Bangor at TREC2003: Q&AandGenomics Tracks

Terence Clifton Alex Col quhoun Willi am Teahan

{ terence, alex, wjt}@i nfor mati cs.bangor.ac.uk

This paper describes the participation of the School of Informatics , Universit yof Wal es, Bangor at TREC´2003 i nthe Q&A and Genomics Tracks. The paper is organi zed into three parts as follows. The first part provides a brief overvi ew of the logic - based framework for Knowledgeable Agents that is currentl ybeing developed at Bangor . This was adopt ed as t he basis for impl e mentations used for both Tracks. The secondpart describes the Q&A s yst em that was developed based on the fram ework, and the final part describes some experiment s that were conducted within t he Genomics Trackat specifying context using GeneRIFs (for a Q&A s yst em being developed for the Bi oMedi cal domain ) .

^Knowing About ~ Knowledge: A Frameworkfor KnowledgeableAgents

A.1 Introducti on

We are in the process of desi gning and devel oping a novel logic - based framework for impl ementing knowledgeabl e ag ents t hat will become the core component for our mul ti - agent information retrieval s ys tem s.

In Teahan (2003), w e descri be a framework for designing and impl eme nti ng knowledgeabl e agents and

Knowl edge G rids. The framework is based on t hree t ypes of knowledge re lat ions: Knows , KnowsAbout , and

Knowl edgeableAbout . These are used to define what an agent knows , what it knows about , and whet her an agent has been judged to be knowledgeable byother agents. In

Teahan (2003) and in the second part of t his paper, we descr ibe how a Knowledge G ri dcould be implement ed

( based on the framework ) which ha s ^ knowledge ~ based on the t hree defined knowledge relat ions. Essentiall y, t he archit ecture is based on using knowledgeabl e agent s as a middle layer between the user and t he inf ormation resources. A k eyaspect of the desi gn is the use of information ext raction coupled with compression - based language model ling t echnology (Teahan & Harper, 2003) and the use of a conversational agent that the us er asks questions of and receives answ ers from t he s ystem.

In this architect ure, there are three t ypes of objects:

users, knowl edgeable agents and i nformati on resources.

The users do not i nt erface directl ywi th the information resources. Instead, theymust go through a knowledgeable agent who effectivel yact s as a knowledge broker i n determining which of the information res ources are li kel y to contain an answer to the user’s questions. Notice t hat knowledgeabl e agents mayneed to go though other knowledgeabl e agents i n the hunt to find the most relevant answer to the us er’s questions.

A .2 A fram ework for know ledgeable agents

This section outl ines the logic - based framework that we wi sh to use as the basi s of knowledge within the

Knowl edge Grid archit ecture. We wish to st ress that the framework a s described below i s still in its devel opmental stage, and its final form, we envi sage, will be somewhat

different based on the experiences we garner from fut ure research.

We feel t hat the t raditi onal proposi tional t ruth - based approach t hat epistemic logic - based multi - agent systems take, which are usuall yformul ated as normal modal logics using the semantics of K ripke (Wooldri dge, 2002), is not suffi cientl yexpressive enough for our purposes.

Instead, we would li ke to adopt some of the capabilities of

Quest ion/Ans wering s yst ems within our inference capabilities. A probl em with the proposit ional t ruth - based approach is that alt hough we can state what an agent may know per se , it does not help us find out whether an agent knows an answer to a question , and jus t as i mportantl y, what answers an agent knows t oa question . Neit her does it help us find out what an agent knows about (where knowing about a topi c impli es that you know somethi ng about the t opi c, but it does not impl ythat you know everything about the t opic).

We feel that there are three necessaryconditions for an agent to be ^knowl edgeable~. The keycondition, which we refer t o as the Knowledge Test , is the following:

^ An agent is judged to be knowl edgeable by other

(external) knowledgeabl e agents ~. Th is states that judges are used t o adjudicat e on whether an agent is knowledgeabl e or not (analogousl yto t he Turi ng Test in

Artifi cial Intelligence). The j udges are agent s ˘ either human or comput er - based ˘ that must also be

^knowledgeabl e~. Like t he Turi n g Test, it is assumed that a question and answering testing process is used before making the judgment. The second condition is a logical consequence of the first condition: ^ Ot her agents must have the ability to l earn about and/or be informed of what the agent knows about. ~ Simplystat ed, if other agents don´t know about what the agent knows about, then they can´t make a judgment i nthe first pl ace. The t hi rd condition st ates: ^ The agent must know: what it knows about , and what it doesn´t know about. ~ Thi s again relies on the judging process used for t he Knowledge Test: it would seem a natural response for a knowledgeabl e agent to answer ^ Sorry, I only know about X and not Y ~ to something it doesn´t know about.

