), represented in Description Logics as instances. We require
then instance reasoning. Among the systems proposing an A-Box implementa-
tion, we chose RACER [12], which is one of the few classifiers proposing opti-
mised tableaux calculus algorithms and XML-like representation of the ontology,
compatible with the standard Ontology Interface Layer (OIL) [9].

4 Concept Identification

We propose a concept identification method based on partial syntactic analysis,
using a linguistic formalism. The results (dependecy structures) are validated by
the domain ontology. The system is still under development. We developed or
adapted several NLP tools and resources, and we built the initial ontology.

4.1 The Resources

The Reference Corpus. The reference corpus (used for generating the lexicon
and for creating the ontology) is a set of e-mail messages. It contains about 50,000
occurrences (4039 word forms). From the reference corpus, we obtained the list
of the most significant words, used to design the domain concept hierarchy.

The corpus contains several abbreviations, phrases introducing the content of
a dialogue (X wrote:), as well as organization, system, function names (UNIX
functions, constants, variable names), DOS or UNIX commands, which require
special preprocessing modules using finite state automata designed for entity
recognition.

We applied robust, fault-tolerant, shallow NLP techniques for identifying
potential concept instances, because the corpus contains syntax and spelling
errors. Sentences are not very well delimited, which is one of the sources of
tagging errors.
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The Ontology. The ontology is developed by a human expert. The human
expert extracts a list of the most frequent words, except the functional words (the
determiners, the pronouns, the auxiliaries), from the reference corpus. The nouns
and the verbs (considered as main candidates to identify primitive concepts) are
evaluated by the expert which assigns to each word a mark (5-very relevant, 1-
not very relevant) representing the word relevance to the security domain. From
the most relevant words, the expert designed a set of 53 primitive concepts, a
set of concept axioms and roles.The expert asks the Racer classifier to test the
coherence of the knowledge base with the new concept candidates and they are
are added to the ontology if the ontology coherence is not violated.

The human expert designs also concept instances (the terms which are asso-
ciated to each primitive concepts).

The Domain-Specific Lexicon. We used the same reference corpus for build-
ing a lexicon. The initial English LTAG lexicon (511 lexicon entries), was in-
complete and it was of little use for our security domain. We built a module
creating automatically the lexicon from the reference corpus and from the exist-
ing English lexicon. The module is implemented in Java. For this purpose, we
used the TreeTagger POS tagger [18], which annotates the words with the lexi-
cal category and identifies lemmas. The noun and adjective entries are generated
automatically from the existing lexicon. The verbs were added manually. The
lexicon is coded using a subset of XML dedicated to represent TAG grammars:
TAGML (Tree Adjoining Grammar Markup Language) [3].

The list of POS tags and the tagging errors is given in the table 1:

Table 1. The results of POS tagging and the tagging errors’ distribution

Lexical category Occurences Errors
Nouns, Proper nouns 2991 10.5 %
Verbs 1162 2.32 %
Adjectifs 796 0.31 %
Adverbes 381 0.07%
Prepositions 105 4.46%

The POS-tagging results are validated by a human expert. Errors as: spelling
errors, POS tagging errors due to the bad segmentation, Unix commands (which
must be preprocessed by a separate module) are deleted them from the entry
list. The resulting lexicon has 3000 entries: 1400 nouns, 787 adjectives, 300 verbs,
105 prepositions, 379 adverbs. The lexicon contains also a set of syntagms (“one
of”, “kind of”, “number of”). We add some entries for the most frequent proper
names: BIOS, DOS, lilo etc.

The Grammar. The English LTAG grammar [13] contains 420 elementary
trees represented in TAGML format. As our system needs to identify the concept
candidates among noun phrases and domain verbs, we use a small local grammar
describing simple noun phrases and simple verb phrases.
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LTAG grammars have an interesting property, making them suitable for our
application: they associate each word its syntactic context (formed by a set of
elementary trees). This property is used to avoid some candidate trees and to
work only with a subset of grammar rules.

We included in the local grammar noun phrase trees (trees associated with
nouns, nouns and adjectives that might modify nouns, past participle verbs
playing the role of the modifiers, comparative adverbs and adjectives), proper
nouns or prepositions relating two nouns. Verbal phrases are formed by verbs and
their arguments (subject, direct object, indirect object). The grammar does not
contain the verb trees handling long-distance dependency trees, relative clauses.

The Parser. We adapted Lopez’s parser [14] to our application. It is now
modular and it supports TAGML-like input and output. We use this parser due
to its feature of providing partial parsing results, the possibility of using TAG
grammars (for French and for English) available in TAGML format. It identifies
some candidate terms, even if a syntactic error occurs. It is implemented in Java.

TAG parsers propose as an output a set of derived trees (representing the
syntactic structures identified in the text) and a set of derivation trees (a his-
tory of adjoining and substitution operations combining the elementary trees).
Derivation trees are usually used to generate a dependency tree (a semantic rep-
resentation), and for this reason we choose TAG as linguistic formalism. The
semantic representation is validated by the domain ontology.

5 Bridging between Syntax and Semantics

In this sectio, we present the interface between the domain semantics (the on-
tology concepts and roles) to lexicon, to grammars and to parsing output. The
interface between syntax and semantics consults a lexicon, it builds a set of con-
ceptual descriptions built for each Elementary Tree and for each derivation tree
produced by the parser.

5.1 The Semantic Lexicon

The LTAG lexicon entries contains references to lemmas associated with each
word. Each lemma is associated with a set of elementary trees and co-anchors.
Each lemma might be associated to several concepts, if the word is ambiguous.

We investigated various information required for each lexical category in the
semantic lexicon. Nouns and verbs are key elements used to combine elementary
trees. Nouns are used to fill substitutions, while verbs expect substitutions to
be filled (as arguments). Nouns are associated with some ontology concepts.
Some nouns might be modifiers for other nouns and they have also associated
an entry for this case. The semantic description is a DL formula as (some hasMod
Concept). The adjectives are also modifiers (excepting the case when they are
predicative), so the entry is also a relation between the concepts. The verbs have
associated a concept from the ontology and some constraints on the arguments’
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type. Using this information, we build a DL conceptual description using the
information provided by the derivation trees.

We define a function Sem taking as argument a lemma and returning a DL
concept as a value:

Sem(lemma)=Concept ∧ Constraint1 ∧ . . .∧ ConstraintJ
Example.
- for the noun ’root’:
Sem(“root”)= Root
- for the adjective ’root’:
Sem(“root”)=(some hasMod root)
- for the verb ’delete’:
Sem(”delete”) = delete ∧ (and Substitution (some hasaddress 1))

∧ (and Substitution (some hasaddress 3))
The constraints on the arguments of delete identify the addresses of the two

substitutions expected by the verb ’delete’.
Some lexicon entries are highly ambiguous: prepositions might represent sev-

eral domain-specific relations or general relations (type, possesion). For example,
the preposition ’with’ could be represented as:

Sem(with)={(some hasProp), (some hasInstrument)}
In the security domain model, the preposition ’with’ is interpreted as a prop-

erty to be specified, or as an instrument.
We manually defined a list of pairs (concept, word). Only a small number of

verb entries are in the lexicon (50 verbs). We intend to automatize this task. The
concepts will be associated with words using a method similar to [17], starting
from a set of seed words and concepts (words extracted from the list of the most
relevant words) and from a set of predefined patterns. Constraints imposed on
verb arguments should be extracted from a treebank containing subcategorisa-
tion information.

5.2 Elementary Trees

The elementary trees are related to the lemmas associated with each word. We
define an algorithm building a conceptual representation from the elementary
tree and from the concepts associated with the lemma:

Sem(ElementaryTree) = Sem(lemma), if no substitution or adjunction
is found in the tree;

Sem(ElementaryTree) = (and Sem(lemma) (some hasSubstitution
A)) ∧ (implies (some hasSubstition A) (some argi A)), if a substitution
is found in the tree and A is a generic concept.

Sem(ElementaryTree) = (some hasAdjunction Sem(lemma)) if the
tree will be adjoined (see 2).

5.3 Derivation Trees

The derivation tree stores all the operations (substitution, adjunction) applied
for building it recursively from elementary trees and from other derivation trees.
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Fig. 2. The elementary tree to be adjoined associated to ’root’ and the DL represen-
tation

We define an algorithm for extracting complex representations from derivation
trees, combining lemmas’ semantics and elementery tree’s semantics:

Sem(Tree) = (and Sem(A) (Some hasSubstitution Sem(B)) Sem(C))
∧ (constraints B)

where Sem(A), Sem(B) and Sem(C) are defined recursively, if B or C are
derivation trees, and as in the previous subsection if A is an elementary tree.
(constraints B) represents the information related to the verb arguments.

Some Examples. The phrase the user files, parsed by the LTAG parser,
results in two derivation trees (figure 3) The concepts associated to lemmas are:

Sem(file) = File
Sem(user) = (some hasMod User)
Sem(user) = User
Sem(the) = (some hasDef definite)

The concepts built for the trees are represented in figure 3.

file

user

the

file

the user

File User DefhasMod hasDef

File hasMod User

Def

Def
hasDef

Fig. 3. The derivations tree for “the user files” and their conceptual representations

The phrase The admin checked the last 10 connections results into the
following derivation trees:

The conceptual descriptions associated to each lemma are:
Sem(check) = check ∧ (implies (and (some hasSubst A)(some hasadr

1))(some arg0 A)) ∧ (implies (and (some hasSubst B)(some hasadr 3))
(some arg1 B))
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Fig. 4. The derivation tree for “the admin checked the last 10 connections”

Sem(admin) = Administrator
Sem(connection) = Connection
Sem(last) = (some hasMod last)
Sem(the) = (some hasDefine Defined)
The tree representations substituted to the elementary tree anchored by

’check’ are:

(and Connection (some hasDefine Defined)
(and Administrator (some hasDefine Defined))

The representation associated with ’check’ contains a set of axioms:

(and check (some hasSubst A)(some hasSubst B))
(implies (some hasSubst A)(some arg0 A))
(implies (some hasSubst B)(some arg1 B))

In the derivation tree we found the values for A and B:

(implies A (and Administrator (some hasDefine Defined)))
(implies B (and Connection (some hasDefine Defined)
(some hasMod last)(some hasNumber 10))

The resulting concept is coherent with the existing knowledge:

(and Check (some arg0 (and Administrator (some hasDefine Defined)))
(some arg1 (and Connection (some hasDefine Defined)
(some hasNumber 10)(some hasMod last)) ))

6 Extending the Ontology

The system uses the partial parsing results to identify a set of relevant entities,
which might be added to the existing ontology. The human expert validates
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them using the RACER classifier. The first evaluations were done on a small
text of 100,000 words containing the most frequent verbs found in the semantic
lexicon. 76 % of the concept candidates should be added to the ontology (about
700 various concepts).

Example of some messages:
Trond Hasle Amundsen wrote How can one run a DOS program when lilo and the

BIOS are password protected? Maybe some BIOS’es can be reset by a DOS program
so that one can still use the machine when one has forgotten the BIOS password?

The entities identified in the text are: run a DOS program, lilo, the BIOS,
password protected, some BIOS’es, reset by a DOS program, use the machine, has
forgotten the BIOS password .

We obtained the following conceptual descriptions:

(and run (some hasarg1 (and program (some hasType DOS))))
(and system (some hasType lilo))
(and entity (some hasName BIOS))
(and password (some hasProp protected))
(and entity (some hasName BIOS)(some hasDef indefinite))
(and reset (some hasarg0 (and program (some hasType DOS))))
(and use (some hasarg1 (and machine (some hasDef definite))))
(and forget (some hasarg1 (and password (some hasDef definite)
(some hasPlace (and entity (some hasName BIOS))))))

The human expert check if the concepts are satisfiable in the current ontology.
The expert decide to add some new concepts: run which might have an argument
restricted to the type program, forget, having an argument restricted to the
type password, or reset linked to a concept program.

7 Conclusion and Further Work

The paper focuses on the relation between the syntax and the domain-specific
knowledge. We intend to use a meta-grammar for generating automatically
the elementary trees as well as conceptual descriptions. We will also develop
a method for generating verbal lexicon entries automatically. We have to vali-
date our concept identification method in a real-world application, on a large
domain-specific corpora.
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Abstract. We describe our word-based implementation of a language
identifying system for the text messages written in European languages.
Specifically, we use and compare linguistic (based on functional words)
and statistic (based on the word frequency) approaches to construction of
the identifying vocabularies. Our version of the statistic approach copes
with the differences in degrees of word overlap among languages and
the problem of the small-size messages. In addition, it allows an user
to choose the accuracy of language identification. At present, our sys-
tem identifies 8 languages (Bulgarian, English, French, German, Italian,
Russian, Spanish and Swedish) in various encodings. With the identify-
ing vocabularies of limited size (less than 1500 keys per language), the
accuracy of identification attains 99% even for the messages containing
only one sentence.

1 Introduction

Automatic language identification (LI) is the process by which the language of a
textual message or of a digitized speech utterance is recognized by a computer.
The understanding and developing of the principles which are or may be used
to perform LI is of high current interest due to the growing internationalization
of Internet. For European international companies, for example, LI is one of the
primary steps in solving the problems of electronic message classification and
auto-responding, because no single language is spoken throughout Europe. Con-
sidering the situation of real life where incoming messages written in the same
language may arrive differently encoded, encoding identification is also impor-
tant, e.g., for redirecting a message in an appropriate form to the subsequent
message classification system or to a human operator. Historically, LI of textual
messages has been accomplished by using such techniques employing dictionaries
or other language sources as (i) a bigram probability-multiplication method [1]
and the trigram-based methods [2,3], (ii) scoring the words with five characters
or less [3], and (iii) scoring the grammatical words and frequent endings [4].
The word-based techniques [(ii) and (iii)] seem to be more convenient, because
unlike the letter-based technique (i) they are able to provide LI of multilingual
messages.

In addition, the methods for classifying documents by language have been
developed. They may use less information about languages than the LI methods

B. Andersson et al. (Eds.): NLDB 2002, LNCS 2553, pp. 76–84, 2002.
c© Springer-Verlag Berlin Heidelberg 2002
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and are able to group documents into language similarity clusters. The algo-
rithms for classifying documents by language are based on the vector space
model of information retrieval and involve various approaches employing, e.g.,
linear algebra [5].

At present, there exist online implementations of LI systems such as Euclid
[6], Lextek Language Identifier [7] and SILC [8]. All these products seem to
employ the letter-based methods or n-gram algorithms, as well as the most
mentioned above papers. These methods are good for the typical incoming texts,
but they usually fail when a text includes relatively large number of foreign words
or transliterated proper and geographical names (e.g., such a message as “Anna
Zhdanova will go to Stockholm.” may be erroneously identified as not being
written in English). Unfortunately, the latter situation is common for e-mail
messages and Internet in general. Thus, there is a need of effective methods of
word-based vocabularies construction. Although the Lextek Language Identifier
operates with up to 260 language and encoding modules and provides rather
fast recognition, the processing of messages containing less than 200 characters
(about 30 words) is however not allowed there. Thus, the problem of LI of small
inputs is still open.

In this paper, we describe and compare two word-based methods of con-
struction of the identifying vocabularies. The first conventional method implies
involving experts who know languages [4]. The second new method involves cor-
pora and statistics. In the latter case, we take into account the message size a
user expects to have. Thus, the LI system’s database is optimized according to
the user’s needs. This makes it possible to reach the maximum performance effi-
ciency. The resulting set of the identifying vocabularies depends on the languages
included in a specific configuration of the LI system. This strategy improves the
performance of the LI system. In addition, our system allows a user to choose
the needed accuracy of LI.

2 Principles of Word-Based Approaches to LI

2.1 Construction of Identifying Vocabularies

Each LI system usually contains a set of identifying vocabularies. In turn, each
identifying vocabulary contains a set of key words corresponding to a given lan-
guage and encoding. During the parsing of an incoming message, the occurrences
of key words are calculated for each vocabulary. When this process is completed,
the counts for the vocabularies are compared, and the language and encoding of
the vocabulary with the largest count (i.e., the vocabulary containing the key
words which occurred most often) are assigned to a message. To prevent misiden-
tification of messages exhibiting only a few key words or written in a language
the system does not have, one may establish a threshold value for determining
a language. If the ratio of the number of the key words found in the vocabulary
with the largest count and the total number of words in a message is lower then
the threshold value, no language is identified.
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For efficient LI, the identifying vocabularies should be representative. On
the other hand, their sizes have to be limited in order to enable the system to
work quickly. To satisfy these requirements, we have first constructed the sets of
identifying vocabularies based on the linguistic approach, similar to the already
known method of grammatical (or functional) words [4]. This method is however
not suitable in the case when the processed input is small. For the LI system
including four European languages, for example, the grammatical word method
becomes inefficient when the number of words in the input is less than eight [4].
With increasing the number of languages, the minimum size of the processed
input is expected to be larger.

To provide the possibility to work with relatively small messages, we have
used the statistic algorithm. The latter algorithm takes into account the expected
number of words in a message and the needed accuracy of LI (these two param-
eters are set by an user) and compiles the corresponding set of the appropriate
identifying vocabularies from the given corpora.

Linguistic Approach to Construction of Identifying Vocabularies. Usu-
ally text consists of sentences. The main idea of the linguistic approach is that
at least one word from a typical sentence written in some language should be
included in the corresponding identifying vocabulary. As a rule, typical sentences
contain determiners, prepositions, pronouns, auxiliary verbs, numerals and some
words specific for a particular subject domain. In the framework of the linguistic
approach, the identifying vocabularies are constructed manually by the experts
who are acquainted with the languages and know the appropriate words. The vo-
cabularies compiled in our group make it possible to operate with six languages
including English, French, German, Russian, Spanish and Swedish. The sizes of
the vocabularies are different due to the difference in the structure of languages
(inflections, cases, etc.).

Statistic Approach to Construction of Identifying Vocabularies. The
linguistic approach described above requires involving experts in languages. Such
experts are not always available. Furthermore, the results obtained depend on
experts’ educational background, field of expertise, etc. For this reason, there
is no guarantee that the corresponding identifying vocabularies are representa-
tive. To avoid these complications, we have developed a statistical algorithm for
construction of identifying vocabularies. In the framework of this algorithm, the
identifying vocabularies for a set of languages are worked out on a set of cor-
responding corpora. In particular, we have constructed two sets of identifying
vocabularies. The first one is for the same six languages that were handled by
using the linguistic approach (Sec. 2.1.1). The second one contains six plus two
languages, including English (En), French (Fr), German (Ge), Russian (Ru),
Spanish (Sp), Swedish (Sw), Bulgarian (Bu) and Italian (It).

The algorithm used depends on the three parameters: n, the expected number
of words in a message or a number of words in a single test entry (for testing); a
(a ∈ [0, 1]), the needed accuracy of LI; and {ci}, a set of corpora (the subscript i
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indicates a language). The numbers n and a are expected to be chosen by an user
according to his/her needs. He/she should also list the languages which are to
be identified. The set of corpora employed now is “standard”, i.e., it corresponds
to our own choice. In principle, however, the set may be chosen in order to take
into account the specifics of the user’s field of interests.

To construct the identifying vocabularies corresponding to given values of
n and a, it is convenient to introduce the probability P that a word from a
typical message written in one of the included languages belongs to the identi-
fying vocabulary of this language. The probability that a word is not found is
accordingly equal to 1− P . For a typical message with the expected size n, the
probability that no words belong to the identifying vocabulary equals (1− P )n,
provided that the correlations in the occurrence of words are not significant. The
probability that at least one of the words belongs to the identifying vocabulary
is equal to 1− (1−P )n. The latter probability is identified with the accuracy a,
i.e., we use 1− (1− P )n = a, or

(1− P )n = 1− a. (1)

By solving this equation, we can calculate P for given values of n and a.
With the specification above, the algorithm of the choice of the key words

for the identifying vocabularies is as follows:

1. For each language, a list of words used in the corresponding corpus is con-
structed.

2. The frequency f ji of the occurrence of word j for corpus i is calculated. By
definition, f ji is the ratio of the number of occurrence of word j to the total
number of words in ci.

3. The words found in more than one corpus are removed.
4. The remaining words are sorted in each list according to their frequencies in

a decreasing order. The top words (with the highest frequencies) are included
into the corresponding identifying vocabularies as long as the sum of their
frequencies is lower than P .

For this algorithm, the sizes of the identifying vocabularies for different lan-
guages are different. Every time a new language is added into the LI system, all
the identifying vocabularies have to be rebuilt. With increasing n, the sizes of
the identifying vocabularies are rapidly decreasing.

Theoretically, due to the inter-lingual homonyms removal [step 3] and possi-
ble shortcomings in corpora, this algorithm may lead to an undesired situation
when at step 4 all the words remaining in a list are already added to the identify-
ing vocabulary, but the sum of the word frequencies is still less than P . In such a
case, the LI system includes all the words from a given list to the corresponding
identifying vocabulary and simultaneously warns an user that it works at risk of
not obtaining the accuracy a. With our identifying vocabularies, we had no this
problem provided that a ≤ 0.99 and n ≥ 10.
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2.2 Inter-lingual Homonyms and Misrepresentative Words

For the traditional linguistic approach and the statistic approach with step 3
omitted, some of the key words usually belong to several identifying vocabularies.
This may result in mistakes in LI, e.g., when a word is an inter-lingual homonym,
but is not included into all the identifying vocabularies which might contain this
word. For example, the word “se” is a verb with the meaning “to see” in Swedish
and a reflexive pronoun with the possible meaning “himself”/“herself” in French.
The Swedish identifying vocabulary does not contain the key word “se”, while
the French one does. If the LI system encounters the word “se” in a message
written in Swedish, it will add a point to the count of French. As a result, this
will head towards the wrong direction.

To tackle the problem above, it makes sense to prevent the appearance of
inter-lingual homonyms in the identifying vocabularies. In the framework of the
statistical approach, this was attained by introducing step 3. For the linguistic
approach, we have first compiled extensive dictionaries by using large corpora.
If a key word from an identifying vocabulary belonged to at least two extensive
dictionaries, it was removed from the identifying vocabularies.

An opportunity of choosing various corpora for constructing identifying vo-
cabularies is an advantage and a flaw of the statistical method. While an user
is able to tune the LI system to a better performance for a specific domain,
the identifying vocabularies lose their universality. For example, the identifying
vocabularies, compiled by employing the corpora related to programming, usu-
ally contain words typical for this field. But these words are misrepresentative
for other domains. This problem can partly be resolved by combining corpora
corresponding to different fields.

2.3 Multiple Encodings

In reality, incoming messages written in the same language may be differently
encoded. For the languages based on the Roman alphabet (e.g., English, Ger-
man), the encoding Cp1252 (i.e., Windows Western Europe / Latin-1) is usually
sufficient to cover all the letters including the “substandard” ones (e.g., Spanish
“ñ” or German “ß”) and diacritics. But for Russian, Bulgarian, Ukrainian and
other languages based on the Cyrillic alphabet, a few encodings such as Cp1251,
Cp866 and koi8-r are widespread. For this reason, the key words from the iden-
tifying vocabularies for these languages should be written in all the encodings
used in real messages.

3 Results

The system performing LI is written in the Java language in accordance with
the principles of the object-oriented programming. The language identifier takes
a file or a list of files as an input, makes the parsing by its lexical analyzer,
matches the picked out words to the identifying vocabularies, calculates the
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score for every possible language and encoding pair, and after all, returns the
language and encoding with the highest score.

Our LI system makes it possible to construct and add new identifying vo-
cabularies for different languages and encodings. To study its performance, we
have constructed several sets of identifying vocabularies. In addition, we have
formed a database of test entries modeling typical incoming messages. The lat-
ter database consists of texts representing the banking, insurance, computer
semantic domains and fiction literature. Most texts were extracted from the ap-
propriate web pages and used with no preprocessing except converting to the
plain text files by removing tags. Some texts were found to contain foreign words
and phrases. While the presence of such texts in the database employed to form
test messages is a model of real situation, their presence in the corpora cre-
ated for construction of the identifying vocabularies resulted in the appearance
of the “false” inter-lingual homonyms and eventually slightly deteriorated the
identifying vocabularies.

In reality, incoming messages usually contain several sentences. Our LI system
processes a whole message as an input. To test the system, we used relatively
small entries consisting of a single sentence. A sentence was defined to be the
characters between the punctuation signs “.”, “?”, “!” and the symbols signifying
the beginning and end of text files.

3.1 Linguistic Approach

In the framework of the linguistic approach, the identifying vocabularies are
constructed manually (Sec. 2.1.1). Table 1 shows the sizes of such vocabular-
ies before and after removal of inter-lingual homonyms. The difference between
the upper and lower rows is proportional to the degree of overlap among the
languages.

Table 1. Sizes (number of words) of the linguistically constructed identifying vocab-
ularies before and after removal of inter-lingual homonyms.

English French German Russian Spanish Swedish
Before removal 581 821 250 1053 181 254
After removal 444 642 210 1053 40 213

To test the identifying vocabularies, the LI system determines a language and
encoding for each test entry and compares them to the language and encoding the
entry is written in. Table 2 shows the percentage of the correctly identified test
entries for the linguistically constructed identifying vocabularies. Spanish and
French possessing the highest number of widespread inter- lingual homonyms
are seen to have the lowest identification accuracy. This is in agreement with the
study [5] of classification of documents by language, where Spanish is mentioned
as the most commonly misclassified language.
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Table 2. Percentage of correctly identified test entries before and after removal of
inter-lingual homonyms for the linguistic approach to construction of the identifying
vocabularies.

English French German Russian Spanish Swedish
Before removal 99.0 94.2 98.8 95.7 97.9 98.1
After removal 99.9 90.5 99.7 99.8 70.3 99.9

Table 3. Sizes (number of words) of the identifying vocabularies (for six and eight
languages, a = 0.99 and n = 10) constructed by employing the statistic algorithm with
and without step 3.

Number of languages En Fr Ge Ru Sp Sw Bu It
6 (without step 3) 24 34 69 97 33 69 - -
6 (with step 3) 146 527 270 107 433 173 - -
8 (without step 3) 24 34 69 97 33 69 91 42
8 (with step 3) 146 995 248 599 714 160 742 1427

The results presented in Table 2 indicate that for the linguistic approach the
removal of inter-lingual homonyms enlarges the number of unidentified entries. In
other words, the removal of homonyms from the manually constructed identifying
vocabularies neither improves the performance of the LI system nor solves the
problem of small incoming messages.

3.2 Statistic Approach

Using the statistic approach, we have constructed and tested four sets of iden-
tifying vocabularies. Table 3 demonstrates their sizes [with and without step 3]
in the cases of six and six plus two languages. The corpora employed contained
30000 words for each language. The accuracy of LI and the expected size of
entries were a = 0.99 and n = 10, respectively. For these parameters, Eq. (1)
yields P = 0.3691. Thus, we have filled the identifying vocabularies in such a
way that the sum of the word frequencies within every vocabulary is not lower
than 0.3691.

The results of the tests, presented in Table 4, indicate that the expected
LI accuracy, a = 0.99, is obtained when the complete (with step 3) statistical
algorithm is used. Adding Italian is seen to affect slightly the identification of the
languages, based on the Roman alphabet, mainly due to the imperfect corpora
and misrepresentative words. While adding Bulgarian produces an appreciable
increase in the number of misidentifications for Russian, based also on the Cyrillic
alphabet.

4 Conclusion

Using the word-based approach, we have worked out the LI system for European
languages. Specifically, several alternative sets of identifying vocabularies have
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Table 4. Percentage of correctly identified test entries before and after removal of inter-
lingual homonyms for the statistic approach to construction of identifying vocabularies.

Number of languages En Fr Ge Ru Sp Sw Bu It
6 (without step 3) 95.3 91.2 99.5 98.9 98.8 98.7 - -
6 (with step 3) 98.7 99.1 100.0 99.3 99.3 99.8 - -
8 (without step 3) 94.5 86.6 99.3 49.3 94.4 97.3 96.3 94.5
8 (with step 3) 97.8 98.5 99.2 89.6 98.1 99.9 98.8 98.4

been constructed by employing the linguistic and statistic methods. The latter
method is found to be superior, because it allows one to construct the iden-
tifying vocabularies taking into account the chosen expected message size and
LI accuracy. The sizes of the identifying vocabularies are minimized according
to the special formula [Eq. (1)], and this feature provides fast (and accurate)
performance of the LI system. For 12 language-encoding pairs recognized by the
LI system, the speed of processing is around 2 seconds per megabyte of text and
varies from 0.26 to 0.57 milliseconds per sentence depending on the language (for
Intel Celeron, 434.31 MHz). Furthermore, the statistic method makes it possi-
ble to add a new language to the LI system without any linguistic knowledge
and/or employing additional tools. However, this method needs corpora. The
identifying vocabularies are optimal when the corpora represent an user field of
interest. Thus, the work of our LI system is highly efficient when tuned to the
needs of a particular user.

In comparison with the existing LI systems, our LI system with statistically
constructed identifying vocabularies has an advantage of tuning its performance.
For this reason, it allows one to operate with messages of smaller size or, alterna-
tively, enlarge the speed of LI when the “small-message” feature is not needed.
For the messages containing only one sentence, the accuracy of LI approaching
to 99% is achieved independently on the degrees of overlap among the languages
and the number of languages included into the LI system.
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Abstract. The advent of the WWW and distributed information sys-
tems have made it possible to share documents between different users
and organisations. However, this has created many problems related to
the security, accessibility, right and most importantly the consistency
of documents. It is important that the people involved have access to
the most up-to-date version of the documents, retrieve the correct doc-
uments and should be able to update the documents repository in such
a way that his or her documents are known to others. In this paper
we propose a method for organising, storing and retrieving documents
based on similarity contents. The method uses techniques based on in-
formation retrieval, document summarisation and term extraction and
indexing. This methodology is developed for the E-Cognos project which
aims at developing tools for the management and sharing of documents
in the construction domain.

Keywords: Document Consistency, Document indexation, Ontology

1 Introduction

The main activity of most PC users is about creating, managing, deleting and re-
trieving electronic documents. Thanks to the existing file management systems,
this organisation is performed using hierarchical structures. These structures
categorise documents using their properties. For example, we would create a
file “Lecture1.ppt” in the subdirectory “Lectures” which is itself a subdirectory
of the “Object-Oriented Design” subdirectory. In fact we are associating some
semantics to the created file. It is a lecture for the “Object-Oriented Design”
module. However, using strict hierarchical filing can make it hard for users to
perform the following operations [5]: File documents: documents can appear in
only one place; Manage documents: locations in the hierarchy is used for organ-
isational and management purposes; Locate documents: Document may be filed
according to one criterion but retrieved according to another; Share documents:
different structures for different people. The task becomes more complex when
dealing with various documents of one or many organisations. The problem be-
comes even more complex if the WWW is used as the place to exchange and
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�� Information Systems Institute
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organise these documents. Another major problem faced with shared documents
is consistency whereby everybody interested in the document should be aware
of any changes made to the document. Some systems have been developed to
address some of these issues. The Presto system [4,5] aims at creating placeless
documents and attempts to create a more natural and fluid forms of interaction
with a document space. DocMan [2] is a document management system which
supports cooperative preparation, exchange and distribution of documents. The
system particularly stressed on the loss of work done simultaneously on a docu-
ment and access restrictions. The Zelig System [3] was developed for managing
multiple representation documents.

In this paper we present a methodology for maintaining document consis-
tency using similarity content. This methodology is developed for the E-Cognos
project which aims at developing tools for the management and sharing of doc-
uments in the construction domain. The approach is based on generic principles
related to information retrieval and knowledge management. The aim of this
project is to exploit these principles to develop an approach that will support
consistency across large knowledge repositories maintained in a heterogeneous
and distributed collaborative business environment. The approach is based on
a solid theoretical foundation, and will be deployed in a real business environ-
ment. The remaining of the paper is organised as follows: in section 2 we present
the motivation and the background behind the project. Section 3 will define
the different types of document handled in this project. In section 4 we present
the generic model of the methodology used for poorly structured documents.
Sections 5 and 6 presents variants of the methodology for documents with text
formatting structure and highly structured documents. We end the paper with
a short conclusion.

2 Background and Motivation

Numerous documents of diverse nature are involved in the construction domain.
These documents are of two types: drawings and written documents. Drawings
are the straightforward media to convey most of the information needed by
construction companies and include a lot of information that can be hard to put
into a textual format. They are usually more formal and comprehensive than text
information. Moreover written documents are complementary to drawings, they
are the traditional support of an engineering project description. Some of them
such as building codes, examples of technical solutions, computation rules define
the legal context of a project. Others like technical specifications documents or
bill of quantities are generated by the engineering activities and often have a
contractual importance.

The documents generated within the entire life cycle of a construction project,
and especially during the design stage, need to be of quality in order to provide
a reliable basis for contractors to perform their construction activities. Docu-
ments of quality are obtained by ensuring, during their production, a coherent
and consistent structuring both on the logical and physical side. This structur-
ing is relevant in the sense that the semantics of a document can be efficiently
mastered and thus correctly described.
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Moreover, a document has not only to be self consistent but needs also to be
consistent with the entire project documentary base as well as the construction
standard and regulation base. Furthermore, many practitioners and researchers
in the construction domain have recognised the limitations of current approaches
to managing the knowledge relating to and arising from a project in a distributive
collaborative environment. Among the reasons for these limitations are:

– Much knowledge, of necessity, resides in the minds of the individuals working
within the domain.

– The intent behind decisions is often not recorded or documented.
– The knowledge gained during a project is often poorly organised and buried

in details. Hence, it becomes difficult to compile and disseminate useful
knowledge to other projects.

– People frequently move from one project to another, making it difficult to
track those involved in decision making.

Knowledge in the construction domain can be classified into the following three
categories:

– Domain knowledge: this forms the overall information context. It includes ad-
ministrative information (e.g. zoning regulations, planning permission), stan-
dards, technical rules, product databases, etc. This information is, in princi-
ple, available to all companies, and is partly stored in electronic databases.

– Corporate knowledge: this is company specific, and is the intellectual cap-
ital of the firm. It resides both formally in company records and infor-
mally through the skilled processes of the firm. It also comprises knowledge
about the personal skills, and project experience of the employees and cross-
organisational knowledge. The latter covers knowledge involved in business
relationships with other partners, including clients, architects, engineering
companies, and contractors.

– Project knowledge: this is the potential for usable knowledge and is the source
of much of the knowledge identified above. It comprises both knowledge
each company has about the project and the knowledge that is created by
the interaction between firms. It is not held in a form that promotes re-
use (e.g. solutions to technical problems, or in avoiding repeated mistakes),
thus companies and partnerships are generally unable to capitalise on this
potential for creating knowledge.

This overall context has often resulted in knowledge redundancy and in-
consistencies, business process inefficiencies, and change control and regulatory
compliance problems. Moreover, the introduction of new national regulations,
or amendments made to existing ones, are often not handled effectively within
organisations and projects.