We have devised the following logic - based fra mework based on these conditi ons. We define three logical relationships ˘ Knows , KnowsAbout and

Knowl edgeableAbout .

A.2.1 T he Knows rel ation

We define Knows , a 5 - tuple relation, as follows:

Knows ( agent , context , question, answer ,rel evance ).

This is expl ained as follows: The specified agent believes that an answer to a question for a specified context has the specified relevance (t his is a real number in the range 0 to 1.0 with 1.0 i ndi cating absolute beli ef that t he answer is rel evant to t he questi on). A representation of t he context, question and answer is provided bythe specified context, quest ion and answer which can be arbitrarytext passages or strings or some other representation (depending on the impl emen tation).

Note t hat it is possible to ask t h e same question but in different contexts. The following example i s provided as furt her explanation.

Example 1 : Knows ( A , ^ Do mai n : Geography~, ^Where is Bangor?~ , ^North Wal es~ , 1.0).

In t his example, the agent believes she knows that the answer to the qu esti on ^ Where is Bangor ?~ is ^ North

Wales ~. She assi gns a relevance rankingof 1.0 (in ot her words, she believes that the answer is certainl ycorrect).

The cont ext in this case is the domai n of geography.

An agent maybelieve man yanswers are relevant t o a parti cul ar question and context. As a shorthand notati on, we write t his i n the following manner:

Knows ( agent , context, question ): answer

1

, r

1

; answer

2

, r

2

; �

We can al so assign an agent´s list of answers to a variable. For example, K

A

= Knows ( A , ^ Domai n :

Geography~, ^Where is Bangor?~ ) . Similarly, we can assign t o a vari abl e all that an agent knows on a particul ar context: K

B

= Knows ( B , ^ Domai n : Geography~ ) .

A.2.2 The KnowsAbout relation

We define KnowsAbout , a 5 - tuple relation as follows:

Knows About ( agent , topic, context , knows, relevance ).

This is expl ained as follows: The agent beli eves that the li st of questi ons and answers denoted b y knows are relat ed to the topic gi ven the context and have the specifi ed relevance . Intuitively, the agent believes t hat she knows about t he topic gi ven a certain cont ext becaus e she knows the answers to t he specifi ed questions. Topi cs and contexts can be arbitrar ytext passages or strings as above for the Knows relation. Note t hat the agent mayknow about the same t op ic but in di fferent contexts.

Example 2 : Knows About ( B , ^ Bangor ~, ^ Domain :

General Knowledge ~, K

A

, 0.9).

In t his example , agent B has some general knowledge about the topic ^ Bangor ~. What he knows are the same answers t hat agent A knows to the question ^ Where is

Bangor ?~ in a geographical context . He assigns a wei ghting of 0.9 to his belief in t he relevance of agent A ´s answers.

It seems reasonable t o assume t hat if an agent knows the answer to something, then it knows about t hat something. This is writt e n as follows:

" agent, context , quest ion,rel evance

K i

= Knows ( agent , context, question, answer, relevance )

Þ Knows About ( agent , question , context , K i

, relevance ).

In thi s case, the agent is inferred to know about each question because she knows the answer s t othem. So for example, from K

A

above, we can infer that agent A knows about the following: Knows About ( A , ^ Where is

Bangor? ~ , ^ Domai n : Geography ~ , K

A

, relevance ).

Bydefault, the same rel evance from the Knows relation can be adopted for t he KnowsAbout relation, alt hough thi s can be overridden at a latt ert ime.

It also seems reasonable to assume that if an agent knows the context of a gi ven question and answer, then it knows about t hat context. This i s writt en as fol lows:

" agent, context , quest ion

K i

= Knows ( agent , context, questi on, answer, relevance ) Þ Knows About ( agent , context , context , K i

, relevance ).

In thi s case, t he t opi c that t he agent knows about is the context it self.

A.2.3 The Knowl edgeableAbout rel ation

We defi ne KnowledgeableAbout , a 6 - t uple relati on as follows:

Knowl edeagbleAbout ( knowledgeable - agent , testing - agent , agent , topic, context , relevance ).

This i s explai ned as follows: The knowledgeable - agent beli eves that t he agent i s knowledgeabl e about the topic gi ven the context with t he s pecifi ed r el evance becaus e that agent knows about the same things as the testing - agent knows about. Effectivel y, an external agent , which is designated as being knowledgeable, uses test questions to det ermine i f a person or agent knows about some t opi c . Th e knowledgeable agent del egat es the testing agent to perform the test ˘ t his maybe a ^vi rtual~ agent that is provided wit h sufficient knowledge necessaryin relation to the t est. The t esting agent mayin fact be provided with a subset of the knowledge kno wn by the knowl edgeable agent. Alternati vely, ot her possibiliti es are having t he knowledgeabl e agent spawn a testing agent to perform t he test, or having the knowledgeable agent designate an independent t esting agent to perform the test.