3 Documents and Their Logical Representation

A document is a transitional and changing object defined within a precise stage
of the Project Life Cycle. Generally, a document is related to many elaborated
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documents of the Project Documentary Database. A document has one or many
authors. It is described by general attributes such as a Code, an Index, a Des-
ignation, a Date of creation and a list of the document’s Authors. Ideally, a
list of document versions also keeps memory of any amendments made to the
document during its lifecycle. An indexing system may be associated to the doc-
ument. A document is submitted for approval according to a defined circuit of
examiners representing diverse technical or legal entities. Each examiner issues
a statement that enables the document to be approved, rejected or approved
under reservation.

Documents have also been traditionally represented using a set of key words.
These key words or indices can either be manually defined by a user with a good
knowledge of the semantics of the document, or extracted automatically from
the text of the document using proven Information Retrieval (IR) techniques.

A document has a logical and a physical structure, which are both used to
convey in the best possible way its internal semantics. The physical structure
of a document is described using a properly defined syntax supported by one or
several software tools.

Each document should have ideally metadata attached to it. A possible solu-
tion for describing metadata is through RDF (Resource Description Framework -
a development based on XML) that provides with a simple common model for de-
scribing metadata on the Web. It consists of a description of nodes and attached
attribute/value pairs. Nodes represent any web resource, i.e. Uniform Resource
Identifier (URI), which includes URL (Uniform Resource Locator). Attributes
are properties of nodes and their values are text strings or other nodes.

Documents are classified based on their inherent nature and the structure
they exhibit taking into account the specificities of the domain; the construction
sector in the E-Cognos project. Three classes of documents have been identified,
namely: poorly structured documents, documents with a clear physical structure,
and highly structured documents.

Poorly structured documents are composed of text with no formal structure.
These constitute the vast majority of construction documentation. Documents
are treated here simply as black boxes. The set of amendments to this category
of documents include modifying the content of the document and deleting the
document.

Documents with a text formatting structure are documents that are tagged
using HTML, or at best XML but without reference to a Document Type Defini-
tion (DTD). A physical structure in the form of a hierarchical tree, or hypertext
link of nodes can, in theory, be easily generated from this representation. This
structure offers a variety of possibilities in terms of text retrieval. These doc-
uments include direct references to other documents/document sections. The
set of amendments to this category of documents include inserting a new docu-
ment element (heading, paragraph, section, etc.), deleting/modifying an existing
heading in a document.

Highly structured documents are instances of an XML-based meta-language.
These documents have a semantic structure that can easily be used as a basis for
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Fig. 1. System Overview for Poorly Structured Documents

text queries and retrieval. Ideally, we can envisage that all the documentation
that is used and produced be an instance of a specific XML DTD over which
users can exercise control over its internal semantics. These documents include
naturally direct references to other documents/document sections. The set of
amendments for this category of documents include: adding a new DTD element
to the DTD language, instantiating a new DTD element within a document and
deleting the instance of a DTD element within a document.

4 System Description

The general framework of the methodology, as shown in Figure 1, is for poorly
structured documents. The methodology is composed of 8 steps and these are
described in the following subsections. Step 0 is the entry point to the system. It
can be the submission of a new document or the re-submission of a modified doc-
ument. Both instances will go through the same process. A logical document is
used for searching and other document related operations. A Physical document
is only retrieved on users requests.

4.1 Document Cleansing Module

This step aims at reducing the document to a textual description by eliminating
non-discriminating words. The resulting document contains mainly nouns and
association of nouns that carry most of the documents semantics. A cleansed
document reduces drastically text complexity allowing better performance in
document retrieval and processing. This involves the following tasks:

– Lexical analysis of the text in order to treat digits, hyphens, punctuation
marks, and the case of letters. This reduces the initial document into a
subset of words that are potential candidates for index terms
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– Elimination of stopwords to filter out words with very low discrimination
values for retrieval purposes.

– Stemming the remaining words with the objective of removing affixes (pre-
fixes and suffixes) and preventing the retrieval of documents containing syn-
tactic variations of query terms, e.g. use, using, used, usage, etc.

4.2 Document Summarization

This step aims at providing a logical view of a document through summarization
via a set of semantically relevant keywords. These are referred to, in this stage,
as index terms. The purpose is to gradually move from a full text representation
of the document to a higher-level representation. This module is composed of
the following tasks:

Index Terms Extraction. In order to reduce the complexity of the text, as
well as the resulting computational costs, the index terms to be retained are:

– All the nouns from the cleansed text. It is in fact argued that most, if not
all, of the semantics of a text document is carried out by nouns as opposed
to verbs, adjectives, and adverbs.

– Noun groups (non-elementary index terms) co-occurring with a null syntactic
distance (number of words between the two nouns is null).

Extracting the Structure of the Document. This stage will only be possi-
ble if the document has been produced using a document formatting language,
including RTF, SGML, HTML and XML. Each node of the resulting hierarchical
structure will have an identifier that will be used to track nodes, their parents
and children. A node might contain other elements including references within
or outside the scope of the document, figures, tables, formulas, etc.

Establishing the Inverted File Structure of the Text. The purpose of an
inverted file structure is to track the position of each index term occurrence in the
text. The positions of index term occurrences can be tracked either on a word or
character basis, or on a physical position basis (by pointing to node identifiers
for example). The latter technique, referred to as Block Addressing, can only
be used where a physical structure of a document is available. It presents the
advantage of reducing space storage requirements. Documents with no clearly
defined physical structure will make use of word addressing. Two activities are
involved in this stage:

– Determining the raw frequency of each index term in the text; This is referred
to as intra-clustering similarity in the Vector Model [1,6,7]. This aims at
determining the number of times a term is mentioned in a document, as well
as the location in the document of the term occurrence.
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– Determining the number of documents in which each index term appears.
This aims at counting the number of documents of the Document Knowledge
Base (Project Knowledge Base and / or Corporate Knowledge base in which
the term appears).

Calculating the Index Term Weight for the Document. The purpose
here is to quantify the degree of importance in terms of semantics that the index
term has over the document. It is proposed that the formula defined for the
Vector Model [1,6,7] will be used.

4.3 Index Terms Expansion and Normalization
Using a Construction Thesaurus and Ontology

This steps aims at normalizing the index terms obtained from the previous stage
by using either direct ontology concept mapping wherever possible, or indirect
ontology mapping by using a thesaurus as described in Figure 2. If no direct
mapping exist between the initial index term and the list of ontology concepts
then the thesaurus is used to provide synonyms for each term. The synonyms are
used for indirect mapping. It is important to emphasise that the ontology is the
structure that is used to convey semantics and maintain knowledge consistency
across the project, corporate and domain layers. As such, the concepts of the
ontology are the unique reference for the E-Cognos platform.

Ontology Concept Expansion Based on Concept to Concept Relation-
ship. It is proposed in this methodology that the retained concepts be expanded
based on their ontological direct relationships. We distinguish three main types
of relationships:

– Generalisation/Specialisation Relationships
– Composition/Aggregation Relationship
– Concept association with varying semantics

Ontology Concepts Weighting. The ontology concepts resulting from a di-
rect document index term mapping, indirect index term mapping, or ontology
concept expansion need re-weighting. The following approach is proposed:

1. In case of a direct mapping the weight of the document index term is applied
as such to the ontology concept.

2. In case of indirect mapping or concept expansion, it is proposed that a
correlation factor be applied to the initial document index term weighting.
The correlation factor is obtained by the cosine of the angle between the
Index Term Vector and the Ontology Concept Vector. This is based on a
technique used in Query Expansion Based on Similarity Thesaurus [8].



92 Farid Meziane and Yacine Rezgui

Fig. 2. Index Terms Mapping Against the Ontology

4.4 Document Similarity Evaluation

The purpose of this step is to compare the similarity between a newly up-
loaded/processed document with the remaining documents (or knowledge items)
stored in the various knowledge repositories.

Document Similarity Calculation Against All the Document Set. The
purpose here is to provide a function that evaluates the similarity between two
documents. We adopt the following approach:

Let t be the number of index terms in the system and ki a generic index
term. K = {k1, k2, . . . , ki} is the set of all index terms. A weight Wi,j > 0 is
associated with each index term ki of a document dj . If an index term does
not appear in the document text then Wi,j = 0 . Therefore, with a document is
associated an index term vector:

−→
d j = (W1,j ,W2,j , . . . ,Wt,j)

Based on the document index term vector above, two documents di and dj are
represented as t-dimensional vectors. The approach adopted by the Vector Model
to evaluate the similarity between a query and a document by measuring the
correlation between their index term vectors is used. Furthermore, the similar-
ity between two given documents will be measured by the correlation between
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Table 1. An example of a Document Similarity Matrix

Doc A Doc B Doc C Doc D Doc E Doc F Doc G
Doc A 1 sim(B,A) sim(C,A) sim(D,A) sim(E,A) sim(F,A) sim(G,A)
Doc B sim(A,B) 1 sim(C,B) sim(D,B) sim(E,B) sim(F,B) sim(G,B)
Doc C sim(A,C) sim(B,C) 1 sim(D,C) sim(E,C) sim(F,C) sim(G,C)
Doc D sim(A,D) sim(B,D) sim(C,D) 1 sim(E,D) sim(F,D) sim(G,D)
Doc E sim(A,E) sim(B,E) sim(C,E) sim(D,E) 1 sim(F,E) sim(G,E)
Doc F sim(A,F) sim(B,F) sim(C,F) sim(D,F) sim(E,F) 1 sim(G,F)
Doc G sim(A,G) sim(B,G) sim(C,G) sim(D,G) sim(D,G) sim(E,G) 1

their index term vectors. This correlation can be quantified by the cosine be-
tween these two vectors. sim(di, dj) varies between 0 and 1. An example of an
illustration of the matrix is given in Table 1.

Establishing Document Clusters Based on the Similarity Table. The
purpose here is to propose clusters of documents based on their degree of sim-
ilarity. These clusters can directly be generated from the Document Similarity
Matrix proposed in the previous section.

4.5 Notifying the Constituents of the Document Base

The purpose of this step is to notify relevant documents of the knowledge base,
based on the nearest cluster(s), the potential risk of inconsistency that might
exist as a result of a new event (upload of a new document, amendment to an
existing document, etc.).

4.6 Notifying Relevant Actors

The purpose of this stage is for each potentially inconsistent document to notify
actors who have subscribed an interest into the document (including authors)
about this last event, and its potential degree of inconsistency. This notification
will be materialised by the sending of an XML-based description of the meta-
data of the newly created or amended document to all the concerned actors.

5 Maintaining Document Consistency
Based on Document Explicit Relationships

This case applies to documents that have a clear physical structure and make
use of hypertext navigational and cross-referencing links. Hypertext allows non-
sequential browsing and editing of text. It can be represented as a network of
nodes that are correlated by direct links in a graph structure. Each node is
associated with a block of text that can represent a paragraph, chapter, section,
or even a web page. Two related nodes are connected one to the other by a
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Fig. 3. Relationship Types in a Structured Hypertext Document

direct link, which correlates the text associated with these two nodes. This is
explicitly described in the text by a special tag, or a highlighted portion of the
text. Figure 3 describes the application of the method for this type of documents.
The proposed rules to apply are as follows:

Rule 1: if a node is amended then the node in question as well as the re-
cursive parents should be flagged as potentially inconsistent. For instance, if
paragraph P4 of document B in Figure 3 is amended then chapter b4 of docu-
ment B(Containment Relationship) and chapter C3 of document A (Referencing
Relationship) are potentially inconsistent, and should be flagged as such.

Rule 2: if a node is amended then the external nodes that are referencing
it might be potentially inconsistent. These external nodes should be flagged as
potentially inconsistent as they do reference an amended node. We consider that
it is up to the author to look after the consistency of the internal references of
the node being modified.

6 Maintaining Consistency
of Highly Structured Documents

Highly structured documents are best represented by XML DTD compliant doc-
uments. XML documents allow human and machine-readable semantics mark-
up. XML allows users to define new tags and impose data validation on them.
This raises the problem of having unified and standardised definitions of tags
used across documents. In that respect, it is highly recommendable to use a
standardised DTD for authoring XML documents. This is already an area of
intense activity (AECXML, bcXML, etc.). It is recommended in this approach
that the elements of a given XML DTD be interpreted semantically by indexing
them, by the author of the DTD, to the concepts of the ontology. Concepts that
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Fig. 4. XML Elements Indexing to the Construction Ontology

highly describe the semantics of the contents of the instance of the DTD element
are selected and retained by the DTD author(s) as this is a knowledge intensive
activity. Therefore, each DTD element will be associated and indexed to a set
of ontology concepts, as described in Figure 4.

In the same way, each ontology concept will be associated with a set of
indexing DTD elements. Let us take an example:

DTD Element A1 has ontology indexes: (Ont Con 1,Ont Con 3, Ont Con 4)
DTD Element A2 has ontology indexes: (Ont Con 2, Ont Con 4, Ont Con 6)
DTD Element A3 has ontology indexes: (Ont Con 4, Ont Con 6, Ont Con 8)

If an instance of a DTD Element is amended, then the ontology concepts that
index this element will be used to characterize this amendment. A simple but
not very effective approach is to flag all documents that index the same ontology
concepts of a document/or DTD Element instance that has been amended as
potentially inconsistent. Using this approach, instances of DTD Element A2 and
DTD Element A3 will be flagged as potentially inconsistent following an amend-
ment to DTD Element A1 .

A further step, which makes use of a more sophisticated approach, will at-
tempt to retain only the instances from the flagged DTD elements that contain
or reference the same ontology concept instance. This implies that the E-Cognos
platform maintains instances of ontology concepts throughout the system.

7 Conclusion

The work presented in this paper is an initial attempt to specify a methodology
for maintaining document consistency across the knowledge repositories of the
construction domain. The methodology uses generic principles related to infor-
mation retrieval and knowledge management that can be incorporated into an
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approach that supports consistency across large knowledge repositories main-
tained in a heterogeneous and distributed collaborative business environment.
E-Cognos aims at exploiting those principles to develop such an approach based
on a solid theoretical foundation, and to deploy it in a real business environment
in the context of the project partners. The methodology will be used in the
construction domain. However, the model is generic and should be applicable to
any other domain. Few changes might be necessary to take into account the na-
ture of the document of the new domain and the use of another ontology which
structure may influence some processes of the proposed model. A web-based im-
plementation will be used for the E-Cognos project and this methodology will
be implemented using Java and related technologies. It is also worth mentioning
that the proposed methods assume that all documents have been authored using
a common natural language. Moreover, the multi-lingual aspect of documents
has not been addressed at the moment but will be addressed at a later stage.
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Abstract. Text classification is becoming more and more important with the
rapid growth of on-line information available. It was observed that the quality
of training corpus impacts the performance of the trained classifier. This paper
proposes an approach to build high-quality training corpuses for better classifi-
cation performance by first exploring the properties of training corpuses, and
then giving an algorithm for constructing training corpuses semi-automatically.
Preliminary experimental results validate our approach: classifiers based on the
training corpuses constructed by our approach can achieve good performance
while the training corpus’ size is significantly reduced. Our approach can be
used for building efficient and lightweight classification systems.

Keywords: Text classification, training corpus, evaluation, construction.

1 Introduction

With the rapid growth of online information available, text classification has become
one of the key techniques for processing and organizing massive text repositories.
Text classification is a supervised learning process, defined as assigning category
labels (pre-defined) to new documents based on the likelihood suggested by a training
set of labeled documents [1]. This technique has been used to classify news stories [2],
to find interesting information on the Web [3], and to guide a user search through
hypertext [4], etc. In the past decades, text classification has been extremely studied
in machine learning, pattern recognition and information retrieval areas; a number of
approaches for text classification were proposed [1], which include decision trees [5],
regression models [6], kNN (k-Nearest Neighbor) classification [1,12], Bayesian
probabilistic methods [7], inductive rule learning [8], neural networks [9], Support
Vector Machines [10] and Boosting methods [11,13], to name a few. Obviously, re-
search in the past had focused on proposing new classification methods for better
classification performance (precision and recall). Once a new classification method
was proposed, it was evaluated over some commonly used text corpuses, and its per-
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formance was compared with that of the existing methods. Certainly, a newly pro-
posed method is usually advantageous over the existing methods somehow or other.

On the other hand, it was observed that even for a specified classification method,
classification performances of the classifiers based on different training text corpuses
(here we use training corpus and training text corpus equally) are different; and in
some cases such differences are quite substantial [7]. This observation implies that a)
classifier performance is relevant to it’s training corpus in some degree, and b) good
or high quality training corpuses may derive classifiers of good performance. Unfor-
tunately, up to now little research work in the literature has been seen on how to ex-
ploit training text corpuses to improve classifier’s performance.

With this consideration in mind, in this paper, we study the following two prob-
lems. The aim is to explore practical approach to enhance classifier performance from
the point of training text corpus’ view.

– How to evaluate a training corpus, or how to measure the quality of a training cor-
pus and compare the qualities of two different training corpuses? More simply,
what training corpus is good or bad as far as classifier training is concerned? Some
measures are necessary for evaluating the quality of training corpuses.

– How to construct training corpuses of high quality? Currently, training corpuses for
text classification research were collected and compiled manually [14,15, 16]. But
constructing text corpus manually is time-consuming and expensive. What is more,
there is no method available to guarantee the quality of the constructed corpuses.

Contributions of this paper are in three aspects: first, three properties of training
corpuses are proposed for evaluating training corpuses’ quality; then based on the
proposed properties, an algorithm is designed for constructing training corpuses of
high quality semi-automatically; and finally, experiments are conducted to validate
the proposed approach.

Note that in this paper the vector space model (VSM) is used as document repre-
sentation model and kNN is the default classification method. The rest of the paper is
organized as follows. Section 2 introduces three properties of training corpuses for
evaluating training corpuses’ quality; and Section 3 describes an algorithm for con-
structing training corpuses of high quality semi-automatically; Section 4 presents
some experiments to evaluate the proposed approach; and finally Section 5 concludes
the paper and outlines some future research directions.

2 Properties of Training Text Corpuses

Before exploring the properties of training corpuses, we give a formal definition of
the text classification problem in a general sense.

Definition 1.  A text classification system (or simply TCS) can be described as a 5-ary
tuple, that is, TCS=(CS, TC, CM, PM, CF). Here,
1) CS indicates the pre-specified class space, it consists of a set of predefined

classes, i.e., CS={c1, c2, …, cn}. For simplification of analysis, in this paper we
assume that CS has flat structure (rather than hierarchy), that is, all classes in CS
are in the same conceptual level and semantically disjointed. Besides explicit
classes structure, CS also implies the semantic contents of these classes, i.e., all
documents possibly included in these classes. We denote Docs(CS) all documents
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possibly implied in CS, and specifically, Docs(ci) all documents implied in class
ci. Naturally, we have Docs(CS)= Docs(c1)∪Docs(c2) ∪…∪Docs(cn).

2) TC means the training corpus, it consists of training documents that distribute
over the classes in CS. Here, we denote docs(TC) all documents in TC; and spe-
cifically docs(ci) the subset of documents in TC that belong to class ci. Analo-
gously, docs(TC)=docs(c1)∪docs(c2) ∪…∪docs(cn). Obviously, docs(TC)⊂
Docs(CS), and docs(ci)⊂Docs(ci) (i=1-n). Note we define docs(•) and Docs(•) as
different functions. The former is used for concrete training corpuses; and the
latter is for class space.

3) CM, PM and CF stand for classification method, classification performance
measurement and the trained classifier respectively.

4) Among these TCS elements above, the following relationships exist:
CFTCCSCM →),(: ;

+→ RdocstestCFPM )_,(: .
Above, test_docs stands for a set of test documents. The first formula reflects the
process of classifier training, which maps the training corpus of a certain class
space to a certain classification model (or classifier) based on the specified clas-
sification method. The second formula represents the process of classifier
evaluation. Usually, research on text classification is to find classification
method with which a classifier is trained so that PM(CF, test_docs) can be
maximized as much as possibly. However, in this paper we are to explore how to
build training corpuses so that the trained classifier can achieve optimal PM(CF,
test_docs). That is the major difference between our work and the research in the
literature.

According to the vector space model (VSM), given a set of document features (or
indexed terms of the training corpus) {t1, t2, …, tn}, each document in training corpus
can be represented by an n-dimensional vector, in which each dimensional component
stands for the weight of the corresponding document feature. For document d, we

have ),...,,( 21 nwwwd =
�

, here wi (i=1-n) is the weight of ith feature ti. We assume

that all document vectors are normalized into unit length, and the inner product of two
document vectors are used to measure the similarity coefficient between the corre-

sponding two documents, that is, .),( 2121 ddddsim
��

•=
From the point of geometry view, every document is equivalent to a unit vector in

document space (n-dimensional space, or hyperspace). Basically, documents in the
same class are relatively closer with each other in document space compared to those
not in the same class, that is, distances (or similarities) among them are relatively
smaller (or larger). It can be seen that document vectors of the same class form a
relatively dense hyper-cone in document space, and a training corpus corresponds to a
number of hyper-cones, each of which corresponds to a class. Certainly, different
hyper-cones may overlay with each other. Fig. 1 illustrates an example of training
corpus with only two distinctive classes in 3D document space.

We denote Vol(Docs(ci)) the volume of space occupied in document space by all
document vectors of class ci, which roughly corresponds to the space volume of the
hyper-cone formed by all document vectors of that class. Analogously, we denote
Vol(docs(ci)) the volume of space occupied in document space by the training docu-
ment vectors of class ci of a given training corpus.
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Class C1

Class C2

t1

t2

t3

o

Fig. 1. Training corpus with two distinctive classes in 3D document space

Here, we treat Vol(Docs(ci)) equally to the semantic content of class ci. The reason
lies in the observation: once class space CS is given, then semantic content of each
class in CS as a whole is settled. Considering that in document space, each class cor-
responds to a relatively dense and bounded hyper-cone area, correspondingly the
volume of space occupied in document space by all document vectors of each class is
determined, even though the number of all possible documents implied in each class
is unknown and unlimited.

Analogously, given a training corpus, the number of documents included in each
class is also given; subsequently the volume of space occupied in document space by
training document vectors of each class is also decided. However, for an arbitrary
class ci, Vol(docs(ci)) is only part of Vol(Docs(ci)); in other words, the training docu-
ments of class ci represent only partial semantic content of class ci. Theoretically,
Vol(docs(ci)) can infinitely reach Vol(Docs(ci)) as the number of training documents
in ci increases.

Semantically, to describe the partial relation of training corpus with the class space,
we propose the coverage property for training corpuses as follows. As we have as-
sumed that all classes of a training corpus is semantically disjointed, when exploring
the properties of training corpus, we will first focus on a single class, and then ad-
vance to the whole training corpus.

Definition 2.  For class ci (i=1∼n) of training corpus TC with class space CS={c1, c2,
…, cn}, its coverage is the ratio of Vol(docs(ci)) over Vol(Docs(ci)) in document space,
i.e., Vol(docs(ci)) / Vol(Docs(ci)), and we denote it coverage(ci). To put this definition
to the whole training corpus, we have

∑∑
==

=
n

i
i

n

i
i cDocsVolcdocsVolTCerage
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))).((()))((()(cov
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Generally speaking, this coverage definition is purely qualitative. First, although
Vol(Docs(c)) is deterministic in document space, we have no way to definitely know
how much it is; second, it is difficult for us to calculate Vol(docs(c)) even docs(c) is
given. However, in next section we will give an algorithm for detecting the changing
of coverage of a given class after the number of training documents increases or de-
creases. Fig. 2 illustrates an imaginary training corpus with two classes in 2-D space.
The area enclosed by solid line is the whole space of a class, and the shadowed area
represents the training instances. Coverage(c1) and coverage(c2) approximate to 0.25
and 0.33 respectively.

C1

C2

t1

t2

O

Fig. 2. A training corpus with two classes in 2-D space

Generally, given a training corpus, the larger its coverage is, the richer its semantic
content is, and the more discriminative the training corpus is, as far as classification is
concerned. However, coverage is not necessary directly related to the number of
documents in the training corpus. For example, suppose we have two versions of a
training corpus, this first one contains 100 documents, and the second has 200 docu-
ments, only the additional 100 documents in the second version are a copy of the first
version. In such a case, the first version and the second version have similar coverage
even though the number of documents in the second version doubles that in the first
version.

For a training corpus, coverage reflects the relative covering scope of training
documents in document space, it does not shed any light on how the training docu-
ments are distributed in document space. For that, we propose another property of
training corpuses, i.e., density. Intuitively, for documents in a class, if the average
distance (or similarity) of documents to their k nearest neighbors (documents) in that
class is small (or large), then the class is dense; otherwise, it is sparse. The following
definition of density is based on averaged similarity.

Definition 3.  For class ci (i=1∼n) of training corpus TC with class space CS={c1, c2,

…, cn}, its density is represented by a 2-ary tuple ),( ss σ�
, and we denote it den-

sity(ci)= ))(),(( isi ccs σ�
. Here,
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Above, kNN(dj) indicates the k nearest neighbors of dj in class ci; and |ci| is the size of

class ci; ))(,( jj dkNNdsim  is the average similarity of dj to its k nearest neighbors.

For the whole training corpus, we have ))(),(()( TCTCsTCdensity sσ�= , and
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Obviously, density defined in definition 3 measures not only the averaged distribu-
tion of training documents in document space, but also the skewness of the distribu-
tion. The denser the training corpus is, the closer the k-nearest documents in the same
class are to each other averagely. As two documents draw closer and closer in docu-
ment space, they are more and more semantically similar. When the similarity be-
tween two documents reaches a predefined threshold, we may regard them as seman-
tically similar documents, and they are redundant to each another.

Definition 4.  Given a similarity threshold Sr (0<Sr ≤1), two documents di and dj are
redundant document to each other if sim(di, dj)≥ Sr.

We give an algorithm to calculate the set of redundant documents as follows.

Algorithm 1.  Calculate the set of redundant documents in a training corpus TC
Input: class space {c1, c2, …, cn} and training documents docs(TC).
Output: redundant documents set red_docs;
Process:
1) red_docs =Φ;
2) FOR each class ci DO
3)  S=Φ; take the first document d1 from docs(ci) and let S=S∪{d1};
4)  FOR each document di (di is not included in S and red_docs) in docs(ci) DO
5)   IF there exists a document dj in S, di and dj are redundant to each other, THEN
6)     red_docs = red_docs ∪{ di};
7)   ELSE S = S ∪{ di};
8) RETURN red_docs.

As far as classification is concerned, we would not like the size of training corpus
to be too large, because large training corpus consumes more storage space and com-
putation resources while carrying out classifier training and evaluating. It occurs to us
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that a training corpus should keep useful documents and discard those of redundancy
as many as possible. To expose this issue more clearly, let us split hierarchically a
concept class c top down to the smallest distinguishable semantic granularity, then we
will get a concept hierarchy with class ci as its root node, and a set of leaf classes {cl1,
cl2, …, clm}. Training documents of class ci should fall into the set of leaf classes of ci:
{cl1, cl2, …, clm}. We do not expect that each leaf class will contain training documents
because the number of training documents is limited. However, we do hope that each
leaf class contains at most one training document; otherwise, there are redundant
documents in the training corpus of class ci. To avoid redundancy in training corpus,
each training document should be representative of a distinct semantic unit of class ci.
With this in mind, we introduce the third property of training corpus: representative.

Definition 5. For class ci (i=1∼n) of training corpus TC with class space CS={c1, c2,

,…, cn}, its representative indicates how many of its training documents are semanti-
cally distinctive in the semantic space of that class, we denote it representative(c) ,
which is evaluated with the following formula:
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Here, red_docs(ci) indicates the numbers of redundant documents in class ci. Simi-
larly, advancing this definition to the whole training corpus, we obtain
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Suppose there is a training corpus contains 100 documents, in which 10 documents
are redundant documents, so its representative is 0.9, which means that in the training
corpus only about 90% documents are semantically distinctive.

Up to now, we have proposed three properties of training corpuses for evaluating
their quality. Coverage reflects the scope that training corpus covers document pace
of these classes in question; density measures distribution of training documents in
document space; and representative indicates how many of the training documents are
semantically distinctive in the training corpus. Given a training corpus and its cover-
age, the larger the number of documents in the corpus is, the smaller its representative
may be, and most possibly, the higher its density is. A good training corpus should
have large coverage, high representative, and even density.

3 An Algorithm for Training Corpus Construction

As mentioned above, a good training corpus should have large coverage, high repre-
sentative, and even density. Then, how to construct such a corpus? That is the aim of
this section. Intrinsically, corpus construction is an incremental process. Our approach
is to control the quality of training corpus during the construction process so that
coverage keeps growing, representative and density maintain reasonable as new
training documents are added into the corpus under construction. The key problem
here is to detect whether the coverage of the training corpus under construction is



104      Shuigeng Zhou and Jihong Guan

increasing. Obviously, calculating coverage according to definition 2 is impractical.
Here we adopt an indirect way. Given class c and its training documents set docs(c),
when a batch of new documents δ-docs(c) are added into c, two cases may arise:

1) Coverage has no change, which means that the newly added documents either are
redundant documents of the existing documents or just fill in the sparse space of
the corpus in document space, subsequently causing higher density and possibly
worse representative;

2) Coverage increases, which indicates that the boundary of the hyper-cone corre-
sponding to the corpus in document space has been extended. So we can detect
coverage changes by detecting the changes of the boundary of the corpus in
document space.

The boundary of the training corpus of a specified class can be represented roughly
by a number of representative documents near the boundary area. To detect the
changes in training corpus’ boundary, we need only to detect changes in the set of
representative boundary documents. Following is an algorithm to implement this idea.

Algorithm 2 is used to select a number of representative boundary documents from
a given set of training documents of a certain class. In this algorithm, three functions
are called. CenterOf(c) is used to calculate the center vector of class c; Furthest-
From(do) is responsible for finding the document in c that is furthest from do; and
FurthestFromBoth (d1, d2) is dedicated to select the document from c that is furthest
from d1 and d2.
Algorithm 2.  Select boundary documents
Input:  the number of boundary documents to be selected: Bd_Num;

the set of training documents of a given class c: docs(c);
Output: the set of selected boundary documents: B;
Process:
1)  do =CenterOf(c); d1 =FurthestFrom (do); d2 =FurthestFrom (d1);
2)  d3 =FurthestFromBoth (d1, d2);
3)  B={d1, d2, d3};
4)  BD={d1, d2}; ND={d3}; N=Φ; Finish=False;
5)  DO WHILE(Finish=False) {
6)    FOR each document di in ND DO {
7)      FOR each document dj in BD DO {
8)        dk =FurthestFromBoth (di, dj);
9)        IF dk is not in B THEN {
10)         B= B∪{ dk };
11)         IF | B |≥ Bd_Num THEN {
12)           Finish=TRUE; break;}
13)         ELSE N= N∪{dk};}
14)     }
15)     IF Finish=TRUE THEN break;}
16)   BD=BD∪ND; ND=N; N=Φ;}
17) RETURN B.

Now we give an approach for constructing training corpus semi-automatically. We
adopt an incremental and class-by-class strategy to construct training corpuses. We
term it as semi-automatic approach because a raw training corpus must be provided in
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advance for constructing the target training-corpus, and the size of the raw corpus
should be far larger than that of the target corpus. The reason why our approach can
obtain high-quality training corpus is that at each step when new documents are added
to the corpus, our approach tries to keep documents contributing to improve coverage,
meanwhile discard redundant documents. The major steps of our approach are as
follows (only one class is considered).

1) Select a certain number of training documents (without redundant documents)
from the raw training corpus (RTC) as the initial training documents (or seed
documents) of the target training corpus (TTC);

2) Calculate the center vector of the current version of TTC;
3) When a batch of new documents are added to the existing TTC, take the old

center vector as the center of the augmented corpus, select the set of boundary
documents from the new corpus by using algorithm 2. At this time, the number
of boundary documents selected increases by a number that is in proportion to
the number of the added new documents. Note that at this step the new docu-
ments are not really included in the TTC, even though they join the selection of
boundary documents.

4) Among the newly added documents, some are boundary documents of the aug-
mented corpus, we formally adopt these documents to TTC; some are redundant
documents of the updated TTC, we give up these documents; for the rest docu-
ments, all are included into TTC.

5) Check whether or not TTC reaches the desired size or documents of the consid-
ered class in RTC are run out of. If not, go to 2); otherwise, stop.

Algorithm 3 is an implementation of the steps above. It is used for constructing
training corpus for a given class. To construct training corpus of multiple classes, we
need only to utilize algorithm 3 repeatedly over the classes in question.

Algorithm 3.  Semi-automatically constructing training corpus of a given class
Input: text class: c;

raw training corpus: RTC;
the initial size of the target training corpus (TTC): m;
the number of documents added to training corpus at each time: k;
maximum size of TTC: max_size;
ratio of the number of boundary documents over the total number of
documents in a corpus: r;

Output: target training corpus: TTC;
Process:
1) let TTC =the set of m training documents (without redundant documents) of class

c randomly selected from RTC;
2) S=TTC;
3) calculate the center vector do of S; N =Φ; NS =Φ; NB=Φ;
4) take k new training documents of class c from RTC, and put them into N; let

NS=S∪N; RTC=RTC-N;
5) let do be the center of NS, select |NS|*r boundary documents from NS , and put

them to NB;
6) for each document d in N do
7)   if d∈NB then N=N-{d};
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8) NS=NS-N;
9) for each document d in N do
10)   if d is not redundant document of NS then NS=NS+{d};
11) S=NS;
12) if |S|<max_size and |RTC(c)|≠0 then goto 3);
13) TTC= S;
14) return TTC.

4 Preliminary Experiments

We use a Chinese text corpus for experiments because we have been doing research
on Chinese text classification [12,13]. Statistic information about the text repository
TR1 is listed in Table 1. TR1 contains totally 1493 documents that belong to 5 dis-
tinctive classes. It consists of news documents from the People’s Daily and the Xin-
hua News. Among the documents in TR1, about 80% (selected randomly) are used for
training classifiers; and the rest 20% used for test. These two sets are termed TR1-80
and TR1-20. From TR1-80, we constructed a training corpus using the proposed ap-
proach in this paper, which is termed TR1-80-constructed. TR1-80, TR1-20 and TR1-
80-constructed are listed in the third, fourth and fifth column of Table 1 respectively.

Table 1. Text repository TR1 and its derived datasets statistics

Documents number

Classes
TR1 TR1-80

(80% of TR1
for training)

TR1-20
(20% of

TR1 for test)

TR1-80-constructed
(Constructed from

TR1-80 by using our
approach)

Politics 617 494 123 289
Sports 350 280 70 134

Economy 226 181 45 121
Military 150 120 30 86

Arts 150 120 30 90
Total number 1493 1195 298 720

Three classifiers are evaluated: classifier-1 and classifier-2 are trained with TR1-80
and TR1-80-constructed respectively, while classifier-3 is trained with a dynamically
compiled training corpus TR1-80-random, which is constructed by randomly selecting
training documents from TR1-80 and requiring each class contains the same number
of training documents as that in the corresponding class of TR1-80-constructed. In
other words, TR1-80-random and TR1-80-constructed have similar size both for each
single class and as a whole, only they are constructed by different approaches.

kNN method is used for text classification with k=15, 500 document features are
used for each classifier, and information gain method is used for feature selection.
The aim of experiments is to compare the three classifiers’ performance. We expect
that classifier-2 outperforms classifier-3 and is in the same level of performance as
classifier-1. Experimental results validate our expectation.

Table 2 provides the experimental results. Two commonly used performance pa-
rameters, precision and recall are used for classification performance evaluation.
Note that TR1-80-random is constructed by randomly selecting documents from TR1-
80, we do 10 trials and average performance measures over the 10 trials.
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Table 2. Experimetal results

Performance comparisonClassifier
Precision Recall

Classifier-1 92% 90%
Classifier-2 90% 89%
Classifier-3 84% 85%

From Table 2, we can see that classifer-2 outperforms classifier-3 even though
their training corpuses have similar size. The difference stems from the fact that their
training corpuses are different in quality. On the other hand, classier-2 is close to
classifier-1 in performance although the former uses a training corpus (TR1-80-
constructed) that contains only about 60% documents of the latter’s training corpus
(TR1-80). The results show that our approach for training corpus constructing can
produce high-quality and condensed training corpuses with which high performance
classifiers can be trained. That’s really a good result for large training corpuses that
will cause high computation and storage cost in both the training phase and the test
phase.

5 Conclusion and Future Work

Although research in the pass years had shown that training corpus could impact clas-
sification performance, little work was done to explore the underlying causes. This
paper tries to propose an approach to build semi-automatically high-quality training
corpuses for better classification performance by first exploring the properties of
training corpuses, and then giving an algorithm for constructing training corpuses
semi-automatically. Experimental results validated our approach: classifiers based on
corpus constructed by our approach can achieve excellent performance while the
training corpus is significantly condensed, which can lead to lightweight and high
efficient classifier systems. Nevertheless, we also realize that this paper is only a
starting point of our research in this direction. Some open problems still exist. In the
future, we will extend this research in two directions: on one hand, carrying out more
experiments to validate our approach, especially experiments over English text
benchmarks, such as Reuters datasets [1]; on the other hand, studying further proper-
ties of training corpses, especially, the properties between training sets of different
classes; and exploring more efficient algorithms for training corpus building.
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Abstract. Predicate calculus treats determiner-noun sequences like the man, ev-
ery man, or several men as ‘quantified noun phrases.’ This analysis in terms of
quantifiers, variables, and connectives creates a major structural difference com-
pared to the handling of proper names. The modeling of natural language com-
munication in database semantic (dbs), in contrast, treats the functor-argument
structure as primary, regardless of whether an argument is of the sign type symbol
(determiner-noun sequence), name, or indexical (pronoun). The meanings car-
ried by different determiners are reanalyzed as controlling the matching between
nominal symbols and individuals, or sets of individuals, at the level of context.
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Abstract. This paper describes a method and a system OntoQuery
for content-based querying of texts based on the availability of an ontol-
ogy for the concepts in the text domain. A key principle in the system
is the extraction of conceptual content of noun phrases into descriptors
forming an integral part of the ontology.
The retrieval of text passages rests on matching descriptors from the text
against descriptors from the noun phrases in the query. The match need
not be exact but is mediated by the ontology, invoking in particular tax-
onomic reasoning with sub- and super concepts. The paper also reports
on a prototype implementation of the system.

1 Introduction

This paper describes an approach to querying text sources based on extracting
and evaluating semantic content given a formal ontology for the text domain.
The method is developed in the OntoQuery project [2,23,5] (short for ontology-
based querying) and is being tested with prototypes.

Traditional search engines depend more or less exclusively on recognition of
keywords or patterns of keywords in the text material. By contrast, OntoQuery
addresses retrieval of pertinent text segments based on the conceptual content of
the text. Queries take the form of natural language expressions and the system
is primarily intended to retrieve text segments whose semantic content matches
the content of noun phrases in the query phrase.

This means first of all that lexical synonyms and morphological variants must
be recognized. However, paraphrases in a broad sense including conceptual gen-
eralisations and specialisations must be recognised; this calls for partial syntactic
and semantic analysis of the phrases.

B. Andersson et al. (Eds.): NLDB 2002, LNCS 2553, pp. 123–136, 2002.
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The semantic analysis is based on a domain-specific ontology for the target
domain of the text set up prior to the text analysis. The presence of an ontology
in particular permits identification and exploitation of conceptual specialisations
and generalisations which are crucial to the conceptual structuring of the target
domain. More generally, the ontology makes it possible to introduce the notion
of conceptual distance between the conceptual content of a pair of noun phrases,
thereby ranking the phrases matching the query.

Like OntoQuery, the project OntoSeek [10] addresses content-based
search by incorporating an ontology into the system. In OntoSeek, the on-
tology is used to help users interactively construct precise and unambiguous
descriptions of resource texts and formulate unambiguous queries which may
subsequently be generalised or specialised. By contrast, in OntoQuery we aim
at fully automatic generation of descriptors of text and queries formulated in
natural language and generalisation / specialisation is used for ranking matches
rather than reformulating queries.

Interesting results have been reported recently in the new domain combin-
ing Natural Language Processing and indexing for Information Retrieval. The
current OntoQuery prototype especially has similarities to the term extrac-
tion principles introduced in [11] and [12]. However, our approach differs on two
points: the introduction of the ontology and the key role this ontology plays in
extraction and seeking.

Expansion of concepts in queries and texts by exploiting semantic similarity
in wordnets has also been experimented with in projects dealing with English,
applying among other sources Wordnet [32], [33], [30] as well as EuroWord-
Net [9].

The rest of the paper is organised as follows: Section 2 and 3 introduces
the descriptors and their embedding in the ontology by means of a notion of
ontological grammar. Section 4 presents the lexicon used in the system. Sec-
tion 5 describes disambiguation of noun phrases, whereas section 6 considers
semantic relations as part of descriptors. Finally section 7 and 8 describe the
query-matching process and the prototype implementation, respectively.

2 Mapping Noun Phrases into Descriptors

The aim of the linguistic and conceptual analyses of the text is to identify the
possibly complex concepts corresponding to the noun phrases occurring in the
text and to ensure that noun phrases with (nearly) identical conceptual content
with respect to the ontology receive the same description. This goal clearly goes
beyond synonym recognition and identification of morphological variants: It calls
for a more comprehensive linguistic and ontological analysis of the text material.

The choice of focussing on noun phrases is motivated by the fact that these
have clear conceptual content that can be captured in an ontology-based frame-
work. Verb phrases, on the other hand, are not taken into account since they
do not fit easily into ontological structures shaped by conceptual inclusion rela-
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tionships1. For the same reason, our analysis is further restricted to those parts
of the noun phrase that contribute to its conceptual content, i.e. the head noun
and the modification provided by adjectives, genitive phrases and prepositional
phrases. For the moment we exclude articles, numerals, and relative clauses.

The OntoQuery approach consists of translating noun phrases into ontolog-
ical descriptors formally shaped as frames (feature structures) and representing
compound concepts. For instance, lack

[
wrt: vitaminD

]
represents the ontolog-

ical semantics of phrases such as “lack of vitamin D”, “deficiency with respect
to vitamin D”, “vitamin D deficiency”, and possibly others. As an extra com-
plication in Danish (and many other languages) N-N compounds are spelt as
one word, raising the problem of splitting compounds into their proper lexical
elements.

Nested descriptors are also supported, e.g. disorder [cby: lack [wrt: vitaminD]]
for “disorders caused by/due to lack of vitaminD”.

Ontological reasoning mechanisms must recognise, say lack
[
wrt: vitaminD

]
as a conceptual specialisation of lack

[
wrt: vitamin

]
assuming that vitaminD is

given as a specialisation of vitamin in the ontology.
In noun phrases the focus is on the conceptual contributions from nouns (in-

cluding decomposed compounds), adjectives, prepositional phrases, and genitive
constructions.

3 Situating Descriptors in Ontologies

Our ontologies are basically structured as taxonomies, that is, using the concep-
tual inclusion relationship (isa). This ontology (termed the “skeleton ontology”)
reflects the repertoire of nouns (including proper nouns and deverbal nouns) in
the applied lexicon.

A salient feature of our approach is that the taxonomic ontology is enriched
with descriptors attached to the nodes in the ontology [19]. Thus noun phrases
are each mapped onto a node in the so called generative ontology whose poten-
tially infinite structure is generated by means of a set of rules constituting an
ontological grammar [21,20].

The underlying formal theoretical basis for this representation is an extended
relation-algebraic logic OntoLog (akin to description logic) outlined in [18]. In
this logico-algebraic framework the skeleton taxonomy becomes a distributive
lattice, which is able to cope with multiple classifications.

The general form of descriptors ϕ are multi-entry feature structures

c


a1 : ϕ1
...
am : ϕm




where the attribute names are semantic roles.
1 We recognise, however, that a strategy for including at least domain-relevant verbs

in the descriptions may improve the search results.
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In the logico-algebraic conception the attribute names are binary relations
imposed on the lattice and the descriptors are composed by means of the lattice
meet operation, which set-theoretically expresses intersection. This implies that
the entries act as specialisations of the head concept c.

In OntoQuery, the SIMPLE semantic lexicon described next is adopted
as a pragmatic basis in which static table entries replace the logico-algebraic
generative ontology framework outlined above.

4 The Semantic Lexicon

The lexical backbone in the project, which contributes to the descriptors, is
constituted by the Danish SIMPLE lexicon enhanced with domain-specific ex-
tensions.

The EU-project SIMPLE (Semantic Information for Multifunctional Plurilin-
gual Lexicons) aims at providing harmonised semantic lexicons for Natural Lan-
guage Processing for 12 European languages [16]. The language specific encod-
ings in SIMPLE are performed on the basis of a unified, ontology-based semantic
model - the so-called SIMPLE model - representing an extended qualia struc-
ture based partly on Pustejovsky [29], partly on experience in previous lexical
projects such as Genelex, WordNet [32,33], and EuroWordNet [9]. A gen-
eral design model is provided allowing for the encoding of a large amount of
semantic information such as ontological typing, domain information, semantic
relations, argument structure, event structure and selectional restrictions.

In SIMPLE, the possible value types of the qualia roles have been extended
to encompass more fine-grained distinctions between a large set of semantic
types. For each qualia role a set of optional semantic relations and features
have been established and so-called templates have been elaborated for each
ontological type in order to suggest which type-defining relations and features
this particular type should include. For abstract concepts like time concepts, this
extended qualia structure facilitates a fairly rich semantic description as seen in
the lexical entry for vinter (winter) in Figure 1, where the constitutive role in
particular is rich in information2 (for more information on the Danish SIMPLE
lexicon cf. [26] and [27]).

The most important part of the encoding with regard to application in the
current OntoQuery system, is constituted by the ontological typing and the
formal role (is a). Thus, for the concept vinter (winter) the ontological type
Time as well as its closest supertype årstid (season of the year) are the features
currently exploited by the system in analysis and search.

5 Disambiguating Noun Phrases

The disambiguation of noun phrases is handled by the ontological grammar,
which defines ontologically admissible combinations of concepts and semantic
2 Please observe that in this section we focus on the Danish lexicon of concepts and

therefore refer to the relevant concepts in Danish. Whenever we refer to the SIMPLE
ontology, however, or when we refer to concepts in more general terms in the rest of
the paper, we apply English concept names.



Ontological Extraction of Content for Text Querying 127

Semantic unit vinter (winter)
Definition: den koldeste og mørkeste årstid, som kommer

efter efter̊aret og før for̊aret, og hvor der kan
falde sne (the coldest and darkest season of
the year where there ... ?

Corpus example : Den usikre politiske situation sidste vinter
ødelagde alle forventninger om en stigning i salget
(The uncertain political situation last winter spoiled all
the expectations of an increase in the sale)

Ontological Type: Time
Supertype: Abstract Entity
Domain General
Formal quale: is a = årstid (season of the year)
Agentive quale: Nil
Telic quale: Nil
Constitutive quale: Nil

Is a part of = år (year)
Has as part of = vintermåneder (winter months)
Iterative = yes
Successor of = efter̊ar (autumn)
Punctual = underspecified

Complex: Nil
Synonymy: Nil

Fig. 1. Lexical entry for vinter (winter)

roles. For instance, the noun phrase lack of vitamin D in winter is syntactically
ambiguous between a “situation of lacking vitamin D obtaining at winter time”
versus an interpretation combining the temporal specification “at winter time”
with vitamin D. The latter interpretation is obviously ontologically inadmissible
since temporal qualifications cannot be ascribed to substances [14,21]. Hence,
the appropriate descriptor generated by the ontological grammar has to be

lack
[
wrt: vitaminD
tmp: winter

]

rather than the corresponding nested descriptor

lack
[
wrt: vitaminD

[
tmp: winter

] ]
The specific formulation and implementation of the ontological grammar are

still under discussion. Among the formalisms taken into considerations are Con-
text Free Grammars, Extended Relation Algebras, E/R-diagrams, Description
Logic, and typed feature structures. Currently, the project is exploring the suit-
ability of a typed feature-structure formalism for the task of implementing a
conceptual grammar. Typed feature structures, as implemented for instance in
the LKB system [16], support the definition of concept ontologies as well as the
expression of selectional restrictions associated with the concepts.
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Fig. 2. Semantic relations

6 Semantic Roles as Semantic Relations

The semantic roles appearing as attributes in descriptors in this paper are part
of a list of abstract, general-purpose roles originating in Fillmore’s case roles [8].
In OntoQuery the semantic roles are conceived of as binary semantic relations,
and the set of relations to be used is subject to discussion. The inventories of
relations used in various approaches of lexical semantics (a. o. SIMPLE) and
terminology (e.g. [22]) are taken into consideration. This work constitutes an
attempt to arrive at a universal set of relations, including an account of their
logical properties, for use both in ontological semantics for natural language and
in ontological reasoning and search. So far, a hierarchical ordering of relations
(an ontology of relations) has been proposed in [17], see figure 2.

The hierarchy needs further elaboration, for instance the TMP-relation be-
tween lack of vitamin D and winter in the above example is not covered by the
proposed temporal relation types. Furthermore, not all the terms used are ad-
equate, e.g. the term “activity” should probably be altered to “event” in order
to capture the WRT-relation between lack and vitamin D as an event-patient
relation rather than an activity-patient relation.

The hierarchy of relations may be used as a refinement of the conceptual
distance measure to rank two concepts otherwise equally distant from a third
in the ontology. A text containing the noun phrases vitamin D produced by the
liver would get the descriptor vitaminD [agent-result: liver], while vitamin D
in the liver would get vitaminD [entity-static-location: liver].
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In the ontology both of these concepts are immediate daughters of vita-
minD and will thus be equally distant from another sister concept, e.g. vitaminD
[source: liver] (corresponding to the noun phrase vitamin D in liver). In order
to rank the first two descriptors with respect to their distance from the third,
it is necessary to look at the distance between the relations in the relation hier-
archy. Experiments will have to be carried out to evaluate the usefulness of this
relational distance measure.

7 Querying

In the present approach ontology-based querying relies on comparison of a de-
scription of the query with descriptions of texts from the database. Queries and
texts are mapped onto descriptors organized in structures called “descriptions”.
Descriptions are sets of sets of descriptors of the form:

D = {D1, . . . , Dn} = {{D11, . . . , D1m1}, . . . , {Dn1, . . . , Dnmn}}
where the Dis are a sets of descriptors Dij , j = 1, . . . ,mi. Descriptions are
derived at the level of sentences. Each Di corresponds to an NP in the text
described, and, as it appears, it may embed one or more descriptors. As explained
above, the aim is to map an NP into a single descriptor. However, the approach
is to firstly identify chunks of words representing NP’s and secondly to derive
descriptors from these chunks.

If a set of words maps to a point in the ontology which corresponds to a com-
pound descriptor, this descriptor may replace the set of words in the description.
If not, the set of words may still contribute to the description. Words are simply
considered special cases of descriptors, so, the structure of the descriptions al-
lows an incremental conceptual refinement of these, as explained in more detail
below.

The comparison of descriptions is not merely syntactic. Rather, their resem-
blance is measured in terms of similarity derived from concept relations in the
ontology. Similarity between the descriptors, as situated in the ontology, is thus
obtained from engaging ontological reasoning capabilities.

Initially, in the processing of a query, a description is generated. Then this
query description is compared, in principle, to every description of every sentence
in every document appearing in the database. Finally, sentences in the documents
in the database are ranked by the degree to which their description resembles
the description of the query. The query answer is a ranking of the sentences that
are most similar to the query.

Descriptions are not unique and may vary by level of detail and combinabil-
ity. Among the possible descriptions for the phrase: “Behandling med diæt og
sygdom for̊arsaget af D-vitaminmangel” (Dietary treatment and disorder due to
lack of vitamin D) are the following increasingly accurate descriptions:

{{dietary},{treatment},{disorder},{lack},{vitaminD}}
{{dietary, treatment},{disorder},{lack, vitaminD}}
{{treatment [CHR: dietary]}, {disorder [CBY: lack [WRT: vitaminD]]}}
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The principle applied for comparing descriptions is a fuzzy nested aggrega-
tion combining descriptor similarity into similarity of full description structures.
Descriptor similarity is derived from concept relations in the ontology, for in-
stance based on distances measured over the shortest paths of reasoning. This
principle is described in more detail in [3].

Descriptions for each sentence in the database are compiled and stored in the
database and, furthermore, all compound descriptors in database descriptions
are, in principle, expanded to also cover subsuming concepts. For instance, the
element

{disorder [CBY: lack [WRT: vitaminD]]} *

may be expanded to the set

{disorder, disorder [CBY: lack], disorder [CBY: lack [WRT: vitaminD]]}
thereby including subsuming concepts. Assuming a disjunctive interpretation,
this means that the database object described by * is considered a good candidate
answer object for a query on e.g. disorder. A specific answer to a general query
is useful, while the opposite is typically not the case.

Finally, the evaluation is initiated with an expansion of the query to include
similar descriptors as alternatives. Thus, if the ontology includes “vitaminD
ISA vitamin”, then the term “vitamin” may be replaced by e.g. the fuzzy set
of terms “1/vitamin + 0.9/vitaminD”, indicating that “vitamin” matches fully
while “vitaminD” matches to some degree.

8 The Prototype

A prototype that implements simplified variants of the description mapping and
the query principle described above has been developed. Apart from the primary
data, that is, the base of texts that are to be queried, we distinguish in the
prototype, a knowledge base mainly comprising the ontology and lexicon specific
for the domain of the texts. The descriptions of the texts are compiled and are
also stored in the database, so the texts of the database are tied to the ontology
in the knowledge base through these descriptions, as indicated in figure 3.

Compound descriptors (by semantic relations) are not derived in the cur-
rent prototype. However, based on a simplified analysis, a bracketing of noun
phrases in sentences is performed and used in forming description structures as
introduced above.

For additional details on the motivation behind the architecture of the pro-
totype we refer to [2]. Below we will introduce the current prototype system.
We describe briefly the knowledge base (ontology and lexicon), the description
generator and the query tool.

8.1 The Knowledge Base

The prototype ontology and ontology-based lexicon is built on the SIMPLE
framework as referred to in Section 4. The SIMPLE ontology – currently consist-
ing of 10,000 concepts – is being extended with a domain-specific part developed
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Fig. 3. System resources - a database containing text objects (documents) and a knowl-
edge base comprising knowledge about the domain of the texts connected through
descriptions

empirically on the basis of texts on nutrition from the Danish Encyclopedia.
These texts also make up the coverage of the domain specific lexicon, currently
consisting of approximately 1000 nutrition concepts. The English concepts at the
top of the OntoQuery ontology correspond to the ontological types common
to all languages in SIMPLE, while the Danish concepts with their lexical entries
are situated lower in the ontology

The prototype ontology is built around the one major relation; concept in-
clusion (ISA). Figure 4 shows a concept “mangelsygdom” as situated in the
ontology3.

8.2 Description Generator

Descriptions are derived by means of an analysis involving a tagger, an NP recog-
niser, and a subcomponent that builds descriptions in the description language
as illustrated in Figure 5.

Tagging is performed by an implementation of Eric Brill’s tagger [6] cus-
tomised for interaction with a text database and trained for Danish on the
Danish PAROLE corpus [15], consisting of 250,000 tokens. The results obtained
with a tagset of 43 tags, are comparable with those reported by Brill, namely
an accuracy of 96.5 %.

NP recognition is performed by the chunk parser “Cass” [1]. The grammar
has been developed manually on the basis of the occurrence of various NP types
in the PAROLE corpus and covers NP chunks extending from the beginning of
the constituent to its head and including postmodifying prepositional phrases.

Descriptions are generated from the result of the NP recogniser through mor-
phological processing, part-of-speech filtering and grouping into the description-
structure – sets of sets of words. The grouping simply corresponds to the NP’s
recognised; thus only words belonging to NP’s are included in descriptions.
3 The navigator is an auxiliary tool available at www.ontoquery.dk/prototype/ontonav.



132 Troels Andreasen et al.

Fig. 4. The ontology navigator (www.ontoquery.dk/prototype/ontonav); showing that
mangelsygdom (deficiency disease) has for instance sygdom (disease) as super- and
pellagra as sub-concept and further that e.g. allergi (allergy) is a sibling and that
the only two paths to the top of the ontology are mangelsygdom → sygdom →
disease → agentive → top and mangelsygdom → sygdom → disease →
phenomenon→ event→ entity→ top

Fig. 5. Prototype architecture - the process of generating descriptions

Compared with the descriptors in Section 2, a set of words representation can
be seen as an approximation where the relations between concepts contributed
mainly by prepositions are left unspecified.

A set of words is thus considered as an abstraction of a concept in the way it
is applied in the prototype. This implies that apart from the concept inclusion
through the ISA relation of the ontology, we have a concept inclusion as derived
from set inclusion.

8.3 The Query Tool (Description Comparison)

Query evaluation is, as already mentioned, reduced to comparison of a descrip-
tion of the query with descriptions of text objects in the database. As explained
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Fig. 6. The querying tool of the OntoQuery prototype (www.ontoquery.dk
/prototype/query) showing the answer to a query. Notice that the first object in the
answer matches the query but not fully since sygdom is a second level super-concept
to pellagra (see Figure 4) and (ensidig,mangelfuld,kost is considered a sub-concept
of (ensidig,kost)

above in section 7 this mainly involves an aggregation of measures of correspon-
dance between elements of the descriptions.

The query evaluation part of the current prototype4 is based on a simplified
aggregation approach as compared with the principle introduced in section 7.
The simplified aggregation is a two-level order-weighted aggregation with the
two levels arising from the set of sets structure of descriptions. The method is
explained in more detail in [4] and it is a special simplified case of the hierarchical
aggregation principle introduced in [3].

As for the similarities to be aggregated, we use a naive approach based on
distance (shortest path length) in the ontology. This is also explained in [4]
but as an example take the part of the ontology shown in figure 4 and the
query shown in figure 6. A concept X of the query matches a sub-concept
Y by 1−d(X,Y )

1 , where d(X,Y ) is the distance, thus X matches X to 1.0 and
matches an immediate sub-concept to 0.9, a second-level sub-concept to 0.8, etc.
Therefore sygdom matches pellagra to 0.8. Further, the degree to which (en-
sidig,mangelfuld,kost) matches (ensidig,kost) is aggregated over the query
description part by simple average. Thus the grade becomes 0.67 since (man-
gelfuld) is missing.

The grading of the first object in the answer in Figure 6 is derived from
an aggregation of similarities (0.8, 0.67, 1.0), where the latter corresponds to

4 The prototype is available at www.ontoquery.dk/prototype/query
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tryptofan, which describes both the query and the text object. The (outer)
aggregation is in this case also a simple average of the similarities – thus the
grading becomes 0.82.

Text objects in the prototype are sentences from the articles in the database.
Thus a sentence level description is assumed. In the tool, sentences from the
answer appear as hyperlinks leading from a sentence to the article it appears in.
The tool includes a separate article viewing part, not shown above.

9 Conclusion

We have described principles for ontology-based querying of texts resting on
extraction of the conceptual content of noun phrases into formal feature repre-
sentations termed descriptors. These descriptors are integrated into the domain
ontology by means of the notion of generative ontology.

As such the project faces the following methodological challenges:

– Integration of a comprehensive object database structured semantic lexicon
with the logical grammar-structured generative ontology framework.

– Establishment of an “ontological semantics” for noun phrases in which the
generative ontology provides the semantic domains.

Currently experiments with a more structured representation of the concep-
tual content of NPs as described in Section 2 are being carried out (see [25]).
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Abstract. Multi-source information systems, such as data warehouses, are
composed of a set of heterogeneous and distributed data sources. The relevant
information is extracted from these sources, cleaned, transformed and then inte-
grated. The confrontation of two different data sources may reveal different
kinds of heterogeneities: at the intensional level, the conflicts are related to the
structure of the data. At the extensional level, the conflicts are related to the in-
stances of the data. The process of detecting and solving the conflicts at the ex-
tensional level is known as data cleaning. In this paper, we will focus on the
problem of differences in terminologies and we propose a solution based on
linguistic knowledge provided by a domain ontology. This approach is well
suited for application domains with intensive classification of data such as
medicine or pharmacology. The main idea is to automatically generate some
correspondence assertions between instances of objects. The user can parame-
trize this generation process by defining a level of accuracy expressed using the
domain ontology.

Keywords: Multi-Source Information Systems, Data Cleaning, Ontology.

1 Introduction

A Multi-Source Information System (MSIS) is composed of a set of heterogeneous
and distributed data sources, and a set of views (or queries) defining user require-
ments over these sources. Examples of MSIS are web systems and data warehouse
systems. The main difference between an MSIS and a classical information system
resides in its definition and its feeding with data. While the database schema of a
classical information system is defined as an integrated data structure, the database
structure of an MSIS is defined as a set of (possibly independent) views, either virtual
or materialized. Moreover, while the feeding of a traditional database is done by the
users through their applications, the feeding of the database in a MSIS is automati-
cally done by the system from the data sources. MSIS applications aim only at the use
of this data without any direct update.

                                                          
* This work has been partly founded by the French Government in the framework of the

REANIMATIC project
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MSIS have introduced new design activities such as selection of relevant data
sources, data extraction, selection of views to materialize, update propagation of
source changes, definition and generation of mediators, definition of computing ex-
pressions for each view in the system and data integration and cleaning.

One key problem in designing MSIS is the reconciliation of the data contained in
the data sources, which is called the data cleaning problem. When merging the values
contained in the sources, several problems may occur. A conflict may arise when the
values of two semantically equivalent attributes in two distinct data sources are ex-
pressed using different units, different data format, or different scales. A conflict may
also arise when two semantically equivalent attributes in two distinct data sources
have sets of values which can be syntactically different but semantically close. In a
data warehousing context, cleaning the data contained in the different sources is a
critical issue, and performing this complex task is time consuming.

In this paper, we will focus on the problem of differences in terminologies an we
propose a solution based on linguistic knowledge provided by a domain ontology.
This approach is well suited for application domains with intensive classification of
data such as medicine or pharmacology. The main idea is to automatically generate
some correspondence assertions between instances of objects using this metadata. The
user can parametrize this generation process by defining a level of accuracy expressed
using the domain ontology.

The remaining of the paper is organized as follows. In section 2, we will present
some data cleaning problems and existing solutions; section 3 will present the general
approach for solving terminological conflicts. In section 4, we will describe the
knowledge used for data cleaning and show how this knowledge stored in a domain
ontology is used to deal with terminological conflicts. Some concluding remarks are
given in section 5.

2 Data Cleaning: Problems and Existing Solutions

The problems that may arise during data integration can be classified according to two
distinct levels: the extensional level and the intensional level. At the intensional level,
the goal of the designer is to state the correspondences between the schemas of differ-
ent data sources, ie. to find the semantically equivalent object types. At the exten-
sional level, the goal of the designer once the correspondences between objects types
are stated, is to find the correspondences between their instances, ie. to find the se-
mantically equivalent instances of object types.

At the intensional level, the conflicts are related to the structure of the sources; ex-
amples of such conflicts are (i) differences in data models, which require some
schema transformation techniques; (ii) differences in constructs, when two data
sources use the same data model but some concept is modeled using different con-
structs: for example, the address of a person may be represented as an attribute in one
source, and as a table in another; (iii) differences in the terminology, for example
when two object types have the same name but correspond to different real world
entities.

The conflicts related to the intensional level have been widely addressed by
schema integration approaches [2], [16], [11], [23]. Once all the problems related to
this level are solved, the designer is faced with another kind of conflicts, the ones
related to the extensional level; these conflicts may be one of the following:
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• Differences in types: such conflict occurs when the same real world property is
represented using different data types in two distinct data sources; for example, the
same attribute may be a number in one source and a string in another source.

• Differences in data format, for example when the instances of two equivalent at-
tributes have different lengths in two distinct sources.

• Differences in scale, when the instances of two equivalent attributes are expressed
using different units, such as Euro and USD for financial data.

• Differences in the encoding of attributes, for example the attributes gender in two
different data sources can be encoded using the set of instances {1, 2} and {F, M}
respectively.

• Differences in the terminology, for example, the attributes medicine may have in
two distinct sources the two values antibiotic and penicillin for naming the same
medicine.

• Differences in granularity, for example, two attributes sales may refer to monthly
sales in one source and annual sales in another one.

• Conflicts related to the identifiers: two possible situations may arise; (i) two in-
stances may have the same identifier value in two distinct sources although repre-
senting two distinct real world objects, or (ii) two instances may have two different
identifier values in two distinct sources although representing the same real world
object.

This enumeration of the problems related to data cleaning is not exhaustive, and a
number of other problems may occur. In this paper, we focus on the problems related
to the extensional level. Broadly speaking, a data cleaning process is composed of a
detection step in which the existing conflicts are identified, and a resolution step in
which the inconsistencies are solved. Several approaches have addressed these prob-
lems. A classification of the data quality problems is given in [19], and a distinction is
made between single-source and multi-source problems, and between schema related
(intensional level) and instance related problems (extensional level).

Some data cleaning approaches have proposed a set of data transformation opera-
tors, such as [8], where a general framework for data cleaning is provided, along with
a set of cleaning operations. The Potter’s Wheel interactive system is described in
[20], integrating transformation and discrepancy detection. The system allows to
define customized domains, and detects a discrepancy when the values of an attribute
do not conform this domain. A set of data value transforms is proposed to remove the
discrepancies. Some cleaning primitives allowing to detect integrity constraints viola-
tion are also proposed in the ARKTOS ETL tool [26], which allows to model and
execute practical ETL scenarios. The conflicts existing among numerical data values
are addressed in [5], and a methodology for mining data conversion rules is proposed,
based on statistical techniques such as correlation analysis and regression analysis.

Another trend of approaches have focused on the problem of instance identifica-
tion, that is, the determination of equivalent instances in different sources. A prob-
abilistic technique is proposed in [3] to match the tuples of two distinct relations; the
comparison is done considering not only the identifiers but also all the non-key attrib-
utes common to the two relations. Another solution to this problem is the sorted
neighborhood method [10] where two considered relations are merged and sorted,
then compared within a fixed size window so as to limit the number of comparisons.
These comparisons are done using distance functions, such as edit, phonetic or type-
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writer distances. A knowledge based approach is described in [14] for duplicate
elimination; the considered records are fed into an expert system together with a set of
rules forming the knowledge base. An algorithm for general textual matching is de-
scribed in [18]; it consists of two passes: the first pass considers each record as a long
string and sorts the records lexicographically reading from left to right; the second
pass does the same reading from right to left. After the sort, the records are compared
using the edit distance to find the duplicates. The Active Atlas system [25] compares
the common attributes of two objects to determine matching ones. The system learns
to tailor mapping rules to a specific application domain and proposes some functions
related to text formatting inconsistencies.

In all existing approaches, the values of textual attributes are compared using dis-
tance functions which are based on the syntax of the values, such as the edit distance
used in [8], [10] and [18]. The operators or algorithms using such distances are well-
suited for solving some discrepancies, such as typographical mistakes during the
insertion of the data, but they cannot solve the terminological differences. In such
case, the values should be compared not only lexicographically, but also considering
their semantic. In this paper, we are interested in the differences of terminology ex-
isting in different sources among data instances; we propose an approach to deal with
these differences using linguistic knowledge provided by a domain ontology. Lin-
guistic knowledge has already been used for solving some schema integration prob-
lems [11][16], and particularly during schema comparison to detect the redundant or
equivalent objects in two schemas ; we propose to use this knowledge during the
process of data cleaning to detect the equivalent data values which may be syntacti-
cally different.

3 The General Approach

Several conflicts may occur when integrating data from different sources; we are
interested in the resolution of the terminological conflicts. To illustrate this kind of
discrepancy between the data values, let us consider two source relations to be inte-
grated R1(#K1,A1,A2,A3) and R2(#K2,B1,B2,B3) where K1 and K2 are the keys, Ai and Bi

the attributes of R1 and R2 respectively. Let us suppose that the problem of determin-
ing the correspondences between the instances of R1 and R2 and the correspondences
between their respective attributes have been stated. In this situation, the conflicts
between the values of the non-key attributes remain to be solved and extra-knowledge
related to the instance level is needed. If the attribute A1 of R1 and the attribute B1 of
R2 are semantically equivalent, a terminological conflict may occur when a given
value for the attribute A1 is syntactically different from a value of the attribute B1

although being semantically equivalent. To take this equivalence into account, some
assertion is needed to state the semantic link between the two values of A1 and B1.

The example of figure 1 enlightens the problem we aim to solve. Let us suppose
that we want to perform a union operation between two relations describing cars in
two distinct data sources. We can see that the result of this union is hard to interpret
and that it contains inconsistencies.

The two tuples having the number 1 in the resulting table should be merged and
considered as the same since azure is a kind of blue; and there is an inconsistency in
the resulting relation since the two tuples having the number 2 have conflicting values
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for the attribute color, since blue and vermilion are not semantically close. These
conflicts could have been automatically detected if some knowledge related to the
semantics of the different colors were available. Using such domain knowledge, the
result of the union would have been as described in figure 2. The tuple having the
number 1 is present only once in the result, with the value azure for the attribute
color, since this value is a kind of blue, and a table containing the different inconsis-
tencies is produced as a second result. This table contains in our example the tuple
having the number 2 because two conflicting values have been found for the attribute
color.

CAR n° color

1 
1 
2 
2 
3

azure 
blue 
vermilion 
blue 
red

4 green

Union

CAR n° color
1 
2 
3

blue 
blue 
red

4 green

CAR n° color

azure 
2
1 

vermilion
4 green

Source 1 Source 2

Fig. 1. Integration without linguistic knowledge

To integrate the two relations of figure 1, correspondence assertions between data
values are needed for the attribute color. In general, considering the thousands of
tuples from the tens sources, it is not realistic to store these assertions, like schema
assertions are. Furthermore, these assertions are partially user dependant. For exam-
ple, for the same query "search for cars having the same color than their cover-seats",
some users expect blue cars and covers, whatever the kind of blue it is; while other
users expect only cars and covers both light-blue, or cars and covers both deep-blue.