Noti ce that the se ri es of test questions have themsel ves now become a form of knowledge.

A.3 Questions, contexts and topi cs

Note that in our defi nitions above of Knows , Knows About and KnowledgeableAbout , we do not explicitl ys tate how the quest ions arerepresented or how t heyare to be matched with each other, and similarl yfor the topi cs and contexts. If questions, contexts and topics consist of t ext strings, an inference sys tem maysimpl yimpose the strictest requirement that the st rings mat ch exactly.

Alternati vel y, a le ss stri ct mat chings ystem maybe emplo yed. For example, if cont exts are specified as a set of l abels t hat specifyt he context ´s relevant domains then the conditi ons for cont exts to mat ch maysimpl ybe t hat there exists at least one label common to bot h set s of domains. For exampl e, the cont ext for the question ^ How do you cook pumpkin pie ?~ maybe t he set of domai n labels ^ Domai n : Cooking, Recreation ~. Another agent mayknow about the answer to the s ame question, but in the sli ghtl ydi fferent context, ^ Doma in : Cooking,

Hobbies ~, al though the inference system mayinfer the contexts mat ch because of t he common l abel ^ Cooking~ present in both.

We have deliberatel yleft open the specifi c representation of the questions, contexts and topics to the designer of the knowledge s ystem. We feel that different representations are requiredin different applications depending on the nature of the knowl edge that needs to be

specifi edand/or manipulated. For exampl e, in a knowledge - based i nformation retri eval s yst em, the con text coul d be us ed to specifyt he information purpose of the agent t hat produced each document , and then thi s can be matched against t he information need of t he user based on the user´s questi on and previous questions.

A .4 References

W. Teahan and D. Harpe r. 2003. ^Using

Compress ion - Based Language Models for Text

Cat egorization~ In Language Model ling for Information

Retrieval, Chapter 7, pp 141 - 165. Kluwer Academic

Publishers.

W. Teahan. 2003. ^Knowing A bout Knowl edge :

Towards a Framework for Knowl edgeabl e Agents and

Knowl edge Grids ~ . Arti fici al Intelligence and Intelligent

Agents Tech Report AIIA03.2, School of Informati cs ,

Universit yof Wales, Bangor.

Wool dridge, M. 2002. An I ntroduction to Multi Agent systems . Wiley, New York.

QITEKAT

Question Infere nce Tools E mploying Knowledgeable Agent Technologies

Abstract

We present the QITEKAT Question - Answering s yst em based on the concept ual theoryof Knowing A bout

Knowl edge , which adopt s an agent - based approach to extract information from suitable corpora. The components of t he QITEKAT s yst em entered b yt he

School of Informatics , Uni versit yof Wales, Bangor, in the 2003 Text Retrieval Conference are described in detail . We describe PPM compression techniques for

Named Entit ycl as sifi cation ; dist ributed a gent t echnol ogi es for devel oping a Knowledge able Framework and Knowl edge Grid; and a Search Engi ne corroboration s ystem for generating confidence estimat es for Question

Answering. We present favourable results for cert ain question types in t he TREC Question A nsweri ngTrack, and discuss future directions for the QITEKAT archit ecture .

B . 1. Introduction

In developing the QITEKAT s ystem, we were aimingto take a first st ep on the TREC road, providing a foundation for fut ure development within the School of Infor matics , at the Universit yof Wal es Bangor, for knowl edge representation, extraction and language processing techniques. Agent technologies and techniques are a popul ar tool i n modern comput er science, and have been applied to a number of problems, i ncl udi ng previous

TREC question and answering t racks ( Chu - Carroll et al,

2002 ) . As a secondarygoal, we were aimi ngto use the

TREC Question Answeringtrack as a benchmark to

evaluate a devel oping framework for Knowl edgeable

Agents and Knowledge Grids (Cannata ro and Tali a,

2003) , based on the concepts of `Knowing A bout

Knowl edge´ (Teahan, 2003) .

The s hort devel opment time period (7 weeks) meant that man yof the core components of the QITEKAT s ystem were based on standard information extraction and question/answ ering t echni ques, although we were able to incorporate a number of int eresting features, particularl y in Named Entit ytagging and rel evance ranking.

This report firstl ydescribes the mai n components of the UWB QITEKAT Question Answering Syst em

( S ecti on 2). Section 3 presents result s obtai ned from various experi ments on past and current TREC Q&A data, and is followed bya bri ef analysis of the performance of the s ystem (Secti on 4). The report concludes with a discussion of possible future enhancements (Sect ion 5) .