Some data cleaning problems can be solved by a preliminary cleaning of the data.
For example, if the coding used for the attribute gender in two data sources is differ-
ent, we can pre-process the corresponding relations in order to conform the different
values. In the case of a terminological conflict, a preliminary cleaning of the data is
inadequate because the values are not exactly equivalent. In figures 1 and 2, replacing
the azure value by blue will lead to a lack of semantic; and cleaning in the second
relation blue in azure is impossible without having the knowledge that the value in the
other relation is azure and not, for example, navy.

Natural language techniques could be useful for solving the differences in the ter-
minology. These techniques have been used for schema integration. [6] proposes the
use of fuzzy and incomplete terminological knowledge to determine the correspon-
dence assertions between the compared objects. In [11], correspondence assertions
between the schemas to integrate are determined using case grammar and speech act
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theory. [16] suggests the use of semantic dictionaries storing hierarchies of concepts
and canonical graphs to retrieve the semantics of the schemas. [17] uses a fuzzy the-
saurus built using linguistic tools to compute a fuzzy semantic nearness coefficient
between objects. In the Carnot project [22], which provides a framework for hetero-
geneous database integration, a common ontology is used to semantically relate dif-
ferent schemas with each other and thereby enable the interoperation of the underly-
ing databases. The common ontology is expressed using CYC, a knowledge base
providing the "commonsense" knowledge of an application domain.

Union

CAR n° color
1 
2 
3

blue 
blue 
red

4 green

CAR n° color

azure 
2
1 

vermilion
4 green

Source 1 Source 2

CAR n° color

1
3

azure
red

4 green

INCONSISTENCIESn°   color               color

2    vermilion     blue

Fig. 2. Semantic integration using linguistic knowledge

Our approach proposes a linguistic matching to deal with terminological conflicts
during data integration. This matching uses some knowledge specific to the applica-
tion domain stored in a domain ontology and it allows the user some flexibility in the
comparison of the values. A traditional challenge when introducing some flexibility is
to define its scope. Numerous works [23], [21] have proposed semantic distances for
integration or retrieval purposes. However, although this distance could be computed
using a dictionary, we didn’t want the user to specify it because this is not a natural
way of thinking. Instead of pre-defining a distance, the user automatically defines
classes of values by the mean of a level of accuracy specified over the domain ontol-
ogy. Two values are therefore considered semantically close if they belong to the
same class, and semantically far if they do not.

4 Solving Semantic Conflicts 
during Data Instances Confrontation

In this section, we will discuss how a domain specific ontology can help the process
of data cleaning and especially for solving terminological conflicts; we will first pres-
ent the knowledge used in our approach and introduce the notion of level of accuracy,
a parameter specified by the user and used to determine the semantic closeness of the
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concepts; then we will present the generation of data cleaning assertions for termino-
logical conflicts and we will finally show how the meta-data provided by the ontology
and the level of accuracy specified by the user are used during data integration.

4.1 Linguistic Knowledge for Data Cleaning

Numerous definitions may be found for "ontology" depending on their fields (data-
bases, mathematics, linguistics, philosophy) [9]. However, one of these definitions is
becoming predominant in the field of information systems: "an ontology is a formal
conceptualization of a real world, sharing a common understanding of this real
world". This definition fits so well to the semantic heterogeneity problem that this
latter is nowadays the main client for ontologies, and the main application of ontolo-
gies is heterogeneous data sharing.

Numerous efforts have been performed to elaborate general ontologies, mainly in
the NL community, and several large-scale projects aiming at building electronic
linguistic dictionaries have been proposed: the CYC project [12], [13] which also
provides some "common sense" knowledge, the EDR project [4], WordNet [7] which
has the particularity to be currently available and free in the public domain, and Eu-
roWordNet, the adaptation of WordNet to European languages [27]. Beyond syntacti-
cal and morphological information, these dictionaries provide semantic links between
concepts such as synonym, antonym, hyponym/hypernym (is-a) and mero-
nym/holonym (part-of). An extensive discussion of relation types is presented in [24].
Other links are supported by "canonical graphs" which specify relationships expected
among the concepts involved in a given action. The "is-a" links are particularly useful
and allow to organize concepts into a "hierarchy of concepts".

T

Blue Green

Light blue Deep blue

Azure

Red

Vermilion Ruby

SevilleNavy

Glacier

Fig. 3. Example of a hierarchy of concepts describing color’s names

These general linguistic dictionaries are very helpful for retrieving the semantic of
the nouns in schemas or data for their integration. They allow to supply with all the
semantic lost during the modeling process. In previous works [15], [16] we have used
WordNet to integrate database schemas. For example, one contribution of such dic-
tionaries is the detection of generalization links between objects of different views
(using the hierarchy of concepts). Another contribution is the deduction of the roles
played by each entity in a relationship (using the canonical graphs).

Dealing with naming heterogeneity in the data cleaning process differs from
dealing with naming heterogeneity in schema integration because we are faced with
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instances (attributes values, e.g. Seville, ticarcilline) instead of type values (relation or
attributes names, e.g. color, medicine). This entails the use of domain ontologies
rather than general ontologies. An example of hierarchy of concepts elaborated for an
ontology of color’s names in the car industry is presented on figure 3.

4.2 The Level of Accuracy

The hierarchy of concepts shows the nature of the link between two compared con-
cepts; in the example given in figure 3, we can see that the concept navy is a subtype
of the concept blue, and that these concepts are semantically close since an inclusion
relation exists between them; if we consider the concepts ruby and vermilion, we can
also infer that they are semantically close because both of them are directly included
in the same concept which is red. But the hierarchy of concepts alone is not sufficient
to determine the semantic closeness of concepts; if we state that two concepts C1 and
C2 are semantically close if there is a concept C in the hierarchy such that C1 and C2

are both included in C, then all the concepts of the hierarchy will be considered as
close in meaning, since two concepts are always related to the top of the hierarchy
denoted "T". Thus, this definition is too general and does not allow to evaluate the
semantic closeness between concepts.

The semantic closeness between two given concepts often depends on a given
user, or even on a particular need of this user; for example, the user might be inter-
ested in the red cars existing in different data sources, no matter what the kind of red
it is; in another query, the same user might be interested in a specific kind of red cars.
The notion of level of accuracy is a parameter specified by the user over the nodes of
the hierarchy of concepts to capture the accuracy of his query or need by delimiting
the scope of semantic closeness of values. It consists of several nodes selected by the
user to specify classes of equivalent values in the hierarchy. The class induced by a
node in the level of accuracy is represented by the subtree having the considered node
as its top (i.e. the class of a node contains the set of values that it subsumes). The level
of accuracy is denoted LA and is defined as LA = {Ci, i=1,n} where each Ci is a con-
cept of the hierarchy. Each class of values corresponding to the subtree having Ci as
its top is denoted CCi.

The choice of the level of accuracy is arbitrary and may change from one query to
another. The user may change the nodes as parameters. This level is a very easy and
natural manner for the user to specify his classes of semantically close values, without
manipulating any distance. However, it is important to notice that in practice, this
choice is quite stable.

4.3 Generating Cleaning Assertions

Given the hierarchy of concepts and the level of accuracy set by the user, we can
derive a set of extensional correspondence assertions that can be used during instance
reconciliation. If we consider a level of accuracy defined as LA = {Ci, i=1,n} and the
corresponding classes of values CC1, CC2,…., CCn, we can derive some correspondence
assertions between data values. Two concepts Ci and Cj can be related in two different
ways according to a given level of accuracy:
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• If one of the two concepts is a subtype of the other, there is a subsumption relation
between Ci and Cj denoted Ci ⊆ Cj.

• If the two concepts both belong to one of the classes CC1, CC2,…., CCn, there is a
similarity relation between Ci and Cj denoted Ci ≈ Cj.
The notion of similarity between two concepts doesn't mean that they are always

considered as equivalent; this similarity will be interpreted depending on the context,
and particularly on the query issued by the user as we will see in section 4.4.

T

blue green

Light blue deep blue

azure

red

vermilion ruby

Seville

Level of 
accuracy

Fig. 4. Setting the level of accuracy in the hierarchy

In the example of figure 4, the level of accuracy set by the user is such that:

LA = {blue, green, red}

The partial extensions of the corresponding classes of equivalent values are as
follows:

Cblue={blue, light blue, deep blue, azure,…..}

Cred={red, vermilion, seville, ruby,…..}

Cgreen={green, …..}

According to the level of accuracy set by the user, these are examples of cleaning
assertions that can be derived from the domain ontology:
• azure ≈ deep blue, vermilion ≈ ruby
• azure ⊆ light blue, vermilion ⊆ red, ruby ⊆ red

The user may change the level of accuracy. For example in figure 4 the user
wanted to consider that all the different blue colors were similar. In another query, he
might want to distinguish between different kinds of each color, and he will set a
more precise level of accuracy as it is shown in figure 5. This new level corresponds
to a refined definition of similarity between concepts.

According to this level, some of the previous cleaning assertions become not
valid; for example:
• the two assertions (azure ≈ deep blue) and (vermilion ≈ ruby) are not valid any-

more.
• the subsumption assertions remain valid: azure ⊆ light blue, vermilion ⊆ red, ruby

⊆ red.
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T

blue

Light blue deep blue

azure

red

vermilion ruby

Seville

Level of 
accuracy

Fig. 5. Refining the notion of similarity

T

blue green

Light blue deep blue

azure

red

vermilion ruby

Seville

Level of
accuracy

Fig. 6. Level of accuracy at different depths

The different concepts composing the level of accuracy don’t need to be at the
same depth in all the paths of the hierarchy. As it is shown in Figure 6, they can be at
various levels. In such case, the user has obviously chosen to consider the blue colors
more important than the others.

4.4 Using Cleaning Assertions for Answering a User Query

Once the level of accuracy is stated, the cleaning assertions can be used during the
evaluation of a given user query. We will illustrate this process through two different
relational operators, the restriction and the join.

4.4.1 Case of the Join Operator
A join operator is used for queries such as "Do people buy cover-seats and cars hav-
ing the same color ?". The names of the colors for cars and cover-seats may be very
different, since they have different manufacturers, each one having its own names.
For this query, the user is not interested in an exact match of the color names. He just
expects these colors to be the same with respect to the level of accuracy specified over
the domain ontology.

Let us consider two relations R1(#K1,A1,...Ai,...An) and R2(#K2, B1,...,Bj,...,Bm); sup-
pose that we want to perform a join operation on these two relations with the join
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predicate R1.Ai = R2.Bj. The value of the attribute Ai corresponding to a tuple t1 is
denoted t1(Ai). Provided a domain ontology representing the values of the attributes Ai

and Bj and a level of accuracy set by the user, the matching between two tuples t1 and
t2 from R1 and R2 respectively is described by the following procedure:
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If we suppose that the join attribute is the attribute color, and that the level of ac-
curacy is as described in figure 4, then the pairs of values (ruby,vermilion) and
(seville,red) will match, the first one because of a similarity assertion and the second
one because of a subsumption assertion.

The matching relationship is reflexive, symmetric and not transitive; these proper-
ties are the three characteristics of a "similarity" relationship (versus an "equality"
relationship which is reflexive, symmetric and transitive).

4.4.2 Case of the Restriction Operator
A restriction operator is used for queries such as "Do red cars have more accidents
than others ?". In such cases, the matching between the attribute color of a table
should succeed even if the value of the attribute is not exactly red but a specific kind
of it, such as vermilion. For this query, the user is not interested in an exact match of
the color names. Unlike the join operator, he doesn’t expect the colors to be the same
with respect to the level of accuracy, he expects the values to be included in the one
given as a predicate for the restriction.

Let us consider a relation R(#K,A1,...Ai,...An). Suppose that we want to perform a
restriction on R with the predicate R.Ai = val, where val is a constant value in the
domain of the Ai attribute. The values of Ai are represented by a domain ontology.
Each value of the attribute Ai corresponding to a tuple t is denoted t(Ai). The matching
between val and t(Ai) is described by the following procedure:
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If we suppose that the restriction predicate is "color = red" where the values of the
attribute color are described in the hierarchy given figure 4, then the values ruby,
vermilion and seville will match the criteria because of a subsumption assertion be-
tween each value and the concept red. If the restriction predicate is "color = vermil-
ion" in another query, then the value seville will match because it is subsumed by
vermilion, but the value ruby won’t match in spite of a similarity assertion between
ruby and vermilion according to the level of accuracy.
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The cleaning assertions can be used for other relational operators. In the UNION
operation, duplicate values could be avoided, for example if a same car’s color has
two different names in the two sources. In the DIFFERENCE operation if all cars
except the blue ones are asked for, all kinds of blue will be considered. An ORDER
BY statement can sort the values of an attribute color by categories. For all these
operations, a matching using the cleaning assertions can be defined.

5 Conclusion

In this paper, we have proposed a method for dealing with one particular kind of se-
mantic heterogeneity during the process of data cleaning, which is the difference of
terminologies in distinct data sources. The proposed approach uses some linguistic
knowledge stored in a domain ontology in order to generate some correspondence
assertions between data instances. These assertions are used during the integration of
the data. We have illustrated this process through two relational operators, the join
and the restriction. The generation of the assertions is done according to the needs of
the user, by the mean of a level of accuracy specified over the domain ontology. This
level consists of a set of concepts in the domain ontology which are used as parame-
ters by the user to define the scope of the semantic closeness in a very natural and
flexible manner, without specifying any distance.

The proposed method for cleaning data has been implemented in the REANI-
MATIC project 1. The objective of this project is the elaboration of a prediction tool
based on a data warehouse populated by data from Intensive Care Units. Problems in
this context are due to the heterogeneity in the naming of diseases and medicines.
Correlations between cares and diseases couldn’t be found with syntactical joins (e.g.
finding antibiotics means finding all the different medicines considered as antibiotics,
whatever their names are). This application validated most results, and showed one
important problem we have to deal with in future works. It concerns the introduction
of time in the domain ontology. Indeed, in all scientific domains, knowledge is fre-
quently updated. Without an indication of its validity time, the knowledge stored in
the domain hierarchy may become inconsistent.
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Abstract. A system that retrieves problem reports from a NASA database is de-
scribed. The database is queried with natural language questions. Part-of-speech
tags are first assigned to each word in the question using a rule-based tagger. A
partial parse of the question is then produced with independent sets of determi-
nistic finite state automata. Using partial parse information, a look up strategy
searches the database for problem reports relevant to the question. A bigram
stemmer and irregular verb conjugates have been incorporated into the system
to improve accuracy. The system is evaluated by a set of fifty five questions
posed by NASA engineers. A discussion of future research is also presented.

1 Introduction

At the National Aeronautics & Space Administration(NASA), reports documenting
technical problems that have been encountered over the years are stored in a continu-
ally growing database. These Problem Reports(PRs) can be divided into specific
areas such as Mechanical, Fuel Cell, Orbiter Structure, Orbiter Electrical... They are
written by NASA engineers at remote terminals and range in size from as few as fifty
words to almost two thousand words. This research implements a system which
searches this database and returns relevant problem reports to questions which are
asked in natural language by NASA engineers.

The system described here uses Brill’s tagger[2] to first assign part-of-speech tags
to each word in the question. The tagger was not trained on the database of NASA
problem reports. To avoid simple errors that occur due to unknown words in the lexi-
con, a new type of transformation was incorporated into the tagger.

Once the text has been tagged, a partial parse of the question is produced with a set
of deterministic Finite State Automata(FSAs). Once a partial parse of the question has
been produced, each report in the database is scanned for the noun phrases in the
question. A score is given to each report based on how many constituents in the noun
phrases are matched. If too many reports are given a high score, verb phrase informa-
tion is used to identify the most relevant reports.

                                                          
* This research has been supported by NASA grant 16-40-201.
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Matching is improved using two techniques 1) a bigram stemmer, and 2) irregular
verb conjugates. The primary role of the bigram stemmer is to return reports con-
taining noun phrases with typos, which would otherwise be overlooked. Since the
PRs are entered by NASA engineers at remote terminals in an informal manner, many
PRs contain typos which can prevent relevant reports from being returned. Irregular
verb conjugates are also used to generate more matches in both the initial noun phrase
search as well as constrict the number of relevant matches in the secondary verb
phrase search. Because of the possibility of nominalization of irregular verbs, noun
phrase searches also benefit by incorporating the conjugate forms of irregular verbs.

The remainder of this paper is as follows: Section 2 describes the partial parsing of
the question. Section 3 describes the look up strategy. Section 4 shows results of
evaluating the system and Section 5 concludes the paper with a discussion of future
research.

2 Interpreting the Question

Part-of-speech(POS) tags1 are first assigned to each word in the question by Brill’s
tagger[2]. A set of Finite State Automata(FSAs) then identify the syntactic relations
in the question. Fig. 1 illustrates this process. The rules of each component in this
process are read in from separate text files.

Rules are in the form of lexical and contextual transformation rule lists for the
part-of-speech tagger and FSAs for the other components. Nothing is hardwired in
software, the system is entirely declarative.

Fig. 1. The partial parsing system which is comprised of independent, declarative components.

2.1 The POS Tagger

Because of the time intensive nature of training Brill’s tagger, the tagger was used as
is. Brill’s tagger which has been trained on the Penn Treebank Corpus[10] is avail-
able for download. The tagset consists of 36 morphosyntactic tags. The tags are called
morphosyntactic because they contain more than just basic part-of-speech informa-
tion. For example, they indicate whether or not a noun is singular or plural, proper or
not proper.

                                                          
1 Refer to [13] for a thorough description of the Penn Treebank Tagset which is used by Brill’s

tagger.
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Since the Penn Treebank consists of such a large collection of English text(about
4.5 million words in the Penn Treebank version 1), using the tagger without training
still yields good tagging results.  However, some simple errors that would not arise
had the tagger been properly trained[3] still occurred. The main problem is the man-
ner in which contextual rules are applied by Brill’s tagger. Contextual transforma-
tions alter the tagging of a word from X to Y iff either:

1. The word was not seen in the training corpus OR
2. The word was seen tagged Y at least once in the training corpus

Many words in the problem reports need a part-of-speech tag that did not occur in the
Penn Treebank corpus. For example, the word pitted only occurs as a past partici-
ple(VBN) and past tense(VBD) verb in the Penn Treebank. So even when it was used
as the pitted bearing, it was tagged as a past participle verb when it should have been
an adjective(JJ). None of Brill’s contextual transformations could prevent this, since
neither 1. or 2. are satisfied. To remedy the problem a new type of transformation was
incorporated into the system:

X Y FPREVTAG Z (1)

which changes the tag of worda from X to Y if it is preceded by wordb which is tagged
Z, regardless of whether or not worda includes the Y tag in the lexicon. To correctly
tag the pitted bearing, the transformation was instantiated as VBN JJ FPREVTAG DT
– where DT is the tag for determiner. Another instantiation was included to change a
word that is tagged VBN to JJ when it is preceded by a preposition or subordinating
conjunction: VBN JJ FPREVTAG IN, as in with pitted bearings. Adding these trans-
formations corrected many simple errors without producing any of their own.

2.2 The Finite State Approach

Our approach to partial parsing is opposite to Abney’s easy-first parsing[1]. We
identify larger relations first and then focus on the smaller constituents comprising
them. Consider the example: John went to the black board after the teacher threat-
ened to expel him. In the easy-first approach, simple FSAs are first used to capture
smaller relations. Noun phrases are first identified, followed by prepositional phrases,
subordinate clauses, etc… This would result in after the teacher incorrectly being
identified as a prepositional phrase.

In our larger-first parsing approach, we first use simple FSAs to identify the larger
syntactic relations and then identify the smaller constituents inside these relations. In
the example above, the subordinate clause after the teacher threatened to expel him
would be identified first, followed by the smaller constituents inside of it. Since the
Penn Treebank Tagset does not distinguish between a subordinating conjunction and
preposition, this error will occur frequently.

A shortcoming of the part-of-speech tagger is that no attempt is made to categorize
commas or coordinating conjunctions. Two intermediate components have been
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added to the system which accomplishes this by assigning descriptive tags to these
elements. Following our larger-first philosophy, the comma tagger[4] is the next
component after tagging. Larger relations delimited by commas such as relative
clauses, subordinate clauses, and appositions are identified first, as well as commas
coordinating a series or pair of syntactic relations. A total of sixteen types of descrip-
tive comma tags have been defined.

Fig. 2 and 3 show the Finite State Automata which identify relative clauses and
appositions. The first tags commas which enclose reduced relative clauses. So, for
example, in the sentence: John, urged on by his classmates, walked up to the board.
The term NP represents any tag that can occur in a noun phrase, and PP represents the
set of preposition tags.

Fig. 2. The FSAs which identify commas enclosing relative clauses.

Fig. 3. The two FSAs which tag commas enclosing appositions.

The second FSA in Figure 3. (bottom left) tags commas enclosing relative clauses
which are introduced by a Wh-Determiner or Wh-Pronoun, a preposition followed by
a Wh-Determiner or Wh-Pronoun, or a noun phrase which is then followed by a
preposition and a Wh-Determiner or Wh-Pronoun. The following three sentences are
examples of these cases, respectively: Mary wanted to study with John, who was
currently out of town. Denmark has many busy seaports, of which Copenhagen is the
most important.  Frank read five books this year, the first of which he like the most.
The last FSA(bottom right) tags the comma which concludes a relative clause starting
a sentence. For example: Urged on by his students, John approached the black board.
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The first apposition FSA in Fig. 3 tags the comma which introduces an apposition
and the comma that concludes the apposition if one is present. For example in the
sentence: She wanted to study with John , the best student in  the class.  The second
apposition FSA is for appositions starting a sentence and appositives the noun phrase
which directly follows it. For example in the sentence: A good student, John showed
up to class everyday on time. On arc 6, VP represents any tag in a verb phrase.

An important aspect of the comma is that it can delimit numerous syntactic rela-
tions simultaneously. For example, In the Fall of 1992, a great year for sports, my
favorite team won the World Series. Here the first comma concludes a prepositional
phrase, but also introduces an apposition. Every comma FSA is considered for every
comma in the sentence, and a temporary set of comma tags are assigned to each
comma. A co-occurrence matrix identifies which comma tags can occur with each
other, removing incorrect co-occurrences. This is different to the conjunction and
partial parsing application of FSAs since conjunctions and syntactic relations require
only one descriptive tag. van Delden and Gomez [4] also show that this co-
occurrence matrix can be automatically acquired using a greedy learning alogorithm
which is similar to transformation-based learning techniques([3], [12]).

Comma tag information is used by the conjunction tagger as well as the partial
parser. Since many coordinating conjunctions occur in close proximity to commas,
we found that over 30% of conjunctions could automatically acquire their tag from
comma tag information. These results were obtained by an inspection of Section 23
of the Wall Street Journal Penn Treebank 3. Since the comma tagger achieves 95%
accuracy on correctly tagged text, this proves to be a good bases for the conjunction
tagger.

Relying on part-of-speech, comma, and conjunction tags, the partial parser FSAs
produces the final partial parse of the sentence. The syntactic relations identified here
will be used in the searching strategy.

3 Search Strategy

First the noun phrases which have been identified by the partial parser are searched
for in the problem reports. Each report that matches at least one constituent of a noun
phrase is given a score and recorded. Pronouns and determiners are removed from the
noun phrases. The searching strategy is as follows:

report-score = 0
FOR EACH noun phrase in question
 np-score = 0

FOR EACH sentence in report
    t-score = # of constituents in common
    IF(np-score < t-score)

  np-score = t-score
    report-score = report-score + np-score
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Each noun phrase is compared with each sentence in the report. The sentence which
matches the most constituents in the noun phrase determines the score of that par-
ticular noun phrase. The constituents of the noun phrase are matched in the context of
the entire sentence disregarding the order of the constituents. All noun phrases in the
question generate scores for a particular report. These are combined to form a total
report score. For example, the following question and example text illustrates this
idea:

Is there a large white house in New York for sale?

Mr. York purchased a boat.
A house which is large and white is for sale.
The house is in New York.

Since pronouns and determiners are disregarded, the three noun phrases that will be
searched for are: large white house, New York, and sale. Large white house will gen-
erate a score of 3 for the second sentence. This will remain its score since the third
sentence will only generate a score of 1. New York will first be given a score of 1 by
the first sentence, but the last sentence will change this score to 2. Finally, sale gener-
ates a score of 1 from the second sentence. The total score would be 6 for this sample
text, given the question asked.

Identifying noun phrases and searching for them only in the context of a single
sentence reduces the number of irrelevant reports returned. For example, consider the
question: Is there a large white boat for sale in New York? If a mere match is per-
formed between the noun phrase constituents across any sentence and in any order,
this sample text above will also generate a score of 6 for this question. This is unde-
sired since the sample text is clearly more relevant to the first question than the sec-
ond one. Using our method, the sample text will only generate a score of 5 for the
second question, making the sample text less relevant for this question.

Once all reports have been scored. The report with the best score is chosen first
and returned to the user. Any remaining reports with a score that at least 75% of the
best score are also returned. If there is a tie for the best score, one report is randomly
chosen and returned first. If there are more than five reports with a score of at least
75% of the best score, verb phrase information is used to narrow in on the most rele-
vant reports – see Section 3.2.

3.1 Enhancing Noun Phrase Matching

Two enhancements were made to increase the number of relevant reports returned: 1)
a bigram stemmer, and 2) irregular verb conjugates.

Instead of only including morphological variations of the constituents in the noun
phrase searches, the bigram stemmer[5] returned more relevant reports because of the
nature of the problem reports. Since the problem reports were inputted by engineers
at remote terminals in an informal manner, they contained not only several typos but
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abbreviations that would not be recognized by morphology. For example, trying to
match the broken bearing with the brokn bearing. Neither morphology or irregular
verb conjugates with help to match broken with brokn. This could have been a typo
by the NASA engineer or probably just an impromptu abbreviation of the word while
entering the report. The bigram stemmer calculates a similarity measure between the
two words, in our case Dice’s coefficient was used:

S = 2C /(A + B) (2)

where A is the number of unique bigrams in the first word, B is the number of unique
bigrams in the second word, and C is the number of bigrams shared by A and B.
Applying this to our previous example:

broken => br ro ok ke en => A is 5
brokn => br ro ok kn => B is 4
C is 3 – br, ro and ok

This yields a similarity measure of:

S = 2*3/(5+4) = 6/9 or .67

Using the recommended cutoff similarity measure of .6[5] would produce a match on
these words even though there is a misspelling in the word.

Even though a bigram stemmer can be used to match many morphological terms,
it cannot find matches between irregular verb conjugates. For example, a bigram
stemmer will find a match between reports and reported, however, it would fail at
matching buy and bought. To remedy this problem a list of irregular verbs was ex-
tracted from the Collaborative International Dictionary of English [6].

Over four hundred irregular verbs were automatically extracted from this re-
source. This list proved to be useful in matching noun phrases as well as verb
phrases, because of the nominalization of irregular verbs. For example, consider the
following question that was posed by a NASA engineer: What causes excessive wear
on the ET door latch paddles? A problem occurs with the noun phrase excessive
wear. Wear is a nominalization of the irregular verb to wear. In the most relevant
report to this question, however, only the conjugate form worn occurs: …forward and
aft et door latchs are worn where roller hits latch lock indicator…. Including the
conjugate form worn produced a noun phrase match, increasing the relevance of this
problem report.

3.2 Verb Phrase Matching

Verb phrase information is used when too many reports have been produced by the
noun phrase matcher. All reports with a score that is at least 75% of the best score are
used in the search. The algorithm is similar to that of the noun phrase matcher de-
scribed earlier in Section 3. The verb score of the report is added to the report score
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that was generated by the noun phrase matcher. Once all reports have been evaluated,
the report with the new best score is chosen and returned along with any other reports
which have a score of at least 75% of the best score.

If there are still many reports with scores over 75% of the best score, only the top
five are returned. In cases such as these, the user is recommended to try re-phrasing
the question or making it more specific.

Similar to the noun phrase matcher, both the bigram stemmer and irregular verb
conjugates have been incorporated into the verb phrase matcher to improve perform-
ance. Auxiliary and modal verbs are removed from verb phrase searches.

4 Evaluation

The system was evaluated with a set of fifty five questions created by NASA engi-
neers. The fifty five questions were asked to the Mechanical database which contains
over five hundred problem reports ranging in size from fifty words to almost two
thousand words. The results are shown in Table 1. The most relevant report was al-
ways found within the top three reports returned, and was the first report found for
82% of the questions.

Table 1. Evaluation results from a set of fifty five test questions created by NASA engineers.

Most Relevant Report Returned

First 82%

In Top Two 95%

In Top Three 100%

In the case of a tie of the best report scores, the best reports are returned in random
order. For example, when the most relevant report was returned second, it sometimes
had a score equal to the first report returned.

Similarly, when the most relevant report was returned first, the second report
sometimes had an equally good score. The aim of this research was not to always
return the most relevant report first, but within the top five. The strategy described
here exceeded our expectations for the set of test questions by returning the most
relevant report within the top three. Since there were about five hundred reports,
this can be considered a filtering of irrelevant reports with an accuracy of 99.4%.

5 Future Research

This system so far solves an information retrieval problem by incorporating natural
language processing. A small set of relevant reports are filtered out of a larger data-
base. Currently, the database has about five hundred reports and the system returns
the most relevant report within the top three. A NASA engineer can use this system to
find previous dispositions to problems that have already been encountered.
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Future research on this project is two fold: 1) Enhancing information retrieval, and
2) Extracting knowledge from the most relevant reports. As more problem reports are
added to the database, the information retrieval techniques current employed maybe
not be sufficient to always return the most relevant problem reports. Since our partial
parsing system assigns syntactic roles to the commas in the question, the search strat-
egy could be enhanced to incorporate this information. For example, consider the test
question: Has pitting increased on MWA inner bearing races, which were flown with
known pitting? Using comma information, which were flown with known pitting is
identified as a relative clause. When searching for the noun phrase MWA inner bear-
ing races, a higher score can be given to the report in which MWA inner bearing
races is being modified by flown with known pitting or a variation there of. Currently,
even if these two relations occur in separate sentences, they will receive the same
score as when they are found in the same sentence. Similarly, the conjunction tags
may be incorporated in the search strategy to score reports differently.

WordNet[11] might also enhance the search strategy. Incorporating WordNet syn-
sets has been shown to improve recall[14] because more relevant documents, that do
not include the specific query terms, are matched. However, there have been few
successful applications using WordNet to improve precision. Gonzalo et al.[9], how-
ever, does describe how incorporating WordNet synsets in the indexing space im-
prove performance. Including some of these techniques may also improve the accu-
racy of our system.

The second focus of future research is to extract knowledge from the most relevant
reports that have been filtered out of the database. After a partial parse of both the
question and the most relevant problem reports are created, a more sophisticated
analysis can be performed to directly answer the question. For example, return a yes
or no for a yes/no question, including an explanation which supports your answer.

The first step in this process would be a semantic analysis of the sentence. Gomez
([7], [8]) explains an algorithm which uses an enhanced WordNet to determine the
meaning of the verb as well as its thematic roles, adjuncts and prepositional phrase
attachment. The algorithm is based on predicates that have been defined by Gomez
for WordNet verb classes. The thematic roles in the predicates contain information
about the grammatical relations and ontological categories that realize them. The
ontological categories belong to WordNet noun ontology, which has undergone reor-
ganization and modification as dictated by the semantic interpretation algorithm. The
use of the semantic interpreter will allow not only to obtain more precise answers, but
also to mine the texts in search of semantic patterns across a large number of reports.
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Abstract. We describe our work on information extraction from multi-
ple sources for the Multimedia Indexing and Searching Environment, a
project aiming at developing technology to produce formal annotations
about essential events in multimedia programme material. The creation
of a composite index from multiple and multi-lingual sources is a unique
aspect of this project. The domain chosen for tuning the software compo-
nents and testing is football. Our information extraction system is based
on the use of finite state machinery pipelined with full semantic analysis
and discourse interpretation.

1 Introduction

The vast amount of multimedia information available and the need to access
its essential content accurately to satisfy users’ demands encourages the devel-
opment of techniques for multimedia indexing and searching. It is well known
that there are no effective methods for automatic indexing and retrieving of im-
age and video fragments on the basis of analysis of their visual features. Some
projects, like Pop-Eye and OLIVE [10], exploit collateral linguistic media as
a means for the automatic identification and indexing of relevant multimedia
material. Pop-Eye uses subtitles to index video streams offering time-stamped
text to satisfy user queries. OLIVE uses ASR to generate transcriptions of news
reports indexed in ways similar to Pop-Eye. Semantic Video Indexing [7] is a
proposal emphasizing the use of domain knowledge to index and retrieve video
material, but has not been implemented. The Informedia Projects I and II
(http://www.informedia.cs.cmu.edu) combine visual features and shallow lan-
guage analysis (i.e., keyword spotting) to characterize multimedia content.

The Multimedia Indexing and Searching Environment (MUMIS) Project1 is
the first multimedia indexing project which carries out indexing by applying
1 MUMIS is an on-going EU-funded project within the Information Society Program

(IST) of the European Union, section Human Language Technology (HLT). Project
participants are: University of Twente/CTIT, University of Sheffield, University of
Nijmegen, Deutsches Forschungszentrum für Künstliche Intelligenz, Max-Planck-
Institut für Psycholinguistik, ESTEAM AB, and VDA.

B. Andersson et al. (Eds.): NLDB 2002, LNCS 2553, pp. 160–171, 2002.
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information extraction to multimedia and multilingual information sources in
Dutch, English, and German, merging information from many sources to im-
prove indexing quality, and combining database queries with direct access to
multimedia fragments on the multimedia programme.

In this paper, we present our approach to Information Extraction from En-
glish texts that is based on the use of finite state machinery pipelined with full
semantic analysis and discourse interpretation. The rest of the paper is orga-
nized as follows: in Section 2 we give an overview of the MUMIS project, then in
Section 3 we introduce the English Information Extraction System. In Section
4, we describe our approach to syntactic parsing and semantic interpretation.
Discourse interpretation and coreference resolution is presented in Section 5, and
finally, in Section 6 we present our conclusions.

2 Project Overview

In MUMIS various software components operate off-line to generate formal an-
notations from multisource linguistic data in Dutch, English, and German to
produce a composite index of the events on the multimedia programme. The do-
main chosen for tuning the software components and for testing is football, and
in particular the Euro 2000 Championships. This subject was chosen because
of the huge amount of information available on the domain, as well as for the
economic and public interest. An analysis of the domain has led us to propose
31 types of event for a football match (kick-off, substitution, goal, foul, red card,
yellow card, etc.) that need to be identified in the sources in order to produce
a semantic index. The elements to be extracted that are associated with these
events are: players, teams, times, scores, and locations on the pitch.

A corpus of collected textual data in the three languages was used to build a
multilingual lexicon and shared ontology of the football domain. Based on this
shared model, three different off-line Information Extraction components, one
per language, were developed. They are being used to extract the key events
and participants from football reports and to produce XML output. A merg-
ing component or cross-document coreference mechanism has been developed
to merge the information produced by the three IE systems. Audio material is
being analysed in order to obtain transcriptions of the football commentaries
(spontaneous speech). Keyframes extraction from MPEG streams around a set
of pre-defined time marks - result of the information extraction component - is
being carried out to populate the database.

The on-line part of MUMIS consists of a state of the art user interface allow-
ing the user to query the multimedia database (e.g., “The fouls committed by
Beckham”). The user is first presented with selected video keyframes as thumb-
nails that can be played obtaining the corresponding video and audio fragments.

3 Overview of the English Information Extraction System

Our system is conceptualised as a Java front-end system based on finite state
transduction followed by a Prolog back-end system for inference over a classi-
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Fig. 1. English Information Extraction System Architecture

fication hierarchy implemented in SICStus Prolog. The system architecture is
shown in Figure 1.

The finite state machinery is based on ANNIE, a free IE system avail-
able as part of GATE, a General Architecture for Text Engineering [3] (see
http://gate.ac.uk/). The input to the process is a document that is automat-
ically transformed into a GATE document: a structure containing the “text”
of the original input and a number of annotation sets. Each component in the
pipeline adds new information to the document in the form of annotations. An
annotation has a type, a pair of offsets, and a set of feature-values that allow
encoding orthographic, lexical, syntactic, and semantic information. The finite
state components of the system are:

– Unicode Tokeniser that splits the text into very simple tokens such as num-
bers, punctuation and words of different types;

– Gazetteer Lookup process that identifies and classifies key words related to
particular entity types in a particular domain. For MUMIS, we have collected
information in order to identify players, trainers, referees, time markers, as
well as stadiums, and sites. Features such as the affiliation and the position
of each player in the Championships are particularly important for discourse
interpretation (e.g., the team affiliation and position helps during entity
coreference); and

– Semantic Tagging: it identifies and classifies more complex sequences of to-
kens in the source document. We use JAPE (Java Annotation Pattern En-
gine) [3], a pattern-matching engine implemented in Java, to identify and
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annotate regular expressions over annotations. JAPE grammars are sets of
rules which act on annotations assigned in earlier phases, in order to produce
annotated entities. The rules are separated into two parts: the left hand side
(LHS) of the rule performs pattern-matching; the right hand side (RHS) of
the rule describes the annotation to be assigned. On the LHS, the pattern
is described in terms of the annotations already assigned while the RHS of
the rule contains information about the annotation to be produced, includ-
ing attributes and their corresponding values. Distinctive characteristics of
JAPE grammars are the possibility of specifying context for the pattern,
control strategies and priority for triggering of the rules, and Java code that
is executed whenever the LHS of the rule matches the annotations, allowing
for a deeper level of analysis. JAPE uses a compiler that translates grammar
rules into Java objects that target the GATE API (and a regular expression
library). JAPE grammars were also used to develop the rule-based sentence
splitter used in the system.

These processes are essential to identify as early as possible typical expres-
sions and domain jargon that can be semantically interpreted without relying on
full parsing. For example, an expression like “Fiore (Totti, 82)” indicates sub-
stitution, and can be identified with gazetteer lookup and a regular grammar.
Additional processing using Java code in JAPE is done to extract semantic fea-
tures (the player that goes in “Totti”, the player that goes out “Fiore”, and the
time of the event “83”).

Regular grammars and semantic tagging components were developed through
careful corpus analysis. We evaluated the performance of our semantic tagger
in the named entity recognition task using GATE’s automated precision and re-
call evaluation tool AnnotationDiff [3]. As our training corpus refers to matches
where ‘England’, ‘Germany’ or ‘Holland’ participated, we are relying on unseen
texts reporting other events to evaluate our named entity recognition compo-
nent. We have manually annotated with category ‘Person’ the set of all BBC
reports about matches of the Group B of the Euro2000 championships: these
constitute our gold standard for evaluation. In group B none of the above men-
tioned countries participated. Our semantic tagging component for the ‘Person’
(e.g., players) category was measured at 91% precision, 76% recall, and a com-
bined F-measure of 82% (when precision and recall are equally weighted). This
compares favourably with results obtained using a ‘default’ named entity recog-
nition system that also uses gazetteer and grammar rules. The baseline system
obtained 91% precision, 30% recall, and 45% F-measure.

The finite state mechanism is complemented with an orthographic name
matcher process that looks for association between named entities by verify-
ing a set of rules (e.g., “D. Beckham” and “David Beckham”). The information
produced by this module is used during discourse interpretation.

4 Parsing and Semantic Interpretation

While the software components being developed are adaptable to any kind of
football report, in this paper we focus on the analysis of tickers. Ticker reports
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are in essence dynamic texts: a verbal account of events over time stamps, and
this fact is taken into account during analysis: scores change as well as players
leaving or entering the game. These texts also have a specific text structure that
we take into account when parsing. We have developed a simple pre-processing
step that identifies ‘ticker header’, where information about lists of players and
the result of the game is usually stated, and ‘ticker sections’ grouping together
sentences describing events under single time stamps. These sections are different
from traditional paragraphs because they can either span multiple paragraphs
or even a paragraph can contain multiple ticker sections. Other textual sources
(e.g., match reports and comments) do not provide such rich temporal informa-
tion, nevertheless they contain complete event descriptions (“David Beckham - a
muted force in attack - was shown a yellow card for a late challenge on Kirsten”).
Match reports and comments have paragraph structure that is identified by the
GATE document structure analyser.

Part of speech tagging is done with an implementation of the “independence
and commitment” learning approach to POS tagging [8]. For MUMIS, we have
enriched the default lexicon produced by the learning step with our own vocab-
ulary. The lexicon of the domain was obtained from the corpus and appropriate
part of speech tags were produced with the help of the CELEX database [1]. We
have also implemented a rule-based lemmatiser that produces an affix and root
for each noun and verb in the input text. The external lemmatiser program is
implemented as a set of regular expressions specified in flex and translated into
C code.

We are using an implementation of the Bottom-up chart parsing described in
[6], enriched with semantic rules that construct a naive semantic of each sentence
in first order logical form. The parser is complete in the sense that every analysis
licensed by the grammar is produced, though there is a mechanism to control
this. On completion a “best parse” algorithm is run to select a single analysis of
the sentence, which may be partial if no tree spanning the whole sentence can
be constructed. The parser uses two grammars: the first is a domain dependent
grammar used to produce logical forms for the entities of the football domain;
the second is a context-free phrasal grammar of English enriched with features
and values, that has been used in many Information Extraction projects [2].
It consists of a sequence of subgrammars for: noun phrases (NP), verb phrases
(VP), prepositional phrases (PP), relative phrases (R) and sentences (S). The
semantic rules produce unary predicates for entities and events (e.g., player(e1),
save(e2)) and binary predicates for properties (e.g. lsubj(e1,e2)). Constants (e.g.,
e1, e2) are used to represent entity and event identifiers. First order predicate
names are: (i) the citation forms obtained during lemmatisation; (ii) forms used
to code syntactic information (e.g. lsubj for the logical subject of a given verb); or
(iii) specific predicate names being used for domain modelling (e.g., player of).
Instantiated values of properties attached to events are used as the slot fillers
in the template representation the system is producing (e.g., the name of the
scorer in a goal event). As an illustration, the partial semantic representation
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for the sentence “41 mins: Beckham is shown a yellow card for retaliating on Ulf
Kirsten seconds after he is denied a free-kick” is shown below:

time_stamp(e416), time_count(e416,’41’), player(e419), name(e419,
’Beckham’), player_team_name(e419,’England’), midfielder(e419),
card(e422), adj(e422,yellow), retaliate(e423), time(e423,none),
aspect(e423,simple), voice(e423,active), player(e425), name(e425,
’Ulf Kirsten’), player_team_name(e425,’Germany’) ...

In Section 5.3, we will show how the semantics is used by the discourse
interpreter. The parser is written in SICStus Prolog (version 3.6.8). In order to
call the parser and to obtain the output back we rely on Jasper, a bi-directional
interface between Java and SICStus [12].

5 Domain Modelling and Discourse Interpretation

The discourse interpreter is based on a World Model representing the ontological
(or hierarchical) knowledge about a particular domain. The interpreter works by
mapping the information produced by the parsing and semantic interpretation
into an evolving Discourse Model of the input text. The World Model contains
rules allowing the deduction of new knowledge from the “explicit” information
found in the text, and also the connection between new and old instances men-
tioned in the input text (coreference).

entity(X) =⇒ object(X) ∨ event(X) ∨ attribute(X)
object(X) =⇒ time(X) ∨ person(X) ∨ soccer artifact(X)
person(X) =⇒ player(X) ∨ official(X) ∨ player collective(X)
player(X) =⇒ goalkeeper(X) ∨midfielder(X) ∨ ...
soccer artifact(X) =⇒ ball(X) ∨ goalmouth(X) ∨ goalpost(X) ∨ crossbar(X)
event(X) =⇒ substitution event(X) ∨ goal event(X) ∨ save event(X) ∨ ...
attribute(X) =⇒ functional(X) ∨ relational(X)
player of←− functional(X)
trainer of←− functional(X)

Fig. 2. Partial Ontology for the Football Domain

Football reports make reference to unique concepts and events: our corpus of
football reports and a user study helped in their identification (we used Word-
Smith [11] as the main tool for corpus analysis). Based on the corpus study we
have specified a world model of the football domain. We have adopted the XI
Knowledge Representation Language [5], a formalism that allows the user to
code and operate with symbolic knowledge. XI is compiled into Prolog, making
it possible to mix procedural knowledge with the basic declarative formalism’s
constructs. We have chosen XI because it has been proved successful in other
domains for information extraction [9].
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5.1 Knowledge Coding

XI provides basic language constructs to specify hierarchical relations. Individu-
als, classes of individuals, inclusion relations between classes of individuals and
multiple inheritance hierarchies can be defined and attribute-values may be as-
sociated with classes or with individuals. In XI, classes are represented as unary
predicates and individuals as atoms. An attribute or property is a binary predi-
cate, the first argument of which is the class/individual the attribute is assigned
to and the second being the value of this attribute. The value can be a fixed
term or a term that becomes instantiated in appropriate situations when new
knowledge is deduced during processing. Figure 2 gives an overview of our on-
tology of the football domain. Clauses A =⇒ B are used to specify ‘inclusion’
relations (all B is an A). Clauses I ←− C are used to specify ‘is a’ relations be-
tween individuals and classes (I is a C). Operators ∨ and & indicate disjunction
and conjunction respectively. Properties of individuals and classes are specified
through the props predicate in the form:

props({Class|Individual},[Properties])

where Properties can be unconditional or conditional on the current state of
the world. For example, to specify that “Paul Ince” plays for England we write:

props(e1,[player_of(e1,e2)])

where e1 is the constant for “Paul Ince” and e2 is the constant for “England”;
this is an unconditional property. In addition to the declarative operators, a
number of constructs can be used during deduction: A ⇒ B is used to verify
class inclusion (every B is a A), A ← B is used to verify if A ‘is a’ B, and
hasprop(I, P ) is used to verify if I ‘has property’ P (also, nodeprop(I, P ) can
be used to verify properties but only at the instance level). Properties can be
attached to individuals or classes conditionally on the actual state of the world.
Conditional properties are specified with the “if” operator (: −). We have cre-
ated our world model by defining the three types of properties required by the
discourse interpreter: (i) rules that prevent entity coreference (e.g., a player who
is playing cannot corefer with a player who is no longer playing); these are spec-
ified using the reserved predicate distinct, (ii) rules that allow the modification
of the discourse model with presuppositions of events and entities (e.g., a sub-
stitution event presupposes a player that is playing and a player that is on the
bench); these are compiled using the reserved predicate name presupposition,
(iii) rules allowing the modification of the discourse model with consequences
for events and entities (e.g., a goal event has as consequence a change in the
state of the game); these are defined using the reserved predicate consequence.
These rules also allow for completing the partial parse that the parsing process
might have produced. More than 300 rules for discourse interpretation have been
manually created for the MUMIS project.
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5.2 Knowledge Processing

Knowledge processing is done in the following way:

1. The naive semantics of each sentence produced during parsing is mapped
into an evolving discourse model of the text. Each element in the semantics
is mapped into a node in the hierarchy by consulting a conceptual dictionary.
Ambiguous predicates (e.g. goal for the event “to score a goal” and goal for
the object on the pitch “the two goal-posts and the crossbar”) are dealt with
by discourse interpretation rules that take into account the context of the
predicate. Predicates not found in the dictionary are mapped into objects or
events depending on their syntactic category (noun or verb). Attributes are
associated to instances using props constructs.

2. Presuppositions are added to the model. This causes the creation of new
hypothesised instances.

3. Object coreference is applied to solve instances produced by the parser or
by presupposition rules. The coreference mechanism will try to solve a hy-
pothesis using the current sentence, any unresolved hypothesis in this step
will be removed from the model.

4. Consequences are added to the model, any hypotheses will remain active
because they might be solved later as new information is processed.

5. Event coreference is applied mainly to merge partially instantiated events.

We model the dynamic nature of tickers by maintaining the “dynamic state
of the game”, a logical structure that records among other elements: the teams
playing, the time stamp under consideration, the players participating in the
game, the final score, and the score at particular time stamps. This structure
is the basis for many of the deductions the system has to make: for example
when the system needs to find the time of a particular event or when it needs to
decide which team scored the goal. The dynamic state of the game is updated as
the text is processed sentence by sentence. Note that in tickers, expressions like
“England 2 - 1 Germany” clearly indicate the state of the game, nevertheless,
out of context they do not provide enough information about the team that
scored the goal, actually the previous state of the game could be “England 1
- 1 Germany” or “England 2 - 0 Germany”. The “dynamic state of the game”
provides the information or context to disambiguate.

5.3 Coreference Resolution and Deduction

Event and entity coreference is the basic mechanism that allows the system to
fill in properties for each event in the domain. Coreference is a unification-based
process that is based on: (i) the notion of distance between nodes in the ontolog-
ical hierarchy; (ii) a measure of similarity between entities and events computed
using the values of associated properties (for example two players can be made
coreferent if they are found similar by the name matcher process); and (iii) rules
that constrain coreference. We use the basic coreference algorithm described in
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[4]. It is a general algorithm that requires careful coding of the semantic prop-
erties of events and entities of the domain. We approach coreference resolution
in a symbolic way by specifying a number of rules that constrain coreference.
Coreference rules are mainly negative in the sense that they specify when entities
should not corefer. A typical case is when two players participate in the same
event, the two players should be different. Another typical case would be an
event whose semantics indicate two players of the same team so the coreference
mechanism should ensure that player from different teams cannot participate in
that event. The rule below states that PLAYER1 and PLAYER2 are different if
they participate in the same GOAL event.

props(player(PLAYER1),[(distinct(PLAYER1,PLAYER2):-
GOAL <-- goal_event(_),hasprop(GOAL,player_1(GOAL,PLAYER1)),
hasprop(GOAL,player_2(GOAL,PLAYER2)))]).

Presuppositions allow hypothesis of entities essential to complete the seman-
tics of a particular event. A typical case is when the parser is unable to find the
logical subject or logical object of a domain verb, in which case they need to be
presupposed and passed to the discourse interpreter to complete the meaning of
the domain verb. The following rule, for example, deals with the addition of the
logical subject to the verb “save” in case the parser is unable to find the subject
with the grammar.

props(save(SAVE),[(presupposition(SAVE,[lsubj(SAVE,PLAYER)]):-
hasprop(SAVE,voice(SAVE,passive)),hasprop(SAVE,by(SAVE,PLAYER)))])

Presuppositions are hypotheses local to the sentence under analysis. The
rule below says that if the concept “substitution” is found, then presuppose
a “substitution” event and hypothesise two players where the first player is
introduced by preposition ‘for.’

props(substitution(SUB),[(presupposition(SUB,
[substitution_event(E),player(P2),player_1(E,P1),
player_2(E,P2),player_of(P2,TEAM)]):-
current_instances(I), member(P1,I),P1<--player(_),
nodeprop(P1,for(_,P1)),nodeprop(P1,player_of(P1,TEAM))))]).

Consequences also allow hypothesis of entities and events but in a more gen-
eral way, because they can be instantiated with entities coming from remote parts
of the document or not yet processed. The rule below indicates that PLAYER
plays for a given TEAM with name NAME (where NAME is knowledge coming
from the gazetteer lookup step on the finite state machinery).

props(player(PLAYER), [(consequence(PLAYER,[team(TEAM),
player_of(PLAYER,TEAM),name(TEAM,NAME)]):-
hasprop(PLAYER,team_name(PLAYER,NAME)))])
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The time of the event under consideration is instantiated by consulting the
property current time of the “dynamic state of the game” using the following
property:

props(event(EVENT),[(presupposition(EVENT,
[event_time(EVENT,TIME)]):-SOG <-- dynamic_sog(_),
nodeprop(SOG,current_time(SOG,TIME)))])

The treatment of the scores is similar to treatment of time stamps, the dy-
namic state of the game records the current score and so it can be retrieved as
each event is deduced.

The treatment of locations within this project is particularly challenging
because the IE system’s goal is to map location expressions into a 3x3 grid
representing the pitch. Locations on the pitch are different from locations in
traditional IE systems where they are usually identified by name. In football
reports, expressions like “the box” or “the left” indicate locations relative to a
particular team or player and are highly ambiguous. In our approach, we define
a number of conceptual locations associated with the teams (a team has “a box”,
“a left”, and “right”). When the teams are mentioned for the first time in the
ticker (England vs Germany) the coordinates of the grid are set for each team.
In order to obtain the correct coordinates for a linguistic expression like “the
English box” we rely on the identity of the team that qualifies the box (note that
if a player’s box is mentioned instead, his team will be used). Once the identity
of the team is obtained by explicit mention or by coreference, the coordinate can
be obtained with the following discourse rule:

props(the_box(X),[(coordinate(X,Y):-hasprop(X,team_of(TEAM,X)),
hasprop(TEAM,box_coordinate(TEAM,Y)))])

where team of is a property used to associate the team with the location and
box coordinate is used to associate the location with its coordinate. Other less
ambiguous expressions like “the centre of the field” are mapped directly into
their fixed coordinates.

5.4 Event Entailment and Event Coreference

Event entailment is particularly useful in dealing with tickers: some events in the
game are a clear consequence of one another. For example, if a player receives a
“yellow card”, a “foul” committed by that player can be hypothesised, as well as
the fouled player who might be unknown. This situation can be modelled using
the following piece of code:

props(trigger_foul_event(FOUL),[(presupposition(FOUL,
[foul_event(E),player(PLAYER2),player_2(E,PLAYER2),
event_time(E,TIME),event_type(E,’foul’),player_1(E,PLAYER1),
team_player_1(E,TEAM)]):-SOG <-- dynamic_sog(_),
nodeprop(SOG,current_time(SOG,TIME)),
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CARD <-- yellow_card_event(_),
nodeprop(CARD,event_time(CARD,TIME)),
nodeprop(CARD,player_1(CARD,PLAYER1)),
nodeprop(CARD,team_player_1(CARD,TEAM)))])

where trigger foul event is a special class used to map lexical items like “re-
taliate” or “challenge” that indicate fouling. Additional knowledge is used to
constrain coreference between the two players involved in the foul.

Event coreference is carried out to merge partially instantiated events. Con-
sider for example the text “Goal! England 1 - 0 Germany”: Both expressions
“Goal!” and “England 1 - 0 Germany”, are used to indicate a goal event; if two
goal events are deduced from the text, the event coreference mechanism should
merge them using constraints such as the time stamp of the events and the par-
ticipating players and teams. This is carried out with specific Prolog code. A
template extraction and writing algorithm is used to read the events deduced
by the system and to produce XML output.

6 Conclusion and Future Work

MUMIS is the first multimedia indexing project which carries out indexing
by applying information extraction to multimedia and multilingual information
sources, merging information from many sources to improve the quality of the
annotation database, and combining database queries with direct access to mul-
timedia fragments.

In this paper, we have presented our approach to IE. We have been success-
ful in the integration of two complementary paradigms: finite state machinery
implemented in Java with full syntactic analysis and discourse interpretation
implemented in Prolog. The system is complete and operative and we are in the
process of producing complete XML annotations for the full corpus.

Our work in progress involves formal evaluation of the information extraction
task, which is being carried out using gold standards produced by annotators.
Future work will address information extraction from transcribed spoken com-
mentaries.
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Abstract. To search a large dictionary for a collocation expressing a desired
meaning, the human reader needs some kind of hierarchical structure that would
facilitate such search. In this paper, fragments of semantic classification of
modifiers are elaborated based on several highly modifier-productive nouns,
namely, common nouns person, action, look, corporation, and price, as well the
terms coating, medium, and check. By modifiers meant are adjectives, partici-
ples, or preposition phrases syntactically dependent on the nouns. The classifi-
cation rubrics proved to be heavily dependent on the modified headword noun
and are representative fragments of a Roget-like thesaurus. It is shown that the
modifiers under consideration are rather selective in their use, similarly to stan-
dard lexical functions (LFs) by Mel’�uk, while for many nouns LFs can be ab-
sent. The obtained classification rubrics can be used for other English nouns
and for other languages. Some deficiencies of the proposed rubrics are dis-
cussed.

1 Introduction

Let us consider modifiers of nouns in European languages. They are mainly adjectives
(beautiful flower) or participles (obliging woman). However, these languages use, for
the same semantic purposes, prepositional phrases (person of importance) and other
nouns in attributive function: in preposition (stone wall) or postposition (Spanish
palabras clave ‘keywords’). We will refer to all such modifiers as adjectivals.

The most developed electronic lexical databases—WordNet [4] and EuroWordNet
[6]—include ca. 20,000 different adjectivals for each language. Standard grammars
divide them semantically into two large classes: descriptive and relational adjectivals.
Some small classes of descriptive adjectivals are singled out, e.g., colors. As to rela-
tional adjectivals, no attempt to classify them semantically has been made in the
frame of the mentioned projects.

I. Mel’�uk [3, 7] had introduced syntactical and semantic relationships between
words called lexical functions (LFs). Among standard LFs there were proposed those
for descriptive adjectivals: Magn ‘large, intensive’, Bon ‘good’, and Ver ‘as it should
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be.’ For example, high = Magn(temperature), beautiful = Bon(flower), authentic =
Ver(signature). Combining them with the negation Anti, the antonymous functions
AntiMagn, AntiBon, AntiVer can be obtained: bogus = AntiVer(marriage). The
specific value of a LF depends on its argument, so a given LF determines the meaning
and the use of the corresponding adjectival. In other words, a noun to be modified
imposes restrictions on selection of its adjectivals in texts.

This suggests that modified nouns could help to develop semantic classification of
adjectival modifiers. To put it otherwise, the collocations ‘nounits adjectival modi-
fier’ are relevant for this purpose. Some references could be given on compiling col-
locations of this type [1, 2], but there have been no attempts to classify these colloca-
tions further.

If the majority of modificative collocations combine nouns with adjectivals in a
free manner based only on their semantics, any classification would be unnecessary in
linguistic applications. However, looking through large dictionaries—especially bi-
lingual ones—one can notice that lexicographers understand well that numerous lan-
guage-dependent modifiers should be given for each modifier-productive noun, to
prevent uncommon combinations in both comprehension and composition of texts. To
facilitate the selection of relevant combinations from this multiplicity, they should be
classified.

In this paper, we develop a few small subtrees of semantic classification based on
several modifier-productive English nouns. We intend to answer the following ques-
tions:

• Do the classification rubrics constructed for rather arbitrarily selected nouns de-
pend on the selection of these nouns?

• Are these rubrics valid for other nouns and languages? Can they form an integrated
classification system?

• Are lexical functions frequent among adjectival modifiers?
• What are advantages and disadvantages of the proposed classification rubrics?

We answer these questions by compiling and structuring several rather large modi-
fier sets. For this, we analyze numerous examples and distribute them by the proposed
rubrics. To reduce the total amount of examples given in the text without loosing
information on their available number, we preface each list of examples with an (N+)
sign denoting that this partial collection includes not less than N modifiers we have
found in general and terminological dictionaries. Any rubric may include both posi-
tive and negative estimates of the modificative feature, if this feature is scalable. Note
that we do not specify the required word order within the collocations: e.g., the modi-
fiers average and of distinction at the noun person correspond to the collocations
average person and person of distinction.

2 Modifier Set for Person

One of the most modifier-productive English nouns, person, is the argument of vari-
ous linguistic predicates, mainly evaluative. At the highest classification level, these
modifiers are divided into the rubrics corresponding to social, behavior, moral, intel-
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lectual, and outward (physical) features. Each rubric is then subdivided into more
fine-grained rubrics, possibly overlapping.

Social features:

• Significance (33+): average, beloved, dear, eminent, favorite, futile, great, highly
descended, humble, important, in high position, influential, insignificant, incon-
spicuous...

• Juridical status (21+): accused, aggrieved, artificial, convicted, displaced, exter-
ritorial, free...

• Reputation (14+): disreputable, esteemed, honorable, of excellent qualities, per-
fect, reputable...

• Publicity (12+):�anonymous, familiar, famous, infamous, intimate, known, mys-
terious, new...

• Exceptionality (19+): average, common, curious, distinctive, exceptional, extra-
neous, normal...

• Prosperity (12+): impecunious, indigent, poor, rich, prosperous, poverty-
stricken, superrich...

• Family status (5+): divorced, family, single, unmarried, widowed...
• Social class (8+): army, civil, country, navy, middle-class, rural, urban, working-

class...

Behavior features:

• Sociability (37+): adaptable, affable, agreeable, bashful, boring, candid, cheer-
ful, devious, difficult, direct, disagreeable, dreary, easy, easy-going, frank, for-
bidding...

• Breeding (30+): amiable, arrogant, attentive, audacious, backward, boorish,
coarse, considerable, courteous, crude, cultural, daring, haughty, ignorant, ill-
bred, impolite...

• Enterprise (12+): active, constantly occupied, creative, enterprising, inactive,
inventive, sly, versatile...

• Practicality (26+): business-like, careless, economical, efficient, experienced,
extravagant, helpless, idle, ill-advised, impractical, miserly, niggardly, practical,
self-destructive, sober...

• Consistency (16+): accurate, careless, conscientious, executive, inaccurate,
obliging, regular...

• Temper (51+): active, animated, ardent, capricious, energetic, enthusiastic,
fearless, fervent, firm, grave, gushing, high-strung, highly strung, hot, hot-
headed, hot-tempered, hysterical...

• Character (32+): arrogant, commanding, consequential, credulous, democratic,
despotic, dreamy, easy, frivolous, genuine, haughty, imperious, inoffensive, in-
trepid, iron, lazy, lukewarm...

Moral features:

• Kindness (26+): aggressive, amicable, benevolent, brutal, cruel, friendly, full of
kindness, heartless, hard, good, good-natured, kind, malicious, merciful, merci-
less, mild, nice, ruthless...
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• Moral level (29+): corrupted, crafty, dirty, dishonorable, deceitful, disinterested,
ethical, false, high-principled, ignoble, immoral, impartial, innocent, insidious,
magnanimous...

Intellectual features:

• Education (12+): advanced, aware, backward, unenlightened, educated, compe-
tent, illiterate...

• Endowments (11+): able, capable, colorless, genial, gifted, talented, of no tal-
ent...

• Luck (9+): fortunate, happy, ill fated, ineffectual, lucky, successful, unlucky...
• Intellect in general (31+): banal, brilliant, clever, common, commonplace, cun-

ning, immature, inquisitive, intellectual, intelligent, judicious, mature, meditative,
observant, witty...

• Skills (7+): handy, skillful, skilled, unskillful...

Outward features:

• Age (11+): adult, aged, elderly, along in age, middle-aged, of a certain age, old,
young...

• Health (9+): ailing, gouty, healthy, insane, rheumatic, sick, sickly, ulcerous,
unhealthy...

• Hairs (11+): bald, bearded, curly, curly-headed, dark-haired, fair-haired, hairy...
• Eyes (6+): big-eyed, blue-eyed, brown-eyed, dark-eyed, grey-eyed, narrow-

eyed...
• Skin (14+): black, colored, dark-complexioned, dark-skinned, of color, pale,

tanned, white...
• Mood (19+): angry, blue, contented, discontented, displeased, dissatisfied, glad,

merry, sad...
• Clothing (14+): dowdy, dressed up, frumpy, ragged, shabby, thread-bare, sleek...
• Neatness (5+): neat, sloppy, slovenly, tidy, untidy...
• Outward attractiveness (19+): attractive, beautiful, charming, disgusting, nice,

ridiculous, ugly...
• Size (6+): big, broad-shouldered, large, narrow-shouldered, small, tiny...
• Height (9+): high, of medium height, stocky, short, squat, strapping, tall, thick-

set...
• Strength (8+): decrepit, mighty, muscular, powerful, silky, sound, strong, weak...
• Build (20+): anorexic, athletic, delicate, emaciated, frail, gangly, leggy, long-

legged, long-limbed, pear-shaped, spindle-legged, of fine physique, rotund,
shapely, solidly built...

• Motion (4+): adroit, agile, clumsy, dexterous...
• Nutritional state (16+): bony, burly, corpulent, heavy, fat, lean, plump, obese,

well fed...
• Physical deficiency (12+): blind, crippled, cross-eyed, disabled, dumb, handi-

capped...

The abovementioned rubrics cover the vast majority of modifiers for person. As to
the rest of them, the following should be taken into account:
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• The closed set of quantifying, determining, and demonstrative modifiers (all,
some, many, few, both, another, certain, each, every, following, individual, next,
other, particular, this, same, single, specific, mentioned, former, last, latter...) is
important to specify nouns in communication. It seems impossible to invent a
common-language title for this set (maybe which). Note that such modifiers exist
for every noun.

• Modifiers can form idiomatic expressions like nether person ‘the lower part of
human body,’ whose meaning cannot be deduced from that of the components.
For other nouns, idioms can be more numerous.

It is also unclear how to classify, even while replenishing the classification scheme,
the modifiers like dead, possible, special, catholic-minded, etc. Assigning a separate
rubric to each small group of modifiers makes the classification subtree too unbal-
anced. Otherwise, we have to assign the remaining items to the rubric Miscellanies,
introducing thereby a “dump” for the “nonstandard.”

3 Modifier Sets for Action and Look

The noun action is a predicate with an abstract meaning, having no arguments except
for the subject (who takes an action?). As to the modifiers, this predicate is an argu-
ment of at least two evaluative predicates. One of them reflects the correspondence of
the action to the norms of the human community and reasonable behavior. The other
reflects the method by which action was taken. Within the norm-oriented modifiers,
there is an additional subdivision by the types of the norms under consideration:

• Correspondence to the norms of:

– Moral and law (45+): adequate, abominable, amoral, bad, callous, crafty,
cruel, deserved, dishonorable, disgraceful, disgusting, disinterested, evil, fine,
fitting, foul, good, heartless...

– Common way of conduct (11+): boyish, diplomatic, gentlemanly, inexplicable,
natural...

– Reasonable conduct (13+): deliberate, foolish, idiotic, justified, logical, stu-
pid...

• Method, means or objective of taking the action: belated, collective, covert, dou-
ble, explosive, impressive, impulsive, joint, mental, overt, physical, preventive...

The modifiers of the noun look are classified based on the estimate of the effect
produced by the look, as well as on the emotional and physiological state of the look-
taking person. All these estimates are made by an outer observer.

• Outward effect (14+): bashful, comical, common, gentle, hangdog, idiotic,
kingly, mischievous...

• Emotional state (21+): brave, cloudy, concerned, contemplative, contemptuous,
contented, cowed, disappointed, downcast, ferocious, gentle, gloomy, guilty, in-
jured, sulky...

• Physiological state (5+): haggard, healthy, robust, sickly, unhealthy...
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Outward effect and emotional state could be classified further based on the rubrics
introduced for person.

4 Modifier Sets for Corporation and Price

The modifiers for the noun corporation are classified in the following way:

• Type of business (14+): business, charitable, civil, commercial, industrial, insur-
ance, political...

• Type of ownership (19+): aggregate, closed, government, joint-stock, municipal,
private, public, publicly-owned, sole, sponsored, state-owned, stock, trustee...

• Size and disposition (6+): big, foreign, multinational, small, top, transnational...
• Interconnection with other organizations (3+): affiliated, main, subsidiary...
• Availability and efficacy (6+): advanced, backward, offending, insolvent, shell,

thin...

The modifiers for the noun price are classified rather specifically:

• Level of the price for:

– buyer (22+): attractive, bargain, dear, exorbitant, attractive, fabulous, fair,
fancy, heavy, outrageous, outside, prohibitive, ransom, reasonable, smart,
soaring...

– seller (13+): asked, bed-rock, best, bottom, competitive, fair, honest, nominal,
premium...

– uninvolved observer (10+): buying, discriminative, dump, great, high, low,
moderate, pegged...

These three subsets overlap broadly. Nevertheless, it seems unreasonable to join
them. Indeed, only an uninvolved observer can call a price dump, while the buyer
qualifies it as low or reasonable, and the seller, as fair, honest, or premium.

• Scope of the price (51+): administered, agreed, all-in, all-inclusive, asking, base,
blanket, buying, carry-over, cash, ceiling, close, closing, consumer, contract, cost,
current, going, export, import, list...

• Variability of the price (10+): determined, dropping, growing, fixed, flat, inflated,
oscillating, pegged, reduced, standard...

5 Modifier Sets for Coating, Medium, and Check

The noun coating is the value of the lexical function Sres (= result) of the predicate ‘to
cover’ with four arguments: subject, object, means, and instrument. The correspond-
ing collocations are numerous, since this is a term and a term-generating nucleus
broadly used in technology. Among its modifiers, the arguments of coating occur in a
specific way: the subject is not reflected, but additional circumstantial arguments are
added: the goal of the coating and the main features of the coated object. Thus, the
modifiers were classified as follows:

• Object (what is covered?) (4+): airfield, deck, electrode, roadway...
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• Contents (with what is something covered?) (20+): asphalt, brass, copper,
enamel, lead, metal, oxide, paint, pigment, rubber, silicon, vitreous, zinc...

• Method (by what way is it covered?) (13+): cathodic, chemical-conversion, dip,
sprayed, surfaced...

• Goal (what for is it covered?) (19+): anticorrosive, antifouling, antifreezing,
antiradar, antisonar, antistatic, antirust, corrosion-resistant, decorative, diffu-
sion...

• Main property reached (10+): bright, flexible, nonrigid, nonskid, protective...

For the noun medium, we considered only sci-tech modifiers applicable to inani-
mate objects:

• Contents (7+): agar, aqueous, gaseous, dielectric, fluid, liquid, nutrient...
• Main property (46+): absorbing, absorptive, arc-extinguishing, active, aggres-

sive, bacteriological, enhanced, communication, conducting, cooling, corrosive,
defined, dense...

• Structure (12+): amorphic, anisotropic, continuous, homogeneous, isotropic,
solid...

• Scope (5+): extended, external, infinite, internal, unbounded...

The noun check is a linguistic predicate with the following arguments: the check-
ing subject, the object under check, and the object’s parameter to be checked. In tech-
nology, the set of its arguments is broader:

• Subject (who or what is checking?) (2+): author’s, designer’s...
• Object (what parameter is checked?) (30+): accuracy, consistency, credit, copy,

grammar, health, identity, validity... A peculiar subgroup is dope, antidope, drug,
antidrug, with the same meaning.

• Method by which something is checked (11+): automatic, comparative, competi-
tive, graphical, logical, marginal, program, programmed, residue, statistical,
summation...

• Quality with which something is checked (9+): accurate, all-round, attentive,
careful, close, detailed, exhaustive, meticulous, permanent...

• Scope of the check (9+): built-in, current, external, internal, periodic, run-time,
spot, static...

6 Can Proposed Rubrics be Used for Other Words?

Though we have considered in detail only few nouns, they are rather productive in
English, giving in total not less than 2,000 modificative collocations. Let us illustrate
now that the same rubrics can be used for some other nouns belonging to the modi-
fier-productive elite.

• The nouns human, man, woman, child, boy, lad, chap, fellow, guy, girl, lass
differ from person only by sex, age and/or literary style. All rubrics for person
prove to be directly applicable to these nouns as well. However, this does not
mean that specific modifiers are the same: for the same meaning, specific
modifiers expressing this meaning can be quite different for different nouns.
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• For the noun glance, similarly to look, modifiers reflect an emotion expressed
(admiring, amused, conspiratorial, cool, disapproving, furious...) and the manner
the glance is cast (backward, casual, cursory, fleeting, hasty, passing, penetrat-
ing, probing, quizzical, searching, sidelong...).

• For the nouns agency, organization, enterprise, firm, venture, house all rubrics of
corporation are valid.

• For the terminological nouns index and indicator, the some semantic arguments
of coating are applicable: a parameter under evaluation (aerodynamic, acoustical,
viscosity...), an estimate (low, unprecedented, high...), and a method (absolute,
aggregative, analytical, basic, main, integral...).

A tentative analysis of modifiers for Spanish nouns persona, acción, mirada, com-
pañía, precio, capa, medio, and inspección, approximately corresponding to the con-
sidered English nouns, has shown that the English-oriented rubrics are totally appli-
cable to these Spanish analogues. This proves that the rubrics can be used across
languages.

7 Can the Proposed Rubrics Form an Integrated System?

The rubrics introduced above form only several slightly overlapping disjoint classifi-
cation sub-trees, while overall dimensions of the total classification can be clarified
on the basis of a more massive analysis. However, we can consider these rubrics as
representative fragments of an integrated classification system.

At the upper level, nouns in any language are divided into two large semantic
classes: those for living beings (in their vast majority, humans) and for inanimate
entities, which can be the names of predicates (actions, processes, properties, etc.) or
objects (natural of artificial).

Living beings are characterized in social, behavioral, moral, intellectual, and
physical aspects. For them, morals and laws are introduced as usual way of life and
behavior. They have an emotional and physical state, opinion, etc.

For inanimate objects, the rubrics reflect at least the following aspects:

• Active semantic valencies of a given predicative noun, namely: subject (agent),
object (patient), objectives and way of functioning, materials and tools to be
used, structure, temporal and spatial scope of functioning, etc. Some of these
roles can be played by the entities considered by traditional grammars as circum-
stantial.

• Passive semantic valencies, namely: size, efficacy in reaching the objectives and
readiness to function (for organizations), important consumption features (for
products), etc.

• Passive co-valencies, which can be illustrated by the example of the triple price,
buyer, and seller. These notions are co-subordinated to the predicate selling,
meanwhile the set of modifiers for price depends on the two main participants of
the selling situation and an indirect participant (uninvolved observer).

Qualitative modifiers characterize the scalable parameters of nouns. The scalable
parameters with various or continuous values or only two opposite values can be
considered at an axis (scale). For example, nearly all modifiers characterizing pros-
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perity of a person can be roughly ordered from poverty-stricken to superrich. Many
entities have their own temporal and spatial scope, and then modifiers can character-
ize the variability of these values within this scope.

The scalable parameters sometimes correspond to the standard lexical functions
Magn, Bon, and Ver. However, the considered nouns are so versatile entities that it
turns to be difficult, if possible at all, to unambiguously specify these LFs for them.
For example, it is quite unclear what properties of person (a common word) or of coat
(a technical term) should be taken as Magn, Bon, or Ver. The properties usually
described by LFs are lost in the multiplicity of modifiers. However, the use of these
modifiers is rather selective, similarly to the standard LFs. According to Mel’�uk [3],
some highly restrictive modifiers can be considered as nonstandard lexical functions,
though without further research the use of this  term seems a mere slogan.

Obviously, the partial rubrics introduced above do not fit to any sci-tech thesaurus.
Indeed, the words appearing in such thesauri are mostly names of artifacts (technical
products), with the ‘genus–species’ relation between them as the basic one, while the
relations discussed above are much richer.

On the other hand, many of these rubrics, after corresponding changes, can be
identified with those in the most developed natural language thesauri like Roget [5].
In spite of that the latter is already 150 years old, it remains the most popular thesau-
rus for English, seemingly because of its recurrent modernizations. The basis structure
or such thesaurus is also a hierarchy, though it includes the set of abstract notions that
characterize such semantic roles as subject, object, goal, method, etc.

The titles of our rubrics have been selected understandable for the potential users
of any dictionary or collocation database. For purely practical reasons, common
words and word combinations have been taken for them. However, in this way we
sometimes can obtain poorly defined, partially synonymous, or even ambiguous titles.
For example, while selecting the title Moral features within the classification for
person, some vacillations are inevitable among synonymous variants, say, moral
aspects or moral characteristics. This means that a synonymous group (synset) with
the dominant titled moral features should be formed (this is easy if the dictionary is
implemented as a computer-based system rather than a paper book), to facilitate re-
trieval of this rubric with a query containing any synonymous option coming first to
the user’s mind.

Note that if we use totally disambiguated scientific constructs for these titles (they
sometimes occur in the Roget thesaurus), the users without any linguistic background
would not recognize such artificially constructed terms. Such users might not even
understand which of the given terms is broader in meaning. Hence, we suggest small
hierarchies forming a classification system of synsets, to facilitate end-user’s naviga-
tion through the whole title hierarchy.

8 Deficiencies of the Proposed Classification Scheme

Our analysis has shown that splitting the set of modifiers into subgroups with subtitles
motivated by their common semantic elements is quite possible. However, the imple-
mentation of the idea reveals some its deficiencies:
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• The development of a rather complete set of rubrics for all relevant nouns is not
easier than compilation of a new Roget-like thesaurus, for any given language.
Such a task seems affordable only for several hundred of the most modifier-
productive nouns.

• One cannot directly use the classification principles of existing thesauri, since the
classification should be carried out on different grounds for different headwords.
For example, the rubrics can be related to semantic valencies for some nouns and
to classes of properties for the other ones.

• It is usually impossible to select non-intersecting co-subordinated rubrics. A
typical example is character versus temper for person. It is unclear if these no-
tions are overlapping synonyms or two different sub-rubrics of a single rubric (as
we have given it in our classification), or sub-rubrics of two different rubrics, in-
tellectual features and physical features.

• Even when two given rubrics seem non-intersecting, the corresponding groups of
modifiers can intersect, since the same versatile modifier could appear in two or
more rubrics at the same time. For example, the modifiers high and low at prices
are equally used by the buyer, seller, and uninvolved observer.

• Only few nouns permit one-level (flat) classification. Usually, a classification
subtree for a noun contains several levels. The variability of levels seems to be
inevitable.

• Not for all rubrics an easily understandable title can be proposed. For example,
we failed to invent a good “layman” title for the set of quantifying and determin-
ing adjectives.

• Sometimes, some modifiers do not fit in any rubric among those already intro-
duced. In such cases, an individual rubric can be allotted to each of them, or they
all can be included into a special rubric Miscellanies. The latter strategy poses an
obstacle to information retrieval.

• As it was already mentioned, easy search within the joint hierarchy of rubrics
requires synonymous titles, since to remember or construct the “correct” title for
each rubric is practically impossible for the user.

9 Conclusions

A method of classification of modifier sets based on the semantics of modified nouns
is proposed. On this stage, we cannot propose how to automate the classification pro-
cess; however, even after solving the problem for several hundred of the most modi-
fier-productive nouns, the obtained classification scheme will be of both practical and
theoretical value.

From a practical viewpoint, the rubrics of modifiers in dictionaries or collocational
databases speed up the search of the desired modifiers, both for comprehension and
composition of texts: otherwise the user would have to look through large alphabeti-
cally ordered lists of all possible options.

In theoretical perspective, the proposed classification is a contribution to lexical
portrayal method. The more numerous the modifiers for the given noun, the more
precise the lexicographic portrait based on their classification.



182      Igor A. Bolshakov and Alexander Gelbukh

References

 1. Benson, M., et al. The BBI Combinatory Dictionary of English. John Benjamin, Amster-
dam / Philadelphia, 1989.

 2. Bolshakov I. A., A. F. Gelbukh. A Very Large Database of Collocations and Semantic
Links. In: Mokrane Bouzeghoub et al. (eds.) Natural Language Processing and Informa-
tion Systems. 5th International Conference on Applications NLDB-2000, Versailles,
France, June 2000. Lecture Notes in Computer Science No. 1959, Springer, 2001, p. 103-
114.

 3. Mel’�uk, I., A. Zholkovsky. The explanatory combinatorial dictionary. In: M. Evens (ed.)
Relational models of lexicon. Cambridge University Press. Cambridge. England, 1988, p.
41-74.

 4. Miller, K. J. Modifiers in WordNet. In: C. Fellbaum (ed.) WordNet: An Electronic Lexical
Database. The MIT Press, Cambridge/Londion, 1998, p. 47-67.

 5. Roget’s International Thesaurus. Fifth edition. HarperCollins Publ., 1992.
 6. Vossen, P. (ed.). EuroWordNet General Document. Vers. 3 final. 2000, 
www.hum.uva.nl/~ewn.

 7. Leo Wanner (ed.) Lexical Functions in Lexicography and Natural Language Processing.
Studies in Language Companion Series ser.31. John Benjamin Publ., Amsterdam,
Philadelphia 1996.



B. Andersson et al. (Eds.): NLDB 2002, LNCS 2553, pp. 183–190, 2002.
© Springer-Verlag Berlin Heidelberg 2002

Evaluating a Spelling Support in a Search Engine

Hercules Dalianis

NADA-KTH
Royal Institute of Technology

100 44 Stockholm, Sweden
���������	
�
�
�����

Abstract. The information in a database is usually accessed using SQL or some
other query language, but if one uses a free text retrieval system the retrieval of
text based information becomes much easier and user friendly, since one can
use natural languages techniques such as automatic spell checking and
stemming. The free text retrieval system needs first to index the database but
then it is just to search the database.
Normally a search engine does not give any answers to queries when the search
words does not exist in the index, therefore we connected a spell checker
module into a search engine and evaluated it.
The domain used was the web site of the Swedish National Tax Board
(Riksskatteverket, RSV), where the search engine was used between April and
Sept 2001. One million queries were made by the public. Of these queries 10
percent were "misspelled" or erroneous and our spell checker corrected around
90 percent of these.

1 Introduction

A search engine is a device that reads through a document collection and indexes each
word in each text and then builds an inverted index. The inverted index contains all
the words in the text collection and each word points at its corresponding document/s.
A search engine then searches the index to find the relevant documents. There is a
number of different ranking models, e.g., Boolean ranking, term weight frequency
and the vector space models, (van Rijsbergen, 1979).

Using a search engine entering key words does sometime not give any answer
either because the word is not in the index or because the user misspelled the word, or
because the user did not know the right inflection of the word as written in the index.

The information in a database is usually found using SQL or some other query
language, but if one uses a free text retrieval system the retrieval of text based
information becomes much easier and user friendly. The free text retrieval system
needs first to index the database but then it is just to search the database.

2 Previous Research

One method to increase recall in information retrieval is to use truncation or manual
word expansion but the most correct and efficient method is automatic inflection or
stemming.
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An automatic stemmer for Swedish is described in (Carlberger et al 2000), where it
is shown that for Swedish, stemming improves the precision and recall by 15 percent
and 18 percent respectively1.  One of the first attempts to use something between
stemming and spell checking to increase the recall was described by Pearce &
Nicholas (1993). They called it similarity score. One description of a spell checker for
English in a search engine can be found in Hodge & Austin (2001), where recall is
calculated to 97.5 percent. Both search engines Google (www.google.com) and
AltaVista (www.altavista.com) have spell checking systems connected to the search
engines though no evaluation is available. (We asked them and they said that their
spellchecker was good, but not how good in figures).

Misspelling can be carried out by three reasons either because the user does not
know the spelling or because of a typing error or because the user is not completely
sure about the spelling

Sometimes the mistake can be different spelling as: Kyrkskatt / Kyrkoskatt (Church
tax). This is similar to British or American spelling or that the concept can be close
but not really right (See Appendix).

According to Knutsson (Knutsson 2001) there are around 2.4 percent spelling
errors in texts written by second language users of Swedish.

In an investigation made by Hultman & Westman, (1977) on handwritten essays
made by Swedish high school students they had a range from 0.4 percent spelling
errors for the best students to 1.2 percent spelling errors for the worst students.
According to Kukich (1992) there are around 0.2 percent to 3 percent spelling errors
in English texts.

3 Issues

• Swedish word are very often compounds. What happens if the spell checker splits
the word in two or more elements, do the user obtain more answers? Does recall
increase?

• What is a misspelled word in the document collection?
• If the word occurs at least twice in a small document collection (< 6000 document)

is it then a correct word?
• How do we treat “misspelled” words in the document collection?
• Should misspelled words be indexed?
• Are the proposed corrections valid or valuable?
• Should the search engine propose not "correct" spelled word that can be in the

retrieved text?
• Can bad suggestions be filtered away?
• One other very important issue is how much a spelling correcting algorithm for

Swedish (or any other language) connected to a search engine would improve the
precision and recall?

Search scenarios
1) Search and find

This is the normal successful  case
                                                          
1 Precision = number of found relevant documents / total number of found documents

Recall = number of found relevant documents / total number of relevant documents
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2) Search and not find and no proposal of other spelling
This is the other normal not successful  case in a “normal” search engine.

3) Search and find and propose other spellings simultaneously.
This is possible the best scenario, the user obtains answer and gets also
some possible alternative spellings.

4) Search and not find and propose other spellings.
This is the RSV case where one gets some spelling proposals if no answer
is found.

5) The proposed spelling can be spelling mistakes performed in the text
collections by an author.
This scenario can give wrong impression to the seeker, how should we treat
these examples? Maybe scenario 3) can solve this problem. One more
possible option is to tell the user the number of hits with this particular
spelling so that s/he can get a picture of the frequency of the spellings.

6) The spell checker  splits compounds in two or more words. 
This is important since Swedes are very often influenced by English
compound splitting of words in their Swedish writing.

7) Spell check of a search word performing dictionary lookup
Not a good idea since the proposed spelling might not be at all in the index
and using the index as a will also make it possible to make spelling
corrections in many languages not only Swedish.

4 Building a Spelling Correction Algorithm

According to Kukich (1992), the four error types, insertion, deletion,  substitution and
transposition encompasses 80 percent of all spelling errors,  therefore we think that
connecting a spell checker with a search engine will assist the searcher a lot.

Our spell checking algorithm stems from Stava and Granska (Domeij et al 1994,
Carlberger & Kann 1999, 2000, Knutsson 2001) and makes specifically use of the
Edit-distance techniques described in (Kukich 1992). Normally spell checkers use
string matching techniques to a specific dictionary. In a search engine the spell
checker uses the index as lexicon, otherwise it might propose words which are not in
the index.

5 Experiment

From April to September 2001 the Swedish National Tax Board (Riksskatteverket,
RSV) used Euroseek’s search engine Euroseek Remote Indexing with Eurolings
(KTH) built-in stemmer and dynamic spell checker.

The RSV site had almost 6000 documents mostly in Swedish containing almost 11
million words. There is a very large discrepancy in the size of each document ranging
from very small documents around a half a page to several megabytes.

During the testing period from April to September 2001 we obtained 1 031 700
queries to the search engine  of these queries 101 446 (9.8 %) where errors (spelling
errors, similar spelling or words not in the index) to which our algorithms proposed
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alternative words, of these 9 percent where bad alternatives  and to 36 253 (3.5%) of
the total queries the system could not give any alternative at all (not in the Appendix).

Of the top 100 spelling errors the system gave 92 percent good suggestions and 40
percent of these contained split compound words, 22 percent was spelling errors and
30 percent was alternative spellings.

Some examples: (word => good suggestion)

40 percent of the good suggestions were compund splitting, see examples below.

utrikestraktamente => traktamente utrikes  (allowance abroad)
bilavgifter => avgifter bilar
expertskatt => expert skatt
skattejämkningsblankett => jämkningsblankett  skattejämkning

22 percent of the good suggestions were plain spelling errors, see examples below.

engångskatt => engångsskatt
giftemål => giftermål     (marriage)
jämnkning => jämkning
skillsmässa => skilsmässa   (divorce)
skiljsmässa => skilsmässa
skattejämnkning   => skattejämkning

30 percent of the good suggestions were alternative spellings or stemming, see
examples below.

engångskatt => engångsskatt
kyrkskatt => kyrkoskatt (church tax)
hempc => hem-pc
rotavdrag => rot-avdrag
arvsskifte => arvsskiftet
pharmasia => pharmacia
skattåterbäring => skatteåterbäring

Regarding compound splitting there is good idea to distinguish two cases, either there
is traktamente OR utrikes OR there is traktamente NEAR utrikes, the latter example
means that the words go together and have some relation.

In the Appendix we can see parts of the logs from RSV, we can also see that from
the logs one can build or hard code a synonym list to directly help the user. For
example if a common spelling error does not give any result then one can hard code
the correct result.

Yes, one should propose "misspelled" words when found in index. The automatic
indexing system does not know if a word is misspelled or not, since the system does
not have a lexicon to compare with. In the RSV case there is the word fastighetsskatt
meaning tax on real estate which is misspelled to fastighetskatt, (with one "s"),
meaning  cat on real estate. That misspelled document contained important
information on tax on real estate that of course should be found by the search engine
and presented.
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6 Conclusion and Future Improvements

We found that 10 percent of all queries to a search engine were in some sense
erroneous or where not present in the index.  Using our spelling correcting algorithm
corrected  92 percent of these errors, 40 percent of all suggestion included compound
splitting to obtain hits in the document collection, 22 percent were spelling errors and
30 percent were similar spelling or stemming.

To reveal the precision and the recall of the spell checker we would propose a new
experiment similar to the stemming experiment performed in Carlberger et al (2001),
where we compared precision and recall with and without a stemmer. The new
experiment would be to compare precision and recall with and without a spell
checker.

The experiment though need to be performed by giving the user implicit written
queries so s/he can not see the spelling or give them correct keywords orally.
This paper presents a novel approach and needs to be further evaluated.
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Abstract. The past decade has witnessed exciting work in the field of
Statistical Machine Translation (SMT). However, accurate evaluation of
its potential in real-life contexts is still a questionable issue.
In this study, we investigate the behavior of a SMT engine faced with a
corpus far different from the one it has been trained on. We show that
terminological databases are obvious resources that should be used to
boost the performance of a statistical engine. We propose and evalu-
ate a way of integrating terminology into a SMT engine which yields a
significant reduction in word error rate.

1 Introduction

SMT mainly became known to the linguistic community as a result of the seminal
work of Brown et al. [3]. Since then, many researchers have invested effort into
designing better models than the ones proposed in the aforementioned article
and several new exciting ways have been suggested to attack the problem.

For instance, Vogel et al. [19] proposed to overcome the independence as-
sumption made by IBM models by introducing order-1 Hidden Markov align-
ment models. In the same spirit, Toutanova et al. [17] introduced an HMM
alignment model which uses part-of-speech tags and which compares well to an
IBM-4 model. Yamada and Knight [21] suggested an interesting model in which
the noisy-channel takes as input a parsed sentence rather than simple words.
Marcu et Wong [12] proposed a joint probability model where both phrase- and
word- pairs are learned at the same time. Och and Ney [16] also described a
flexible maximum entropy model which can accomodate any selected feature in
a pair of source-target training sentences.

Other efforts have been made to take advantage of SMT in different ap-
plications. For instance, SMT has been embedded in an interactive translation
prototype (called TransType) whose task is to predict in real time what a
translator (translating a given source sentence) will type next [6]. SMT has also
been used in the context of information retrieval (IR): first as a way to perform
crosslingual IR [13]; second, as methodology in itself to perform monolingual IR
[2], where SMT is used to model how a document can be “translated” into a
query.

B. Andersson et al. (Eds.): NLDB 2002, LNCS 2553, pp. 191–202, 2002.
c© Springer-Verlag Berlin Heidelberg 2002
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Although there exists a vast amount of publications on MT evaluation, it is
not obvious to tell how well statistical translation can do on a given task. We
know that on a specific task of spoken language translation, Wang [20] provided
evidence that SMT compared favorably to a symbolic translation system; but
as mentioned by the author, the comparison was not totally fair. In any case,
it is well known that evaluating a translation system (statistical or not) is a
very difficult problem [1]. It is worth mentioning that the NIST’2002 machine
translation evaluation will be of a great help in providing a clear picture of the
state-of-the-art of machine translation, whatever the approach advocated1.

Evaluation campaigns such as the aforementioned NIST one are not nec-
essarily warrant of the adequacy of (S)MT in a real translation environment.
We prefer not to commit ourselves to defining what a real translation task is;
instead, we adopt the conservative point of view that a viable general-purpose
translation engine (statistical or not) is one that copes with texts that may be
very different in nature from those used at training time. This fairly general defi-
nition suggests that adaptativity is a cornerstone of a successful general-purpose
SMT engine. Curiously enough, we are not aware of much work on adaptative
SMT, despite the tremendous amount of work done on adaptative statistical
language modeling.

We must stress at this point that the scope of this study is limited to general-
purpose translation engines, despite the fact that the most sucessful systems in
the history of machine translation are restricted-domain MT systems; among
them, the METEO system [5] developed at the Université de Montréal and
which is used to translate Canadian weather reports since 1977.

In this paper, we propose to evaluate how a statistical engine behaves when
translating a very domain specific text, that is far different from the corpus used
to trained both our translation and language models. We first describe in section
2 our translation engine. In section 3, we quantify and analyse the performance
drop of an SMT engine trained on a broad-based corpus (the Hansard) when
translating a domain specific text (in this study, a manual for military snipers).
We then propose in section 4 a simple but natural way of improving a broad
SMT engine; that is, opening the engine to available terminological resources.
In section 5, we report on the improvement we observed by implementing our
proposed approach. Finally, in section 6 we discuss other approaches we feel can
lead to more robust translation.

2 Our Statistical Engine

2.1 Statistical Machine Translation in Brief

In this study, we built an SMT engine designed to translate from French to
English, following the noisy-channel paradigm first described by [3], and which
1 For more see: www.nist.gov/speech/tests/mt/doc/2002-MT-EvalPlan-v1.3.pdf.

The results of this evaluation campaign will be discussed at a dedicated meeting in
Santa Monica, July 2002.
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relies on equation 1, where eÎ1 stands for the sequence of Î target words (here
English words) to be found, given the source sentence (here a French one) of J
words fJ1 :

êÎ1 = argmax
I,eI1

P (eI1)︸ ︷︷ ︸
language

. P (fJ1 |eI1)︸ ︷︷ ︸
translation

(1)

Developping a SMT engine in this paradigm encompass two major steps:

– a modelling stage, which consists of designing models that (hopefully) cap-
ture enough structural dependencies of the translation process and whose
parameters can be estimated automatically from a bilingual corpus;

– a decoding stage, which consists in performing as efficiently as possible the
argmax operation of equation 1.

2.2 The Statistical Models

To train our statistical models, we assembled a bitext composed of 1 639 250
pairs of sentences that have been automatically aligned at the sentence level. In
this experiment, every token has been converted into lowercase before training.

The Language Model. The language model we used is an interpolated trigram
[7] we trained on the English sentences of our bitext. The perplexity of the
resulting model is fairly low – 65 –, which actually reflects the fact that this
corpus contains many fixed expressions (e.g pursuant to standing order).
Formally, the interpolated trigram model takes the form of a linear combination
of a trigram, a bigram, a unigram and a 0-gram models:

p(w|h) = λ3(w′′, w′)p3(w|w′′, w′) + λ2(w′′, w′)p2(w|w′) + (2)
λ1(w′′, w′)p1(w) + λ0(w′′, w′)p0(w),

where pi() is the empirical (relative frequency) distribution over i-grams (for
i > 0) and p0(w) is a uniform distribution over all words in the vocabulary. λi
is the weigth associated to pi() when w′′, w′ are the last two words in h, under
the constraint that

∑3
i=0 λi(w

′′, w′) = 1. A standard pratice is to consider the
weigthing coefficients to depend only on the frequency of the conditioning bi-
gram. Values for the weigths are estimated using the EM algorithm on a heldout
corpus.

The Translation Model. The inverted translation model we used in equation
1 is an IBM2-like model [3] which states an independance over the French tokens:

p(fJ1 |eI1) = p(J |I)︸ ︷︷ ︸
length model

J∏
j=1

p(fj |eI1) (3)
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The probability that a French word fj appears in the translation in position j
is calculated by the weighted contribution of each English word (following the
standard practice [3], an English word is added at position 0 to account for
French words without clear association in the English sentence):

p(fj |eI1) =
I∑
i=0

p(i|j, J)︸ ︷︷ ︸
alignment

p(fj |ei)︸ ︷︷ ︸
transfert

(4)

We assumed a normal distribution for the length model of equation 3. Ten it-
erations of IBM1-training2 were run first (reducing the perplexity of the training
corpus from 7776 to 90), followed by ten iterations of IBM2-training (yielding a
final perplexity of 54).

2.3 The Search Algorithm

We extended to a trigram language model the decoder described by Niessen et
al. [14]. The basic idea of this search algorithm is to expand hypotheses along
the positions of the target string while progressively covering the source one.
The search may be organized by the following recursion where QI(c, i, j, e) is the
probability of the best partial path ending at position i in ei1 and j in f j1 , where
the last word ei is e and where exactly c source positions have been covered:

êÎ1 = maxI{p(J |I).maxj,eQI(J, I, j, e)}
QI(c, i, j, e) = max{QSI (c, i, j, e), QnI (c, i, j, e)}
QnI (c, i, j, e) = maxl>0

∏j

j̃=j−l+1
{p(i|j̃, J).p(fj̃ |ei)}×

maxe′{p(e|e′back(e′)).
maxj′ [QI(c− l, i− 1, j′, e′).v(j, l)]}

QSI (c, i, j, e) = maxe′{p(e|e′back(e′)).QI(c, i− 1, j′, e′)}

(5)

where back(e) is an operator that retrieves the best target word that resulted
from the hypothesis being extended3, v(j, l) is a binary control function that
guarantees that the source positions within [j, j + l[ are free4; and p(J |I) is the
so-called length model. We assume here that the length (counted in words) of
French sentences which are translations of an English sentence of a given length
are normally distributed.

Though, a partial hypothesis is fully determined by four parameters: the
source and target positions, the coverage and the target word found at the target
position. Therefore, the search space can be represented as a 4-dimension table,
each item in this table containing backtracking information and the hypothesis
score.
2 An IBM1 model may be seen as a special case of an IBM2 model, where the alignment

probabilities are fixed at p(i|j, I) = 1/I + 1.
3 For instance if we extend the hypothesis the prime by the word e=minister, then e′

will be prime and back(e′) will be the.
4 In which case, v returns 1.
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Table 1. Active vocabulary A for the source sentence la loi anti-tabac. Words are listed
in alphabetical order. Words in bold are those used to built the best translation found:
the anti-smoking legislation.

a |A| A
5 15 act anti-smoking anti-tobacco bill bills house in law legislation no-

smoking non-smoking of the to tobacco
7 18 act anti-smoking anti-tobacco bill bills clause house in it law legis-

lation no-smoking non-smoking of on the to tobacco
10 24 act anti-smoking anti-tobacco bill bills clause house in it law legis-

lation no-smoking non-smoking of on the to tobacco
20 40 ’s . a act anti-smoking anti-tobacco at be bill bills by c-21 c-22 clause

for health house in is it justice law legislation legislative madam most
motion no-smoking non-smoking of on passed piece position situation
statute the this to tobacco

We know that better alignment models have been proposed and extensively
compared [15]. We must however point out that the performance we observed on
the hansard corpus (see Section 3 for the description of this corpus and perfor-
mance figures) with our engine is comparable to the rates published elsewhere
on the same kind of corpus. In any case, our goal in this study is to compare the
behavior of a SMT engine in both friendly and adverse situations. In our view,
the present SMT engine is suitable for such a comparative study.

2.4 Tuning the Decoder

Several tunings have been made on the decoder in order to reduce its compu-
tations without detrimentally affecting the quality of its output. The first thing
we do when the decoder receives a sentence is to compute what we call an active
vocabulary ; that is, a collection of words which will likely occur in the transla-
tion. This is done by ranking for each source word the target words according
to the joint probability argmaxe{p(e).p(f |e)}, where p(e) is given by a unigram
target language model, and p(f |e) is given by the transfer probabilities of our
inverted translation model) and keeping for each source word at most a target
words.

Increasing a raises the coverage of the active vocabulary, but also slows down
the translation process and augments the risk of admitting a word that has
nothing to do with the translation (see Table 1). We have conducted experiments
with various a-values, and found that an a-value of 10 offers a good compromise.

Last, we also prune the space to make the search tractable. This is done with
relative filtering as well as absolute thresholding. The details of all the filtering
strategies we implemented are however not relevant to the present study.

3 Performances of Our SMT Engine

3.1 Test Corpora

In this section we provide a comparison of the translation performances we
measured on two corpora. The first one (namely, the hansard) is a collection of
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Table 2. Main characteristics of our test corpora and global performance of our statis-
tical translator without any adjustments. |length| reports the average length (counted
in words) of the source sentences and the standard deviation; nbs is the number of
sentences in the corpus.

corpus nbs |length| SER WER
hansard 1038 〈16.2, 7.8〉 95.6 59.6
sniper 203 〈20.8, 6.8〉 100 74.6

sentences extracted from a part of the Hansard corpus we did not use for training.
In particular, we did not use any specific strategy to select these sentences so
that they would be closely related to the one we used for training.

Our second corpus we gathered (here called sniper) is an excerpt of an army
manual on sniper training and deployment that was used in an other study [10].
This corpus is highly specific to the military domain and would certainly prove
difficult to any translation engine not specifically tuned to such material.

3.2 Overall Performance

In this section, we evaluate the performance of our engine in terms of sentence-
and word- error rates according to an oracle translation5. The first rate is the
percentage of sentences for which the decoder found the exact translation (that
is, the one of our oracle), and the word error rate is computed by a Levenstein
distance (counting the same penalty for both insertion, deletion and substitution
edition operations). We realize that these measures alone are not sufficient for a
serious evaluation, but we were reluctant in this experiment to resort to manual
judgments, following for instance the protocol described in [20]. Actually a quick
look at the degradation in performance we observed on sniper is so clear that
we feel these two rates are informative enough !

Table 2 summarizes the performance rates we measured. The WER is close
to 60% for the hansard corpus and close to 74% on sniper; source sentences
in the latter corpus being slightly longer on average (21 words). Note any single
sentence was found identical to the gold standard translation on the sniper
corpus.

These rates serve as a very rough evaluation criterion, for it is not really
obvious what a 60 % word error rate means precisely. Table 3 helps to understand
these figures6.

The first example illustrates a typical bias of a translation evaluated against a
single reference: the system output is arguably as good as the oracle one (actually
it is even closer to the original sentence than the oracle translation is), but was
credited a WER of 11% due to the insertion of the word emerging. The other
5 Both corpora have been published in both French and English, and we took the

English part as the gold standard.
6 The full output of our translation sessions is available at the internet address:
www.iro.ummontreal.ca/∼felipe/ResearchOutput/NLDB2002
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examples illustrate the fact that a severe WER penalty may not fully warranted
in case of a translation that is only partially erroneous (this fact would have
to be confirmed by human judgments). In any case, we believe that an average
WER figure computed over a corpus allows us to capture general tendencies (a
definite decrease in WER is certainly indicative of better translations).

Table 3. Examples of translations made on hansard at various WER. SRC is the
sentence to be translated, REF is the oracle translation and CAN is the candidate
translation produced by the translation engine.

SRC cependant , il y a ici deux problèmes qui apparaissent .
REF however , there are two problems here .
CAN however , there are two problems emerging here . 11%
SRC nous sommes fiers de ces habitants de london et d’ autres canadiens qui

consacrent leur temps et leur énergie à bâtir un monde meilleur .
REF we are proud of these londoners and of other canadians who devote

their time and energies to improving our world .
CAN we are proud of these people of london and other people spend their

time and energy to build a better world
50%

SRC le mois de la nutrition
REF nutrition month
CAN in the month of nutrition 80 %

3.3 Analyzing the Performance Drop

The poor performance observed on the sniper text is mainly due to two reasons:
the presence of out of vocabulary (OOV) words and the incorrect translations
of terminological units.

In the sniper corpus, 3.5% of the source tokens and 6.5% of the target ones
are unknown to the statistical models. This means rougly that the OOV rate is
10 times larger in the sniper corpus. 44% of the source sentences and 77% of
the target sentences contain at least one unknown word. In the hansard text,
the OOV rates are much lower: around 0.5% of the source and target tokens
are unknown and close to 5% of the source and target sentences contain at
least one OOV words. These OOV rates have a clear impact on the coverage of
our active vocabulary. On the sniper text, 72% of the oracle tokens are in the
active vocabulary (only 0.5% of the target sentences are fully covered); whilst on
hansard, 86% of the oracle’s tokens are covered (24% of the target sentences
are fully covered).

It is more difficult to quantify the impact of the presence of terminological
units on the quality of the translation. This would normally require identifying
all the terms and their translations in our text. Furthermore, many words within
terminological units are not even known by the statistical models. An indirect
measurement of this impact can be seen in section 5 where we demonstrate that
introducing terminological entries improves the performances. Table 4 shows
some examples of mistranslated terminological units.
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Table 4. Examples of mistranslated terminological entries of the sniper corpus.

source term oracle translation
âme bore heart
huile polyvalente general purpose oil oil polyvalente
chambre chamber house of common
tireur d’ élite sniper issuer of elite
la longueur de la crosse butt length the length of the crosse

4 Integrating Non-probabilistic Terminological Resources

There are several ways to improve the situation. First, it may be the case that a
domain-specific corpus is available allowing to train specialized models that we
can combine with the general ones. Second, we could try to design an adaptative
translation engine. For instance, a cache-based language model could be used
instead of our static trigram model. The design of an adaptative translation
model is however a more speculative enterprise. It would at least require a fairly
precise location of errors in previously translated sentences; and we know from
the ARCADE campaign on bilingual alignments, that accurate word alignments
are difficult to obtain [18].

There is a third option, which involves taking advantage of existing termino-
logical resources, like Termium7, for instance. After all, one of a translator’s first
tasks is often terminological research; and many translation companies employ
specialized terminologists. Therefore it makes sense from the user’s point of view
to open a SMT engine to existing terminological lexicons.

Using terminological resources to improve the quality of an automatic trans-
lation engine is not at all a new idea. However, we know of very few studies
that actually investigated this avenue in the field of statistical machine transla-
tion. Among them, [4] have proposed a way to exploit bilingual dictionnaries at
training time. However, this does not solve the problem if the trained engine is
to be used to translate corpora that contain a specific terminology not seen at
training time. Therefore, we feel that an online approach to the problem is still
worth the effort.

One problem with terminological lexicons is that we can not expect them to
come with attached probabilities, and therefore, their online integration into the
decoder (see equation 5) is hopeless. We therefore propose to view any entry in
such a lexicon as a constraint that may be employed to reduce the search space.
For instance, knowing that sniper is a sanctioned translation of tireur d’élite,
we may require (or reinforce the fact) that current hypotheses should associate
the target word sniper with the three French words. Only the position of the
target translation is unknown.

We had to slightly modify our implementation of equation 5 in order to: 1)
forbid a given word ei from being associated with a word belonging to a source
terminological unit, if it is not sanctioned by the lexicon; and 2) add at any target
7 See http://www.termium.com/site/.
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position an hypothesis linking a target lexicon entry to its source counterpart.
Whether these hypotheses will survive intact will depend on constraints imposed
by the maximum operation over the full translation. The score associated with
a target entry ei

′
i when linked to its source counterpart f j

′
j in the latter case is

given by:
∑

k∈[i,i′]

log p(ek|ek−2ek−1) + max
l∈[j,j′]

log(p(k|l, J))

The rationale behind this equation is that both the language and the align-
ment models have information that can help to decide the appropriateness of
an extension: the former knows how likely it is that a word (known or not) will
follow the current history8; and the latter knows to some extent where the tar-
get unit should be. We hope in absence of a better mechanism (a cache-model
should be worth a try) that it will be sufficient to determine the final position
of the target unit.

5 Results

We considered three terminological lexicons whose characteristics are summa-
rized in Table 6; they essentially differ in terms of number of entries and therefore
coverage of the text to translate.

The first lexicon (namely sniper-1) contains the 33 entries used in the study
of terminological consistency checking described in [10]. The second and third
lexicons (namely sniper-2 and sniper-3) contain those entries plus other ones
added manually after an incremental inspection of the sniper corpus.

As can be observed from Table 6, introducing terminological lexicons into
the translation engine does improve performance, measured in terms of WER,
and this even with lexicons that cover only a small part of the text to translate.
With the narrow coverage lexicon, we observe an absolute reduction of 7%, and
a reduction of 10% with the broader lexicon sniper-3. Table 5 provides two
examples of translation outputs, with and without the help of terminological
units (TU). However, a systematic inspection of the outputs produced with TU
reveals that the translations are usually less faithful to the source text than the
translations produced for the hansard text. OOV words are still a problem.

6 Discussion

In this study, we have shown that translating texts in specific domains with
a general purpose statistical engine is difficult. This suggests implementing an
adaptative strategy. Among the possible scenarios, we have shown that opening
the engine to terminological resources is a natural way of softening the decoder.

In the same vein, Marcu [11] investigated how to combine Example Based
Machine Translation (EBMT) and SMT approaches. The author automatically
8 Our trigram model has been trained to provide parameters such as p(UNK|ab).
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Table 5. Two examples of translation with and without a terminological lexicon;
TU appear in bold.

SRC le tireur d’ élite voit simultanément les fils croisés et l’ image (l’ objectif) .
REF the sniper sees the crosshairs and the image - target - at the same time .
without the gunman being same son sit and picture of the hon. members : agreed .
with the sniper simultaneously see the crosshairs and the image (objective . )

SRC contrôle de la détente .
REF exercising trigger control .
without the control of détente .
with control of the trigger .

Table 6. Translation performance with different terminological lexicons. nb is the
number of entries in the lexicon and coverage reports the number of different source
entries from the lexicon belonging to the text to translate and the total number of their
occurrences.

lexicon nb coverage SER WER
sniper-1 33 20/247 99 67.4
sniper-2 59 47/299 98 66.2
sniper-3 146 132/456 98 64.3

derived from the Hansard corpus what he calls a translation memory: actually a
collection of pairs of source and target word sequences that are in a translation
relation according to the viterbi alignment run with an IBM4 model that was also
trained on the Hansard corpus. This collection of phrases was then merged with
a greedy statistical decoder to improve the overall performance of the system.

What this study suggests is that translation memories collected from a given
corpus can improve the performance of a statistical engine trained on the same
corpus, which in itself is an interesting result. A very similar study is described
in [8], in the framework of TransType, but with much more weaker results.
Besides the different metrics the authors used, the difference of performance in
these two studies may be explained by the nature of the test corpora used. The
test corpus in the latter study was more representative of a real translation task,
while the test corpus taken in the former work was a set of around 500 French
sentences of no more than 10 words.

Our present study is close in spirit to these two last, except that we do not
attack the problem of automatically acquiring bilingual lexicons, but instead
consider it a part of the translator’s task to provide such lexicons. Actually, we
feel this may be one of the only ways a user has of retaining some control over
the engine’s output, a fact that professional translators seem to appreciate [9].

As a final remark, we want to stress that we see the present study as a
first step toward a unification between EBMT and SMT, and in this respect we
agree with [11]. Of course, EBMT can offer much more than just a simple list of
equivalences, like the ones we used in this study. The basic approach we describe
here still holds, however, as long as we can extend the notion of constraint used
in this study to include non-consecutive sequences of words. This is a problem
we we plan to investigate in future research.
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18. Jean Véronis and Philippe Langlais. Evaluation of parallel text alignment systems:
The ARCADE project Parallel Text Processing, Kluwer, volume 13, chapter 19
(2000) 369–388.

19. Stephan Vogel, Hermann Ney, and Christoph Tillmann. Hmm-based word aligne-
ment in statistical translation. In Proceedings of the International Conference
on Computational Linguistics (COLING), Copenhagen, Denmark, August (1996)
836–841,

20. Ye-Yi Wang. Grammar Inference and Statistical Machine Translation. Ph.D.
thesis, CMU-LTI, Carnegie Mellon University (1998)

21. Kenji Yamada and Kevin Knight: A syntax-based statistical translation model.
In Proceedings of the 39th Annual Meeting of the ACL Toulouse, France (2001)
531–538



User-Centred Ontology Learning
for Knowledge Management

Christopher Brewster, Fabio Ciravegna, and Yorick Wilks

Department of Computer Science, University of Sheffield
Regent Court, 211 Portobello Street, Sheffield, UK

{C.Brewster,F.Ciravegna,Y.Wilks}@dcs.shef.ac.uk

Abstract. Automatic ontology building is a vital issue in many fields where they
are currently built manually. This paper presents a user-centred methodology for
ontology construction based on the use of Machine Learning and Natural Language
Processing. In our approach, the user selects a corpus of texts and sketches a
preliminary ontology (or selects an existing one) for a domain with a preliminary
vocabulary associated to the elements in the ontology (lexicalisations). Examples
of sentences involving such lexicalisation (e.g. ISA relation) in the corpus are
automatically retrieved by the system. Retrieved examples are validated by the
user and used by an adaptive Information Extraction system to generate patterns
that discover other lexicalisations of the same objects in the ontology, possibly
identifying new concepts or relations. New instances are added to the existing
ontology or used to tune it. This process is repeated until a satisfactory ontology is
obtained. The methodology largely automates the ontology construction process
and the output is an ontology with an associated trained leaner to be used for
further ontology modifications.

1 Introduction 

The importance of ontologies is widely accepted in a number of domains including 

the Semantic Web, Knowledge Management and electronic commerce [1][2]. They 

provide a means to structure and model the concepts shared by a group of people con-

cerning a specific domain. While a great deal of effort is going into planning the use 

of ontologies, much less has been achieved in automating their construction: in mak-

ing feasible a computational process of knowledge capture.  

Ontologies traditionally are built entirely by hand and the source of information for 

these knowledge structures is usually introspection or protocol analysis [3]. In this 

context, the automation of the process of knowledge capture is still in its infancy. The 

process of knowledge capture or ontology construction can be analyzed as involving 

three major steps: first, the construction of a concept hierarchy; secondly, the label-

ling of relations between concepts, and thirdly, the association of content with each 

node in the ontology [4]. The dynamic nature of human knowledge makes an auto-

matic system that can be trained on real data (i.e. texts) an imperative.  

In the past, a number of researchers have proposed methods for creating conceptual 

hierarchies or taxonomies of terms from processing texts by applying methods from 

Information Retrieval (term distributions in documents) and Information Theory (mu-

B. Andersson et al. (Eds.): NLDB 2002, LNCS 2553, pp. 203–207, 2002.
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tual information) [2]. It is relatively easy to show that two terms are associated in 

some manner or to some degree of strength [5][6]). It is possible also to group terms 

into hierarchical structures of varying degree of coherence [7][8]. However, the most 

significant challenge, which has not been resolved, is to be able to label the nature of 

the relationship between the terms [9]. Only if relations are explicit can an ontology 

be used with problem solving methods (PSMs) [10] i.e. for some form of logical in-

ference. 

A set of “lexico-syntactic patterns” which would identify specific ontological rela-

tions was proposed by Hearst [11] and later implemented by Morin [12] but with re-

peated user intervention. Building on this work, and in order to build ontologies for 

real world applications in Knowledge Management (KM), we propose a methodology 

based on a co-operative model of user and system interaction. The model is based on 

the integration of Natural Language Processing (NLP) techniques (especially 

Information Extraction from text - IE) with user input, so as to limit the user’s effort 

and yet obtain the most accurate possible ontology. Our objective is to make as 

effective as possible the user’s input to the system without expecting any un-

derstanding of the nature of ‘lexico-syntactic patterns’. The rest of this paper is organ-

ized as follows: Section 2 describes the characteristics of the user and the system. We 

present the major steps in the learning process in Section 3 and an overview of the 

system interface and learning engine in Section 4. The paper finishes with a descrip-

tion of future work and a conclusion. 

2 Building Ontologies for Knowledge Management

We need to have a greater understanding of the qualities and characteristics of the 

user, who wishes to build an ontology, and the system and its potential capabilities. 

User Characteristics. The system we are proposing is developed for the specific con-

text and needs of KM and this implies users with specific characteristics. They are as-

sumed not to have any specialised knowledge but we do assume that they are able to 

a) draft an ontology, or select or reuse an existing one, and provide this as input to the 

system; b) validate sentences which are exemplars of a particular relation between 

two terms; c) name/label a relation exemplified in a particular sentence, and to recog-

nise when they encounter further instances of such a relation. Such characteristics are 

not specific of KM only, but of a set of users in different fields: for example Semantic 

Web users tend to have the same profile. 

The Characteristics of the System. These are to some extent the characteristics of 

computer systems in general, but here we focus on those of a combined NLP/IE sys-

tem. In general they are able to a) analyse large quantities of texts at speeds which of-

ten approximate real time; b) find regularities and identify all occurrences of a given 

regularity; c) cluster words and other patterns into groups; d) establish that a relation-

ship exists between any given term x and another term y.

These characteristics have already revolutionised lexicography and should have a 

similar effect on ontology construction and knowledge capture. The ability to find 

regularities is particularly significant in view of the large quantities of data involved.  
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3 User - Centred Pattern Learning

The learning process is divided in two stages: the system first attempts to learn

about the ISA/hyponymy relations between concepts, and once these have been estab-

lished (via the steps below) the skeletal ontology is presented to the user who may se-

lect further relations to learn. Each of the two stages consists of three steps: boot-

strapping, pattern learning and user validation, and cleanup.  

Bootstrapping. The bootstrapping process involves the user specifying a corpus of 

texts, and a seed ontology. The draft ontology must be associated with a small thesau-

rus of words, i.e. the user must indicate at least one term that lexicalises each concept 

in the hierarchy. 

Pattern Learning & User Validation. Words in the thesaurus are used by the system 

to retrieve a first set of examples of the lexicalisation of the relations among concepts 

in the corpus. These are then presented to the user for validation. The learner then 

uses the positive examples to induce generic patterns able to discriminate between 

them and the negative ones. Pattern are generalised in order to find new (positive) ex-

amples of the same relation in the corpus. These are presented to the user for valida-

tion, and user feedback is used to refine the patterns or to derive additional ones. The 

process terminates when the user feels that the system has learned to spot the target 

relations correctly. The final patterns are then applied on the whole corpus and the on-

tology is presented to the user for cleanup. 

Cleanup. This step helps the user make the ontology developed by the system coher-

ent. First, users can visualise the results and edit the ontologies directly. They may 

want to collapse nodes, establish that two nodes are not separate concepts but syno-

nyms, split nodes or move the hierarchical positioning of nodes with respect to each 

other. Also, the user may wish to 1) add further relations to a specific node; 2) ask the 

learner to find all relations between two given nodes; 3) refine/label relations discov-

ered in the between given nodes. Corrections are returned back to the IE system for 

retraining. 

This methodology focuses the expensive user activity on sketching the initial on-

tology, validating textual examples and the final ontology, while the system performs 

the tedious activity of searching a large corpus for knowledge discovery. Moreover, 

the output of the process is not only an ontology, but also a system trained to rebuild 

and eventually retune the ontology, as the learner adapts by means of the user feed-

back. This simplifies ontology maintenance, a major problem in ontology-based 

methodologies. 

4 Adaptiva 

Adaptiva is a system implementing the methodology above that has been developed 

as part of the AKT project [15]. The ontology learning process starts with the defini-

tion of the draft ontology, which is imported into the system’s internal format by us-

ing a converter. Adaptiva is based on GATE [14] which provides facilities for corpus 

management. Lexicalisation of concepts and relations in the ontology are used to re-

trieve the first set of examples in the corpus. Such examples are presented to the user 
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for validation by using a simple interface shown in Figure 1, thus specifying whether 

the sentence presented is a positive, a negative or an irrelevant example. 

The actual complete interface consists of three panes which present i) the examples 

still to be classified, ii) the examples classified as positive, and iii) those classified as 

negative. As each example is validated, the user checks one of the two check boxes or 

leaves the example alone (e.g. because it is too difficult or thought to be irrelevant). 

According to which box is checked the example moves to the positive or negative 

pane, thereby allowing the user to revise their decision. 

Name of Relation Exemplar sentence Positive Example Negative example 

ISA …countries such as England, 

France and Italy…. � ����

Fig. 1. The interface for user validation

The outcome of the validation process is used by a pattern learner, which in our 

case is Amilcare (cf. below). Once the learning process is completed, the induced pat-

terns are applied to unseen corpus and new examples are returned for further valida-

tion by the user. This iterative process may continue until the user is satisfied that a

high proportion of exemplars is correctly classified automatically by the system. 

Using a learning algorithm. The methodology described above is generic in that it is 

not tied to one specific Machine Learning algorithm or approach. The precise meth-

odology is irrelevant from the user’s perspective. In Adaptiva, we have integrated 

Amilcare [13], a tool for adaptive Information Extraction from text (IE) designed for 

supporting active annotation of documents for the Semantic Web. 

Using Amilcare, positive and negative examples are transformed into a training 

corpus where XML annotations are used to identify the occurrence of relations in 

positive examples. The learner is then launched and patterns are induced and general-

ised. After testing, the best, most generic, patterns are retained and are then applied to 

the unseen corpus to retrieve other examples. From Amilcare’s point of view the task 

of ontology learning is transformed into a task of text annotation: the examples are 

transformed into annotations and annotations are used to learn how to reproduce such 

annotations.  

5  Conclusions and Future Work 

We have presented a novel method of user-system interaction for the purposes of on-

tology building, specifically in the context of knowledge management. This work im-

plements to a larger degree the ideas first proposed by Hearst and built on by Morin. 

The advantage of our methodology with respect to the previous works is that it does 

not require any ability to define lexico-semantic patterns. The only knowledge needed 

is the ability to sketch an ontology and to validate examples, characteristics that are 

common to users in many application domains. We believe that this is a new direction 

for user-centred ontology building that could have considerably impact on the way in 

ontologies are built for real world applications. Future work will concern the evalua-

tion of qualitative and ergonomic aspects so as to establish what the benefits are, and 

to what degree and how the system can be further improved for the user. It is difficult 
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to benchmark complex systems such the one presented above, but we are developing 

criteria to help determine how the system can be improved [2]. 
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Abstract. We present a multilevel model of discussions in USENET news-
groups that includes the use of statistical and linguistic methods to obtain lexi-
cal, semantic and discourse characteristics of the text. We expose constraints
that make information extraction and summarization more amenable to analysis
at different levels.  Our model makes use of posting structure, times of posting,
time spans, and length and depth of a thread in order to extract higher-level in-
formation on subject matter, interest level, topicality, and discussion trends.

1 Introduction

Database schemas allow mining algorithms to perform various well defined opera-
tions such as association and classification [11] on them with ease.  With numeric or
quasi-numeric fields statistical methods are often used effectively to extract patterns,
and various metrics can be used to reason about the data [11]. Text mining in general
is considerably more complex because of the absence of a structure or any meta level
descriptors. In web mining, since web documents are labeled, linked, and tagged
using an underlying tag language, it has been possible to successfully devise  methods
to extract and summarize information from them [6].  These methods are based on a
combination of graph theoretic models [2], shallow natural language processing [8],
and statistical techniques [7], and have resulted in a number of models of the web that
have been shown to be useful in designing search engines and mining algorithms.
Another area in which text dominates the information, but is also accompanied by a
form of meta data, is that of discussions on USENET. A survey of the data mining
literature shows only limited focus on mining of newsgroups, while a survey of text
extraction and summarization from USENET shows that it is mostly used as a data
provider and a testing ground for general extraction and summarization methods [1, 3,
4, 9].

The present work is aimed at developing a model of newsgroup dynamics in which
the content and activity in one or more related newsgroups can be processed to extract
meaningful information about discussions, such as topicality, depth of interest, and
discussion focus. It is based on our belief that USENET discussions possess specific
constraints that can be conveniently exploited to achieve a useful information extrac-
tion and summarization.
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2 Structural Properties of Usenet Text

At the organizational level, newsgroups have a tree structure with node names that are
grouped by suffix (e.g., alt.culture.us.1980s).  One advantage of this is that it gives
locality to a discussion by confining a topic to a subtree.

At the activity level of a single newsgroup, postings are generally a part of a thread
that defines a subtree of activity. The threaded structure of discussions introduces a
pathway for algorithms for efficient recognition of patterns.  Postings have explicit
references or structural relationships to other postings in the same or different thread
and/or newsgroup. The topic and posting times are a part of the header, so that subject
information and patterns of temporal activity can be easily and directly extracted.

Fig. 1. USENET Discussion Groups Information Levels

Fig. 2. USENET Discussion Groups Information Model

The shape of a discussion tree further provides information on the following attrib-
utes related to the activity level: number of participants, time span of discussion, and
lengths of postings. This information can be easily elicited by a rather simple proc-
essing of the discussion’s tree structure.

The rest of the available information is in the form of natural language text. Any
further processing would require some kind of natural language processing (NLP) of
the running text and would produce deeper and more sophisticated characteristics.
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These would include a more narrowly identified discussion topic (e.g., most popular
movies in U.S. in 1980s), discussion polarity (number of sides or viewpoints to an
exchange), and the like. Additionally, USENET archives are managed by GOOGLE,
a search engine capable of furnishing information on text patterns based on occur-
rences of word groups, timespan of occurrences, authorship, and posting group.

Once, the USENET information layers have been identified, the corresponding
multi-layered model is quite naturally and directly derived. We propose the organiza-
tion of the text data into: (i)   key word characterization of the text, (ii)  characteriza-
tion including semantic information, and (iii) characterization that includes pragmatic
and belief aspects.

3 Processing Information from USENET

Information that is embedded in Usenet discussions includes currency of topic, vol-
ume of discussion, polarity of discussion, and extent of interest.  The currency of a
topic is indicated by referents in a discussion that connect the posting time to time
references in the thread.  The volume of discussion generated is measured by the
depth of its tree and the number of postings. The polarity of discussion is the number
of viewpoints.  The extent of interest can be characterized by the number of postings
and their time span.

3.1 Processing Meta Data

The general topic (recorded in organizational data), discussion subject, posting time
and references (recorded in activity tree data) are obtainable by a rather straightfor-
ward extraction. The interest level can be characterized by the number of postings on
the subject, number of participants, as well as time span and size of postings. This
information can be learned from the information available in activity tree data utiliz-
ing simple methods like counting, adding and  subtracting of posting times, and the
like. A change in the subject can be handled by a simple bidirectional crosslinking
between the parent thread subtree and the spawned child subtree.

3.2 Processing Text Data

Here, we discuss the implementation level for the model presented in the previous
section. Processing of the text data will utilize various NLP as well as data mining
techniques for handling of the running text and will produce a much deeper and more
sophisticated characterizations of it. These would include a more narrowly identified
discussion topic (e.g., most popular movies in U.S. in 1980s), polarity of discussion
(number of sides to it), and the like.

A three-layer model is proposed that includes:  (i) Keyword Level:  implemented
through lexical processing on the keyword level (utilizing  a variety of shallow statis-
tical techniques), (ii) Semantic Level:  implemented through processing resulting in a
semantic representation of the postings (utilizing statistical techniques for semantic
parsing [9] and techniques like those used in [10] for characterizing polarity), (iii)
Context, Discourse and Beliefs Level:  implemented through processing of the con-
text, discourse and belief systems of participants (using different linguistic theories on
semantics, context, discourse and belief system).
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Fig. 3. USENET Discussion Groups Processing Model –Implementation

All three levels are assumed to have access to the meta data. Obviously, all NLP
and mining techniques being employed can and are expected to take advantage of the
present meta data to define and drive their own processing. This seems especially
beneficial for the discourse module which automatically gains information on discus-
sion participants, statements they make, and all of it in a fully defined temporal con-
text. Taking into consideration that most of these facts have to be inferred by any
general purpose discourse systems, it is obvious that with USENET discussion
groups, what ordinary systems have to work hard to get is already a given.

While the first proposed level clearly can be realized at a minimal computational
expense, the information it provides may not be a characterization of the required
quality and accuracy. The second level includes more computational power and an
increased accuracy level but may still miss the point when the context or beliefs are
heavily involved in the discussion. These two levels are envisioned as statistical while
the third level which must handle the context-, discourse-, and belief-dependent cases
has to rely on more sophisticated and computationally expensive linguistic theories.

4 Future Plans and Directions

While the proposal presented here is of a theoretical nature, our ultimate goal is test-
ing and evaluating it in a real life implementation of our model and integrating it into
our question-answering system QASTIIR.
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Abstract. In this paper, a supervised learning method of word sense
disambiguation based on maximum entropy conditional probability mod-
els is presented. This system acquires the linguistic knowledge from an
annotated corpus and this knowledge is represented in the form of fea-
tures. Several types of features has been analyzed for a few words selected
from the DSO corpus. The main contribution of this paper consists of
the selection of the best sets of features for each word from the training
data in order to build the classifiers. Our experimentation shows that our
method reaches a good accuracy when it is compared with, for example,
the systems at SENSEVAL-2.

1 Introduction

Word sense disambiguation (WSD) is an open research field in natural language
processing (NLP). The task of WSD consists in assigning the correct sense to
words using an electronic dictionary as the source of word definitions. This is
a hard problem that is receiving a great deal of attention from the research
community.

Currently, there are two main methodological approaches in this research
area: knowledge-based methods and corpus-based methods. The former approach
relies on previously acquired linguistic knowledge, and the latter uses techniques
from statistics and machine learning to induce models of language usage from
large samples of text [1]. This last method can perform supervised or unsuper-
vised learning. With supervised learning, the actual status (here, sense label) for
each piece of data in the training example is known, whereas with unsupervised
learning the classification of the data in the training example is not known[2].
At SENSEVAL-2 [3], researchers showed the latest contributions to WSD.

This paper presents a system that implements a corpus-based method of
WSD. The method used to perform the learning over a set of sense-disambiguated
examples is that of maximum entropy (ME) probability models. Linguistic in-
formation is represented in the form of feature vectors, which identify the oc-
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214 Armando Suárez and Manuel Palomar

currence of certain attributes that appear in contexts containing linguistic am-
biguities. The context is the text surrounding an ambiguity that is relevant
to the disambiguation process. The features used may be of a distinct nature:
word collocations, part-of-speech labels, keywords, topic and domain informa-
tion, grammatical relationships, and so on. Instead of training with the same
kind of information for all words of the same part of speech, which underesti-
mates which information is more relevant to each word, our research shows that
each word is more effectively learned using a different set of features.

2 The Maximum Entropy Framework

ME modeling provides a framework for integrating information for classifica-
tion from many heterogeneous information sources [2]. ME probability models
have been successfully applied to some NLP tasks, such as part-of-speech (POS)
tagging or sentence boundary detection [4].

f(x, c) =
{

1 if c′ = c and cp(x) = true
0 otherwise (1)

p(c|x) =
1

Z(x)

K∏
i=1

α
fi(x,c)
i (2)

The WSD method used in this paper is based on conditional ME probabil-
ity models. It has been implemented using a supervised learning method that
consists of building word-sense classifiers using a semantically tagged corpus. A
classifier obtained by means of an ME technique consists of a set of parameters
αi which are estimated using an optimization procedure. Each parameter is asso-
ciated with one feature (see equation 1) observed in the training data. The main
purpose is to obtain the probability distribution (see equation 2) that maximizes
the entropy, that is, maximum ignorance is assumed and nothing apart from the
training data is considered. The ME framework allows a virtually unrestricted
ability to represent problem-specific knowledge in the form of features [4].

The implementation of the ME-based WSD system described here was done
in C++ and included the learning module, the classification module, the evalua-
tion module, and the corpus translation module. The first two modules comprise
the main components.

The learning module produces the classifiers for each word using a corpus that
is syntactically and semantically annotated. The classification module carries
out the disambiguation of new contexts using the previously stored classification
functions. The evaluation module has been constructed in order to check the ac-
curacy of the method. Finally, the corpus translation module is an auxiliary tool
that changes the data in the corpus to a predefined input format. If necessary,
each corpus is preprocessed with a parser in order to add part-of-speech labels
to words as well as all syntactic information.
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– Non-relaxed functions
• 0 features: ambiguous-word shape
• s features: words in positions ±1, ±2, ±3
• p features: POS-tags of words in positions ±1, ±2, ±3
• km features: lemmas of nouns at any position in context, occurring at least
m% times with a sense

• r features: grammatical relation of the ambiguous word
• d features: the word that the ambiguous word depends on
• m features: the ambiguous word belongs to a multi-word, as

– Relaxed functions
• L features: lemmas of content-words in positions ±1, ±2, ±3
• W features: content-words in positions ±1, ±2, ±3
• S features: words in positions ±1, ±2, ±3
• B features: lemmas of collocations in positions (−2,−1), (−1,+1), (+1,+2)
• C features: collocations in positions (−2,−1), (−1,+1), (+1,+2)
• P features: POS-tags of words in positions ±1, ±2, ±3
• D features: the word that the ambiguous word depends on
• M features: the ambiguous word belongs to a multi-word, as identified by

the parser

Fig. 1. List of types of features

3 Feature Implementation

The set of features defined for the training of the system is described in Figure 1
and is based on the feature selection made in [5] and [6]. Moreover, new features
have also been defined, using other grammatical properties.

An important issue in the implementation of this ME framework is the form
of the functions that calculate each feature. These functions are defined in the
training phase and depend upon the data in the corpus. For example, let us
assume these three contexts as the learning corpus in which “interest” is the
word to be learned, and that all necessary syntactic information is available:

... considering the widespread interest#1 in the election ...

... to the best interest#5 of both governments ...

... anonymous persons expressing interest#1 in the trial ...

Then, six “non-relaxed” features could be defined with the word previous to
the ambiguous word and its POS-tag (s−1 and p−1 features). For example: is
“widespread” previous to interest#1? Moreover, other types of features, “relaxed
features”, could be defined: is “widespread” or “expressing” previous to inter-
est#1?. These types of features, in this example, reduce the number of functions
to four.

4 Evaluation

Table 1 shows the best results obtained using a 10-fold cross-validation evalu-
ation method. Some polysemous nouns and verbs have been selected and eval-
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Table 1. 10-fold cross-validation best results on DSO files

Senses Examples Features Functions Accur MFS
age.N 3 491 0CsprDMk5 1587 73.8 62.4
art.N 4 393 0sprdm 1594 65.2 48.0
car.N 2 1363 s 3036 97.1 96.3

child.N 2 1057 sp 2731 90.5 81.8
church.N 3 367 0rDMCk3 228 67.9 62.0

cost.N 2 1456 0WrDM 62 90.0 89.6
head.N 7 844 sprdm 2911 80.8 41.6

interest.N 6 1479 0sprDM 4059 70.1 45.9
line.N 22 1320 0LSBCrdm 1542 54.7 22.7

work.N 6 1419 0sprdm 4784 53.2 32.8
fall.V 6 1341 LSBCrdm 503 84.9 70.1

know.V 6 1425 0rDMCk10 230 47.9 34.9
set.V 11 1246 BsprDMk5 4569 57.3 36.9

speak.V 5 510 0sp 1667 74.5 69.1
take.V 19 794 LWBCsrDMk10 3706 43.0 35.6

Averages 7 1034 2214 70.1 55.3
Nouns 6 1019 2253 74.3 58.3
Verbs 9 1063 2135 61.5 49.3

Senses is the number of distinct senses in the corpus
Features the feature selection with the best result

Functions the number of functions generated from features
Accur (for “accuracy”) the number of correctly classified contexts divided by the total number

of contexts. Column
MFS is the accuracy when the most-frequent-sense is selected[6]

uated using the DSO sense-tagged English corpus [5]. Several feature combina-
tions have been tested in order to find the best set for each selected word. The
main goal was to achieve the most relevant information from the corpus for each
feature rather than applying the same combination of features to all words.

Our ME system were also compared with the systems at SENSEVAL-2 for
the Spanish lexical sample task (Table 2). ME obtained an accuracy rate of
67.7% using the feature selection that obtains the better accuracy for each POS:
LWSBCk5, sbcprdk3, and 0spdk5 for nouns, verbs and adjectives, respectively
(obtained with a 3-fold cross-validation over the training data).

5 Conclusions

A WSD system based on maximum entropy conditional probability models has
been presented. It is a supervised learning method that needs a corpus previously
annotated with sense labels.

For a few words selected from the DSO corpus, several combinations of fea-
tures were analyzed in order to identify which were the best. In addition, relaxed
definitions of the functions that calculate these features were also presented. This
is an important issue since it increases WSD efficiency and allows for the inclu-
sion of more attributes so as to enrich the classifiers. The evaluation results of
the system were compared with the Spanish task ones at SENSEVAL-2.
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Table 2. ME vs. Spanish task systems at SENSEVAL-2

System All Nouns Verbs Adjectives
JHU(R) 0.71 0.70 0.64 0.80

JHU 0.68 0.68 0.61 0.76
ME 0.68 0.68 0.58 0.77

CSS244 0.67 0.65 0.59 0.77
UMCP 0.63 0.60 0.58 0.70

DULUTH 8 0.62 0.62 0.51 0.73
DULUTH 10 0.61 0.61 0.52 0.71
DULUTH Z 0.59 0.61 0.49 0.69
DULUTH 7 0.59 0.59 0.50 0.71
DULUTH 6 0.58 0.59 0.47 0.69
DULUTH X 0.58 0.59 0.48 0.68
DULUTH 9 0.56 0.56 0.48 0.65

UA 0.55 0.46 0.51 0.69
DULUTH Y 0.52 0.51 0.43 0.64

As we work to improve the ME method, we are also working to develop a
cooperative strategy between several other methods as well, both knowledge-
based and corpus-based.
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Abstract. In spite of intensive research on linguistic techniques in information
retrieval, there are still few large-scale search engines that have taken full ad-
vantage of these techniques.  This paper presents the integration of various lin-
guistic techniques in one of the largest search engines on the Internet. The tech-
niques include language identification, offensive content filtering, phrasing and
anti-phrasing, normalization, and clustering. We go into some of the challenges
of Internet search and discuss our experiences with these techniques.

1 Introduction

Search engines are today important to any user retrieving information on the Internet.
The explosion of documents and the lack of directories on the Internet have made in
increasingly difficult for users to retrieve the desired documents.  85% of Web users
today claim to be using search engines or some kind of search tools to find informa-
tion on the Web [1]. However, web search is faced with a number of challenges.
Large volumes of data are distributed over many computers and platforms [2].  There
are dynamic pages and dead links disturbing the search, and a large share of the
documents are poorly structured or redundant.  The proliferation of languages on the
Web also makes it hard to introduce language-specific techniques to improve the
situation.  Still, there is usually enough information on the Web to answer even the
weirdest question. The problem is not primarily to find documents, but to find docu-
ments that are relevant to the query and ranked in a meaningful way.

Linguistic techniques in information retrieval systems address the relevance of
documents returned.  They allow us to abstract away from the exact words used in the
documents and queries and put more emphasis on the content of these representations.
As such, they should help us close the gap between the user’s expressed query and the
representation of relevant documents.

Fast Search & Transfer (FAST) has one of the biggest search engines on the mar-
ket, and its engine is integrated in portals like Lycos and T-Online as well as in enter-
prise solutions for IBM, eBay, and other large international companies. The FAST
search engine holds a number of innovative linguistic techniques on AlltheWeb
(www.alltheweb.com) that separate it from traditional search engines.

This paper discusses the introduction of language identification, offensive content
reduction, normalization, query transformation, and clustering in FAST. Whereas
Section 2 briefly presents the rationale of these linguistic techniques, we explain how
the techniques were realized in Section 3.  Conclusions are found in Section 4.
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Fig. 1. Linguistic techniques in FAST fall into three categories

2 Why Linguistics in Search Engines

A fundamental issue in information retrieval is the relationship between queries and
documents. The document’s relevance with respect to a query is not necessarily de-
cided on the basis of words common to both query and document.  The document is
relevant to the extent that its content satisfies the user’s need for information.  Lin-
guistic techniques address the relevance of documents by exposing the underlying
content or semantics of documents and queries.  From a search perspective, the tech-
niques fall into the following three categories (see Figure 1): (1) Categorizing tech-
niques, (2) transformational techniques, and (3) presentational techniques.

Using categorizing techniques, the search engine can restrict the search space to
only those documents that may be relevant to the search context.  This can be docu-
ments of a certain language, documents on a certain topic, or documents of a certain
quality.  After identifying the category, the documents and their corresponding cate-
gories are added to the index.

Another line of thought is to transform queries or documents to representations that
better facilitate document retrieval.  This includes normalization of document and
query text, and intelligent processing of query phrases. In general, transformational
techniques expose semantic aspects of queries and documents that should be taken
into account in the search process.

The last group of linguistic techniques comes into play when documents are pre-
sented to the user.  Generating small summaries that are shown on the result page is
one way of telling the user what these documents are about.  Another technique,
clustering, rearranges the result set according to pre-defined or generated categories.
These presentational techniques improve the transparency of documents and speeds
up the process of selecting the desired document from the result set.

3 Linguistic Components in FAST

The FAST approach is to use dictionary-driven linguistic techniques based on finite-
state technology.  This allows us to take full advantage of large lexical resources,
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while maintaining an acceptable response time.  In the following, we go into the reali-
zation of the linguistic techniques in the FAST search engine.

3.1 Language Identification and Offensive Content Reduction

The FAST language identifier has a dictionary that contains the relevant words in all
relevant encodings for 52 languages.  For languages with no clear word boundaries
(e.g. Asian languages), bigram lists are used instead of words. The identifier can pro-
cess HTML and plain text documents and identifies their language and encoding.
When needed, we take the structure of HTML documents and the meta information
into consideration.  In some cases, we also use domain names like .DE for Germany
to find the most probable language of a web document.  This has to be done with
caution, as there is no one-to-one mapping between domain names and languages.

For the current language identifier, both recall and precision are above 99% for
documents of more than 20 words.  However, there is a tremendous amount of docu-
ments with little or no text at all on the Internet.  About 95-96% of the documents
crawled are successfully tagged for language during indexing.

The offensive content reduction component employs standard text categorization
techniques and relies on a large dictionary of offensive words and phrases.  These
dictionary entries are generated from large collections of offensive web pages and are
associated with weights that specify their influence in the filtering process.

The current filter works for pornographic content in English, German, Italian,
Spanish, and French.  As many pornographic documents tend to contain keywords
from several languages, the filter works reasonably well also for some other lan-
guages.  The dictionary entries for each language span from a few hundred to several
thousand.

3.2 Normalization

The goal of normalization is to map different but semantically equivalent words onto
one canonical representation.  The normalized words are then used instead of or in
addition to the original words when documents are retrieved. This increases recall, as
an exact match of the query terms and the words in the document is not needed.

Lemmatization is a normalization technique for reducing an inflected word to its
lemma, which is the abstract representation of the word independent of time, person,
case, etc.  Whereas the infinitive form is taken as the lemma or base form for verbs,
the indefinite singular nominative form is used for nouns.  Adjectives and adverbs are
often reduced to their absolute form in the indefinite nominative masculine context.
For example, the base form of written is write, and the base form of skies is sky.

The most obvious lemmatization strategy is to replace all full forms of documents
and queries with their base forms. However, this prevents us from being able to
search for exact phrases in documents and the query language must be known.  A
more conservative approach is just to add the lemmas (base forms) to documents and
queries.  This introduces some asymmetry, as the base forms are only added for the
words that are not equal to their base forms.  A third strategy is to expand the docu-
ment or the query with all inflected forms.  The full form document expansion enables
phrase search and can be done without knowing the language of the query, but in-
creases the index size substantially and may lead to unexpected ranking results.
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For a search engine like AllTheWeb, where the query language is not always
known, it is difficult to lemmatize queries.  Full form document expansion is used for
Russian and Polish, as these languages are not too frequent on the web. For popular
languages like German and French, base form document expansion is applied.  Full
replacement of inflected words with base forms for both documents and queries is
only done for Japanese and Korean. Lemmatization requires that large full form dic-
tionaries be available during indexing.  Our dictionary for German, for example, con-
tains 1,016,492 full forms.  Whereas the indices for Russian and Polish increased by
600-800% after deploying lemmatization, the German index only increased by 5%.

3.3 Phrasing and Anti-phrasing

The query “mutual information” (explicit marking of phrase) gives us about 6,300
documents, and the top three documents are all about mutual information.  Without
explicit phrasing, more than a million documents are returned (AllTheWeb, March
2002).  Since both mutual and information are used in so many other contexts, we get
far more documents and none of the top ten documents are about mutual information.

FAST has a large phrase dictionary that is used to recognize and quote phrases in
queries. This dictionary contains scientific expressions like “mutual information”
above, but also person names, geographical names, song titles, organizations, etc.
Some phrases, like Albert Einstein, should always be interpreted as a whole and are
often referred to as hard phrases.  For soft phrases like data modeling, the individual
terms may also be used independently of each other with the same semantic content.

For a query like New York Times sports, both New York and New York Times are
recognized as phrases.  The longest phrase is preferred, and the query “New York
Times” sports is consequently sent to the search engine.  For a query like New York
art museum, the phrase New York is found in the phrase list.  A bigram for the last
two terms (“art museum”) are introduced as an optional phrase in the query. Whereas
the hard phrases are assumed to be in the phrase list, soft phrasing is achieved by
adding these additional bigrams at the end of the query.

In a similar vein, there are many queries that contain phrases that only disturb the
search.  Posting a query like where can I find The Economist, for example, the home-
page of the magazine The Economist will not be found at all.  If we remove the first
part of the query, where can I find, The Economist shows up on top of the result list.
Removing these irrelevant phrases in the beginning of the queries is called anti-
phrasing and is done after phrasing, but before searching for documents.

Currently, we have several million phrases and thousands of anti-phrases available
in English and German.  Preliminary tests show that about 6% of the queries contain
phrases, but only 0.2% contain anti-phrases.

3.4 Clustering

Traditional ranking of documents according to their relevancy to the query produces a
flat list of ranked results. The process of generating hierarchical and more user-
friendly presentations of result sets is referred to as clustering.  Each cluster contains
a list of documents or sub-clusters that pertain to the same topic.

The groups of documents with similar content effectively form a table-of-contents
of the result set. We identify those documents in the result set that belong to the tax-
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onomy of the Open Directory Project, and other documents in the result set are at-
tempted mapped on-the-fly into this taxonomy. For documents that do not fit well into
this hierarchy, an algorithm tries to detect topical clusters and devises descriptive
names of these clusters.  Large document vectors are used in this process.

The unsupervised classification is done without any special knowledge of the se-
mantics of words or phrases. This means that the approach is largely language-
independent, although having identified the language helps. If we know which lan-
guage a document is in, we exploit this in the vectorization process to skip very fre-
quent words that carry little or no information. Examples of such words in English are
"the", and "to".  The current version works best for English.

4 Conclusions

The linguistic techniques presented here serve different purposes, but also comple-
ment each other in important ways.  Whereas normalization and anti-phrasing tend to
increase the number of documents returned, language identification, phrasing, and
offensive content reduction make the result set smaller and more focused. For almost
all techniques, there is a need to augment the standard approach with Internet-specific
features to take full advantage of their potential.  A thorough evaluation of each indi-
vidual technique on the Internet is very difficult, though we are now looking into test
procedures in line with what has been presented in [3].

The FAST search engine today has an index of about 800 million text pages, about
115 million multimedia pictures and videos, and more than 2 million MP3 songs.  The
normal index is refreshed every 9-11 days, though there are also more than 2,000
online news sources that are continuously crawled and updated.  Adding the queries
coming from partner portals like Lycos and T-Online, the FAST search engine has a
total of about 30 million queries per day.
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Abstract. In the information retrieval and document categorization context,
both Euclidean distance– and cosine-based similarity models are based on the
assumption that term vectors are orthogonal. But this assumption is not true.
Term associations are ignored in such similarity models. This paper analyzes
the properties of term-document space, term-category space and category-
document space. Then, without the assumption of term independence, we pro-
pose a new mathematical model to estimate the association between terms and
define a ε-similarity model of documents. Here we make best use of existing
category membership represented  by corpus as much as possible, and the ob-
jective is to improve categorization performance. The empirical results been
obtained by k-NN classifier over Reuters-21578 corpus show that utilization of
term association can improve the effectiveness of categorization system and ε-
similarity model outperforms than ones without  term association.

1 Introduction

Document categorization is the procedure of assigning one or multiple predefined
category  labels to a free text  document. Various mathematical models have been
proposed to represent documents for categorizing documents, including a probabilis-
tic model [2] based on the computation of relevance probabilities for the documents
of a collection and the vector space model [6]. Based on vector representation model,
a lots of algorithms have been intensively studied, including support vector machine
(SVM) algorithm [1], k nearest neighbors (k-NN) algorithm [7]. The algorithms cited
above are based on a similarity model by which two documents can be compared.
There are two main similarity models: Euclidean distance models and cosine function
models, where axis vectors are mathematically assumed orthogonal, that is, features
are orthogonal. But this assumption does not hold in reality [4].There exists some
association between terms. These two similarity models do not take into account such
association .

In the context of document categorization, this paper proposes a mathematical
model to estimate the term association without the assumption of orthogonal terms.
Then such term associations are furthermore used  in ε-similarity model of docu-
ments. The idea is as follows: each category is represented as a binary vector in cate-
gory-document space whose elements  indicate if a sample document belongs to it,
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then  similarity between categories is estimated by Jaccard coefficient; the weights of
feature terms in categories can be calculated by using  x2 algorithms, and feature
terms are mapped as  vectors in term-category space whose axis are categories, then
association between feature terms can be estimated; such estimation of term associa-
tion then are introduced in the similarity model of document vectors in term-
document space.

2 Analysis of Similarity Models

2.1 General Notions

� is a set of example documents ; n is the number of documents in �; � is a set of

feature terms optimally selected from documents in �, T  the number of  feature terms

in �; �  a set of domain-specific categories, m the number of category in �; fij is the

number of times jth term occurs in ith document di, dfj the number of documents in
which the jth term occurs. Note that  feature terms are very significant words to pre-
dicting category membership and representing the document contents. We also call
feature term as term.

2.2 Document Vector Model

Under the vector space representation model,  a document  di is represented as term
vector of the follow-ing form, noted also by di :

There exists different approaches to the calculation of ijw , including tf-idf and tfc

algorithm [4]. In the term-document space, each term corresponds to an axis vector
and document to a point or vector. If we represent jth axis vector corresponding to jth

term by tj, then document vector dj can be represented as a linear combination of  T
axis vectors (2.2).

where T axis vectors tj (j=1,2,…,T) are linearly independent; otherwise a max linearly
independent group of axis vectors can be determined by linear algebra theory and
used in (2.2).

2.3 Similarity Model of Documents

Given two documents di and dj∈� represented in the form (2.2),  the similarity be-

tween them can be measured  by the inner product [6]:
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From (2.3), we can see that computing the similarity between two document vec-
tors does not only depend on documents but also the knowledge of the term correla-

tion   sr tt •  for all term pairs. But the term association or correlation  are not usually

available a priori. In practice, term-correlation is often circumvented by assuming that
the terms are not correlated, in which case the term vectors are orthogonal: tr•ts=0 for
r≠s and tr•ts=1 for r=s. So,  (2.3) can be rewritten as (2.4).

Now, if we call the first and the second part in (2.3) as orthogonal and non-
orthogonal parts respectively, the non-orthogonal part describes the power that term
correlation between terms in � plays rules for computing similarity. The non-

orthogonal part of (2.3) disappears from (2.4) and association between terms are not
at all taken into account in commonly used inner product model.

Again, on the basis of orthogonality assumption about terms, cosine similarity
model (2.5) is also  introduced as follows [6],

where id  and jd  are  length of document di and dj. Often, document vectors are

normalized to be of unit length. This implies that (2.4) and (2.5) are same. Under this
assumption, other similarity models are also proposed in information retrieval com-
munity, see [6]. Ignorance of term associations certainly effects system performance
for example accuracy and effectiveness.

3 Mathematical Model for Term Association

On the basis of term-document matrix, one approach to estimation of term association
is proposed [5]: each term vector firstly is represented as a linear combination of
document vectors, then term association can be estimated under the assumption that
the document vectors are themselves orthogonal. Such an assumption is clearly unrea-
sonable for any kind of practical document collection [3]. Another approach uses term
co-occurrence in training documents to estimate term association [5]. Under the vec-
tor space model, terms and documents are represented in the same vector space, and
only the occurrences of terms in documents are used. In the document categorization
context, there exists other important information about relationships between terms
and categories, documents and categories. We attempt to make use of these informa-
tion and introduce term-category space and document-category space. It’s in the later
two spaces where association between terms are estimated. We believe that term as-
sociation estimated by such way could improve categorization performance.

From the point of view of document categorization, this section proposes a
mathematical model to approximately estimate term association in (2.3) via two
spaces: term-category space and document-category space. This model does not need
the assumption made in[3].
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3.1 Term-Category Space

Given a corpus, we can estimate the power that each term in � plays rules of category

prediction. To do this, there exists several algorithms[7], for example, Information
gain and   CHI-Square χ2 statistic. Then each term tr∈�  can be mapped to a vector

represented as (3.1) in term-category space, in which categories correspond to axis.

In (3.1), tri (i=1,2,…,m) is the measure of category prediction power of the rth term
tr∈�����for category ci∈��and is calculated by for example CHI-square algorithm in our

implementation. Furthermore, without loss of generality, we can assume that m cate-
gory vectors ci are linearly independent; otherwise we can select one maximum line-
arly independent group to replace them. In this case, term vector can be represented as
linear combination of category vectors like (3.2).

With term vector representation (3.2), similarity between two term tr, ts ∈�� can be

calculated as inner product by (3.3). Different from the approach to estimation of term

association proposed in [6], (3.3) estimates term association at the level of category in
term-category space. In the categorization context, we believe that such estimation

(3.3) is reasonable. But it involves the similarity between two  categories: ( )lk cc • .

In order to calculate the similarity between categories, we go to category-document
space where category similarity can be estimated approximately.

3.2 Category-Document Space

In the document categorization context, each category is characterized by the training
documents that belong to it. We can represent each category as boolean vector of
documents in category-document space where each training document corresponds to
an axis. Given a category cr∈�  , we have a boolean vector representation as  (3.4)

and  cri=1 if di belongs to cr ; cri=0 otherwise. Hence category-document is Boolean
vector space. In this case, we use Jaccard coefficient [5] to calculate similarity be-

tween two category cr and cs as (3.5),where |cr| and |cs| are the number of documents of
categories cr and cs  respectively, sr cc ∩  is the number of common documents of
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categories cr and cs. Obviously, any assumption is not needed for computing
cd_sim(cr,cs), see (3.5). From (3.5), we obtain cd_sim(cr,cr)=1 for every  category
cr∈�. Furthermore, if  every training document  at most belongs to one category, then

cd_sim(cr,cs) =0 for r≠s.

3.3 Term Association

On the basis of  (3.3) and (3.5), the association between two terms tr, ts ∈��, noted by

ass(tr, ts), is defined in (3.6). From the discussion in (3.5), we know that if  every
training document at most belongs to one category, the second part in (3.6) will be
zero. In this case,  we have (3.7).The result coincides with the case where category
vectors are orthogonal in term-category space, See (3.3). Note that the association
between terms by (3.6) is unbounded, we normalize ass(tr,ts) so that association value
drops in the interval [0,1] as (3.8). Now given a ε, 0≤ ε ≤1, we define ε-association
between two terms by (3.9).Obviously, if  ε=0, ε-ass(tr, ts) is equal to ass(tr, ts). The
function of  ε-ass(tr, ts) is to filter out those term pairs with relative weak associations.

3.4 ε-Similarity Model

Now, by using  ε-ass(tr, ts) defined in  (3.9) to approximate term association sr tt •  in

the  non-orthogonal part of (2.3) and combining  (2.4) and the non-orthogonal part of
(2.3), we introduce ε-similarity model of document pair (di, dj) in (3.10).

ε-similarity model  extends  the simplest similar models in (2.4) and (2.5). It is clear
that if ε =1 (3.10) will be same as (2.4) and (2.5). Compared to the simplest similarity
models (2.4) and (2.5), we hope the introduction of term association in our ε-
similarity model will improve categorization performance. The objective of ε is to
filter out term pairs with low association.

4 Experiments and Analysis

Experiment design. We use Reuter-21578 collections as experiment benchmark.
ApteMod split strategy is used but only  9805 news stores with news body are kept,
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and both the news stories without news body and without category labels are re-
moved. We chose 21 big categories that contain 6533 training documents and 2506
test document. After removing 319 stop-words, stemming  is  performed to  convert

words into stems, and14,743 unique terms are obtained. Then 2x  approach [7] is

used to select  1100 terms with higher 2x value. k-NN classifier is conducted by tak-
ing the value of k as 10,20,30,40,50,60,70 respectively. We set ε to be 0.6 for ε-
similarity model, and  the association values of only 2460 pairs of terms are used to
calculate similarity of documents.

Table 1. Marco Average Performance

Recall Precision F1
k

sim esim sim esim sim esim

10 0,643 0,647 0,864 0,865 0,715 0,718

20 0,661 0,663 0,862 0,861 0,726 0,726

30 0,649 0,653 0,863 0,863 0,716 0,717

40 0,692 0,695 0,874 0,874 0,755 0,757

50 0,693 0,697 0,885 0,886 0,759 0,76

60 0,696 0,7 0,887 0,888 0,76 0,763

70 0,698 0,702 0,893 0,893 0,762 0,764

avg 0,676 0,679 0,875 0,876 0,742 0,744

Evaluation of binary classification. Recall and precision are two commonly used
evaluation measures of performance. Given a category, recall (r) is the proportion of
correctly assigned documents to all documents belonging to the category and preci-
sion (p) one of correctly assigned documents to all assigned documents. In addition,
Another measure, called ( )prF ,1  defined by combining them is checked. Macro-
average and micro-average are also examined while 11-points Recall-Precision Graph
is plotted by  producing a score for each category-document pair. See [8].

Table 1 shows the results produced by k-NN with conventional similarity model
(2.4) and  ε-similarity model (3.10), where sim and esim represent the results by (2.4)
and (3.10) respectively.

We can see that ε-similarity model always outperforms conventional similarity
model for different k values even if it does slightly. This proves that utilization of
term association really improves the effectiveness of categorization. One only
achieves a little gain of performance by (3.10) against (2.4). The cause is that only a
little parts of term pair associations ( 2460 vs. 604450 total number of term pairs ) are
used to calculate document similarity  in our experiments.

Our experimental results shown that ε-similarity model performs better than  co-
sine similarity model, in particular at the middle level of recall. These two similarity
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models have two common parameters: the number of feature terms and the number k
of  nearest neighbors. Beside, ε-similarity model has the third parameter: term asso-
ciation threshold ε. The association threshold parameter ε in ε-similarity model can be
tuned to furthermore improve its performance. Tuning performance by association
threshold ε is an advantage of  ε-similarity model.

5 Conclusion

In the context of document categorization,  this paper   addressed   similarity model
and term association. In practice, one assumes that term vectors are orthogonal in
term-document vector space, the association between terms is omitted in inner prod-
uct-based similarity model and cosine-based similarity model.  But such assumption
does not hold. By introducing two spaces at the more  high level of concept: term-
category space and document-category space, this paper proposed a mathematical
model of estimating term associations, then term association by this mathematical
model is integrated with the conventional cosine model of document similarity. Our
experiments confirmed that utilization of association between terms can improve
performance of categorization system.
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Abstract. Although the World Wide Web contains a tremendous
amount of information, the lack of uniform structure makes finding the
right knowledge difficult. A solution is to turn the Web into a “virtual
database” and to access it through natural language. We built Omnibase,
a system that integrates heterogeneous data sources using an object–
property–value model. With the help of Omnibase, our Start natural
language system can now access numerous heterogeneous data sources
on the Web in a uniform manner, and answers millions of user questions
with high precision.

1 Introduction

If someone is asked a question like “When did Rutherford Hayes become presi-
dent of the U.S.?”, he or she might locate a resource with the answer—say, a book
on famous people, or a Web site about presidents—find the section for Ruther-
ford B. Hayes, and look up the date of his inauguration. Millions of questions
can be answered in this manner: by extracting an object (Rutherford Hayes) and
a property (presidential term) from the question, finding a data source (e.g., the
Potus Web site, http://www.ipl.org/ref/POTUS) for that type of object, looking
up the object’s Web page, and extracting the value for the answer (see Figure 1).

The three main challenges in getting a computer to answer such questions
are understanding the question, identifying where to find the information, and
fetching the information itself. Start [9,10] and Omnibase comprise our natural
language question answering system1 developed to addresses these challenges.
Start is responsible for understanding user questions and translating them into
structured queries. Omnibase is a “virtual” database that provides a uniform
interface to multiple Web knowledge sources, capable of executing the struc-
tured queries generated by Start. Currently, our system can answer millions of
questions about variety of topics such as almanac information (cities, countries,
lakes, etc.; weather, demographics, economics, etc.), facts about people (birth
dates, biographies, etc.), and so forth.

1 http://www.ai.mit.edu/projects/infolab/

B. Andersson et al. (Eds.): NLDB 2002, LNCS 2553, pp. 230–234, 2002.
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Fig. 1. The Start system answering a question using Omnibase.

2 Data Model

Omnibase serves as a structured query interface to heterogeneous data on the
World Wide Web. It is of course impossible to impose any uniform schema on
the entire Web. To address this challenge, Omnibase adopts a stylized rela-
tional model which we call the “object–property–value” data model. Under this
framework, data sources contain objects which have properties, and questions are
translated into requests for the value of these properties.

Natural language commonly employs an ‘of’ relation or a possessive to express
the relationship between an object and its property, e.g., “the director of La
Strada” or “La Strada’s director”. The following table shows, however, that
there are many alternative ways to ask for the value of a property of an object.

Question Object Property Value
Who wrote the music for Star Wars? Star Wars composer John Williams
Who invented dynamite? dynamite inventor Alfred Nobel
How big is Costa Rica? Costa Rica area 51,100 sq. km.
How many people live in Kiribati? Kiribati population 94,149
What languages are spoken in Guernsey? Guernsey languages English, French
Show me paintings by Monet. Monet works [images]

Clearly, many other possible types of queries do not fall into the object–
property–value model, such as questions about the relation between two ob-
jects (e.g., “How can I get from Boston to New York?”). However, our experi-
ments reveal that in practice questions of the object–property–value type occur
quite frequently. For example, just ten Web sources accessed through the object–
property–value model turned out to be sufficient for handling 37% of TREC-9
and 47% of TREC-2001 questions from the QA track [14].

3 How the System Works

Suppose the user asks “Who directed gone with the wind?” Start cannot an-
alyze this question without first knowing that “Gone with the Wind” can be
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treated as a single lexical item—otherwise, the question would make no more
sense than, say, “Who hopped flown down the street?” Omnibase identifies the
names of objects and the data sources they are associated with; for example,
“Good Will Hunting” comes from a movie data source, “Taiwan” from a coun-
try data source, etc. Not only does this help Start understand the user question
(which can now be read as “who directed X”), but it also lets Start know what
data source contains the information, i.e., it should look in a movie database. In
order to answer the question, Start matches syntactic structures derived from
the question with those derived from natural language annotations [10]. These
annotations are machine-parseable sentences and phrases that serve as metadata
to describe knowledge segments (in this case, Omnibase queries). A successful
match triggers the execution of an Omnibase query. Because Start performs
this match at the syntactic level, linguistic machinery is utilized to achieve capa-
bilities beyond simple keyword matching, for example, complex syntactic alter-
nation involving verb arguments. More detailed descriptions of this technology
can be found in [9,10].

With help from Omnibase, Start translates user queries into a structured
request (in the object–property–value model):

(get "imdb-movie" "Gone with the Wind (1939)" "DIRECTOR")

In this case, our natural language system needed to figure out that the user
is asking about the director property of the object "Gone with the Wind
(1939)", and that this information can be found in the data source imdb-movie,
corresponding to the Internet Movie Database.

Omnibase looks up the data source and property to find the associated script
and applies the script to the object in order to retrieve the property value for
the object2. The execution of the imdb-movie director script involves looking
up a unique identifier for the movie (stored locally), fetching the correct page
from the IMDb Website (via a CGI interface), and matching a textual landmark
on the page (literal text and HTML tags) to find the director of the movie. As
a result, the list of movie directors is returned:

(get "imdb-movie" "Gone with the Wind (1939)" "DIRECTOR") =>
("George Cukor" "Victor Fleming" "Sam Wood")

Start then assembles the answer and presents it to the user either as a
fragment of HTML or couched in natural language (Figure 2).

4 Related Work

The use of natural language interfaces to access relational databases can be
traced back to the sixties; for a survey see [2].

2 Such scripts are sometimes called wrappers [6].
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Fig. 2. Start’s response to “Who directed Gone with the Wind” is shown above. The
original Web page from which Omnibase extracts the answer is shown below.

The idea of applying database techniques to the World Wide Web is not new.
Many existing systems, e.g., Araneus [3], Ariadne [12], Information Mani-
fold [11], Lore [15], Tsimmis [7], and others, have attempted to integrate het-
erogeneous Web sources under a common interface. Unfortunately, queries to
such systems must be formulated in SQL, Datalog, or some similar formal lan-
guage, which render them inaccessible to the average user.

A well known disadvantage of data integration systems is the manual labor
involved in writing wrappers [6]. Often, wrapper generation can be expedited
by a well-designed authoring tool, e.g., [1,17]. Alternatively, machine learning
techniques can automate the wrapper generation process [13,8,16,5] using an-
notated examples. Most promising is Semantic Web [4] research; if someday it
can imbue ordinary Web documents with semantic annotations, integration of
multiple knowledge sources could be accomplished effortlessly.

What makes Omnibase unique among these systems is its use of the object–
property–value data model. Because this model corresponds naturally to both
user questions and online content, the data integration task becomes more intu-
itive.
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5 Contributions

We have built Omnibase as an abstraction layer over diverse, semi-structured,
online content, centered around object–property–value queries. Because our data
model is reflective of real-world user queries, we can achieve broad knowledge
coverage with a reasonable amount of manual labor.

Omnibase has given Start, our natural language question answering system,
access to a wealth of information freely available on the World Wide Web. In the
future, we intend to extend the data model and to automate the data integration
process. We believe that structured access to online data sources will be a key
component of any future natural language question answering system.
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Abstract. The question-answering system developed by this research matches
one-sentence-long user questions to a number of question templates that cover
the conceptual model of the database and describe the concepts, their attributes,
and the relationships in form of natural language questions. A question template
resembles a frequently asked question (FAQ). Unlike a static FAQ, however, a
question template may contain entity slots that are replaced by data instances
from the underlying database. During the question-answering process, the sys-
tem retrieves relevant data instances and question templates, and offers one or
several interpretations of the original question. The user selects an interpreta-
tion to be answered.

1 Introduction

[1] groups natural language interfaces into pattern-matching systems, syntax-based
systems, semantic grammar systems, and systems with intermediate query represen-
tations. The latter combines features of both syntax-based and semantic grammar
systems. This short paper describes a prototype of a pattern-matching system, further
called question assistant, which was first applied to the database on events in Stock-
holm, the capital of Sweden. The main advantage of a pattern matching system is its
simplicity: no sophisticated processing of user questions is needed. The simplicity
becomes essential for automated question answering on WWW because many small
and medium-size websites cannot afford complex solutions that require much time
and rare human skills to install and maintain the system.

A much broader description of this research can be found in [2].

2 Question Templates

The initial framework of this research was automated FAQ answering [3]. FAQ col-
lections are created only for knowledge domains where concepts have rather few
instances. No one is likely to write a separate FAQ for each data instance in a large
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database. We can, however, benefit from the simplicity of automated FAQ answering
in the task of creating a question-answering interface for a structured, e.g. relational,
database.

Let us introduce a question template – a dynamic, parameterized FAQ as opposed
to the traditional static FAQ. A question template is a question with entity slots – free
space for data instances that represent the main concepts of the question. For exam-
ple, ”When does ����
������ perform in �������?“ is a question template
where ����
������ and ������� are the entity slots. If we fill these slots with
data instances that belong to the concepts, we get an ordinary question, e.g., ”When
does Depeche Mode perform in Globen?“

The question template’s ”answer“ is created by the help of a database query tem-
plate – a formal database query having entity slots for data instances, primarily pri-
mary keys. After the slots are filled, the template becomes an ordinary executable
database query. The following could be a query template associated with the above
question template:

��������	�������������������� ����!"�����	���#����$%
��&��������	���#������������#�� ����!"���
����	��������'��������� %(��	���#����$%
����&��������	���#������������
������ ����!"���
������	���
��������'�����
������))

Processing of a query template and executing the query returns raw data which needs
to be formatted and complemented with wrapping text such as a header and footer.
The wrapping text complemented with entity slots forms an answer template, e.g.,
”����
������ performs in ������� at ����“.

We can view a question template as a logical statement with a predicate having
variable and fixed parameters, where the fixed parameters are entity slots:

∃ variable1, variable2, … variablen:
Q (fixed1, fixed2, … fixedm, variable1, variable2, … variablen)

If the question has an answer, the above logical statement is true. A database query
template embodies the predicate Q, it implements the relationships between the pa-
rameters. During the question answering process, the values of the fixed parameters –
fixed1, fixed2, … fixedm – are bound to the user question, whereas the values of the
variable parameters – variable1, variable2, … variablen – are to be found. In order to
answer the user question, the system finds all combinations of the variable parameters
that retain the value of Q true.

Question and answer templates correspond to FAQs and their answers. A new
concept, nonexistent in automated FAQ answering, is database query template which
implements the relationships between the fixed and variable parameters. The tem-
plates are created manually with assistance of computerized tools (see [3] about cre-
ating an FAQ entry whose structure is similar to that of a question template) because
this process requires analysis of the knowledge domain and understanding the struc-
ture of the underlying database. Today’s technology does not allow automatic analy-
sis of an arbitrary knowledge domain.
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Answering a user question takes the following steps. The question assistant:

1. retrieves data instances that are relevant to the user question (see Section 4);
2. retrieves question templates that match the user question (the FAQ retrieval tech-

nique [3] is used);
3. combines the retrieved data instances and question templates, and creates one or

several interpretations of the original question; the user selects a desired interpre-
tation, and the question assistant answers it.

3 Question Templates and the Conceptual Model 
of the Database

The similarity between question templates and FAQs suggests that the mission of the
question templates is to embody typical questions. Unlike the FAQs, however, the
question templates are bound to the underlying structured, e.g. relational, database.

Conceptual modeling [4] is an activity that involves eliciting concepts, their attrib-
utes, relationships, and restrictions from a fuzzy knowledge domain. During the con-
ceptualization process, information is transformed into sentences, sentences into ele-
mentary sentences, and elementary sentences into object-role pairs. A conceptual
model describes which elementary sentences may enter and reside in the information
system [5]. Entity slots in question templates are bound to the concepts, or entities, in
the conceptual model while the templates themselves express the relationships be-
tween the concepts – those elementary sentences. Fig. 1 shows an example of binding
a question template to a piece of a conceptual model.

Artist

name: string
id: integer

Performance

start: time

Location

name: string
id: integer

for hasby has

When  does  <performer>  perform  in  <place>?

Fig. 1. Question template bound to a piece of a conceptual model

One question template serves a large number of data instances that pertain to its entity
slots. If, however, we want to cover a new relationship or attribute, we have to create
a new template. The relationships expressed in a question template are static unless
we transform them into meta-concepts and treat them as instances in the correspond-
ing entity slots.

During the question-answering process, the question assistant does not use the
graphical representation of the conceptual model. Instead, it uses an embodiment of
the conceptual model in a collection of question templates. The graphical representa-
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tion helps when the question templates are created. Whatever information source is
used in order to create the templates, they may not contradict the conceptual model as
long as such a model is possible.

In conceptual modeling, ISA (”is a“) and PartOf are conventional relationships
between concepts. The question assistant perceives these relationships as synonymy
and context sensitive synonymy.

Establishing synonymy between several entities is an easy task – we define and
use a parent entity. Context sensitive synonymy is slightly more complicated. Let us
consider the question ”When does Depeche Mode perform in Globen?“ Because
Globen is located in Stockholm (i.e., Globen is a part of Stockholm) and the band
arrives from abroad, a more common question would be ”When does Depeche Mode
come to Stockholm?“ In this context Globen can be exchanged with Stockholm, in
some others cannot. ”How many seats are there in Globen?“ is a reasonable question,
whereas ”How many seats are there in Stockholm?“ is not.

There are two options how to handle context sensitive synonymy. First, we can in-
troduce separate equivalent question templates for both entities involved in the PartOf
relationship in the context where the synonymy is appropriate. Second, we can define
a parent entity and use it only in the context where the synonymy is appropriate.

4 Retrieval of Relevant Data Instances

Retrieval of data instances has three phases: query expansion, retrieval of candidate
data instances, and examination of the candidate data instances.

The simplest query expansion is stemming of words, which allows matching in-
flections of the words. The question assistant uses a stem dictionary, which enables
better control over the stems and works equally well with English and non-English
words, as well as exotic proper names. The stem dictionary is extended by the re-
pository of irregular forms of words and basic synonyms.

After the user query has been expanded, the question assistant selects a number of
data instances that are candidates for closer examination. A candidate data instance
contains at least one word represented in the expanded user query. The data index,
which is analogous inverted index or inverted file in Information Retrieval, facilitates
the process of selecting the candidates. In the index, a data instance is identified by its
primary key and its entity name. Entity names bind the data instances to the entity
slots in the question templates, database query templates, and answer templates. The
entity names are linked to the physical data carriers – data tables and columns.

The question assistant examines the candidate data instances and concludes
whether or not a given data instance is relevant to the user query. In the examination
process, the question assistant uses entity-specific and data instance-specific rules.
Entity-specific rules make use of the meaning of the data instance. For example, when
the question assistant matches ”John Smith“ or ”Museum of Modern Arts in Stock-
holm“ to the user question, it knows that first is a person name and second is a place
name. Such knowledge is helpful dealing with first and last names, prepositions,
numbers, proper names, etc. Unfortunately, general rules tend to have exceptions.
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Entity-specific rules cannot cope with particular synonyms such as pseudonyms. A
data instance-specific rule is a list of phrases attached to a particular data instance.
Wherever a data instance-specific rule is defined, it overrides the entity-specific rule.

5 Conclusions

The main contribution of this research is adapting the FAQ answering technique [3]
to question answering using data in a structured, e.g. relational, database. When the
question-answering system, called question assistant, receives a user question, it
matches the question to a number of question templates – dynamic, parameterized
”frequently asked questions“. Unlike a static FAQ, a question template contains entity
slots that are replaced by data instances from the underlying database. The entity slots
are bound to the concepts, or entities, in the conceptual model of the database while
the templates themselves express the relationships between these concepts in form of
natural language sentences.

The main advantage of the question assistant is its simplicity. Being a pattern
matching system, it requires no sophisticated processing of user questions. Mainte-
nance of the system does not require rare human sills: the maintainer must have suffi-
cient knowledge of the subject domain, a good command of English, and the ability
to write database queries. The main disadvantages are limited sensitivity to the user
input and generating interpretations as an intermediate step in the question-answering
process.

The question assistant, like any existing natural language interface, is not recom-
mended for building the only user interface of a database. The system is recom-
mended in situations where answering of typical questions is appropriate, where the
conventional keyword-based search retrieves too much irrelevant information.
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