B . 2. System Des cri ption

The QITEKAT s yst em was designed not onlyto offer a practi cal implement ation for the th eoreti cal concepts of

`KnowingA bout K nowledge´, which are expl ained in greater detai l at the start of this paper , but to offer a founda tion for the fut ure development of i nformation extraction and questi on answering techniques to enhance the s yst em for future us e, ei ther t hrough t he TREC forum, or for practical appl ications. This need for extensibilit y, and to be able t o swap out various sections of the s ystem as new t echniques were developed, leant itsel f to the use of an object - oriented development platform. We decided that the Java language would offer the greatest fl ex ibility for future development.

The knowl edge frameworkproposed by Teahan

( Teahan, 2003 ), whi ch is us ed as t he basis for t he extraction of knowledge relati ons from suitable source documents ess ent iall yrelies on a reverse approach to standard Q&A t echni ques. Rat her than using t he question text to retri eve a subset of doc uments from the t est collection, which are t hen anal ys ed to find an answer, the

QITEKAT s ystem was designed to parse the enti re collection, forming a number of question/answer relations before an yact ual questions are posed.

The TREC 2003 Q&A Track uses th e AQUAINT document collection as its source corpus, which consists of over 1 million document s, t otalling 375 million words.

Quit e obvi ousl y, performing anyki nd of ext ensive parsing or anal ysis of this si ze of document collection would be comput ationall y i ntensive, and not bes t suited t o the Java language.

With t hese considerations in mind we adopted a 2 - level modul ar approach to the s ystem development, using the Java l anguage to facilit ate extensibilit y, and C where speed was of the essence, integ rat ed u sing Java nat ive methods . The s ystem was developed based around t hree main stages :

· document normalisation and storage ;

· knowledgeabl e agents ;

· question anal ysi s and answer ranking .

Figure B.2 shows the component make up, and how each of the indivi dual modul es int era cts with t he rest of the s yst em, and a more detail ed explanati on of each of the keycomponents foll ows.

B.2.1 XML Document System

Although the TREC Q&A track was our mai ntarget during the development of the QITEK AT s ystem, it was import ant that we consider its applicat ion to other areas and document sources. With this in mi nd we developed a rudimentaryXML notation t o normalise an ysource documents, and st ore them in a consist ent fashion for analysis b ythe K nowledgeable Agents of the s ystem.

Figure B. 1 ˘ Simple XML Notation

Figure B. 2  ˘  Sy stem Design

This means  t hat the addi tion of a new corpora or
alt ernative source of information cou ld be handled using a
simpl e Java based API, and plugged into the s yst em as
detail s of the data source become availabl e.

B.2.2  Speech Tagger

The speech tagger forms a major portion of t he QITEKAT
development , as the part of speech and named entity tags
ar e used as the basis for extracting knowledge relations
from the AQUAIN T document s.

 TREC

 Corpu

         s

 Reu ter

         s

Corpu s

  Other

 Corpo r

         a

                                                    Other

                                                  Pa rser

                                                          s

                                                  Reu ter

                                                          s

                                                  Pa rser

                                                    TREC

                                                   Pa rser

<doc>

<externalid>

REUTERS_5565

</externalid>

<title>

MAGMA LOWERS COPPER 0.75

CENT TO 66 CTS

</title>

<text>

Magma Copper Co, a subsidiary
of Newmont Mining Corp, said
it is cutting its copper
cathode�

</t ext>

</doc>

                                                                                                            XML

                                                                                                        Notatio

                                                                                                                n

                       The s yst em is loosel y based upon t he  Fastus s yst em

( Hobbs et  al , 1996 ), empl oyi ng the archi tecture of a
cascading finite st ate automata in order to achi eve usabl e
levels of performance.  Each st age of the s ystem was
developed as a switchable module, so it could be invoked
as required, dependi ng on the document st ructure it is
being used to parse.

                       The system handles each document as a complet e
entit y, separating it int o senten ces, and then words, before
passing it on t o first t he POS tagger, and subsequentl y the

NE tagger. Agai n, XML is used ext ensivel y to provide
run - ti me modifi cation of t he rules and constructs us ed to
tag the portions of a sent ence.

POS Tagger  and Phrase Ch unker

The Part of Speech (POS) tagger is a 2 - phase t agger,
adopting ideas proposed by Brill ( Brill , 1992 ).  It us es a
frequency count, extrapolat ed  from a pre - tagged version
of the Brown corpus t o assign preli minary part  of speech
tags t o each word i n a se ntence, using the Penn Treebank
tagset.  These pre - tagged words are t hen re - examined b y a
transformation based t agger.  The rules for t hi s tagger
were developed through automatic examinati on of the

Brown corpus, with  some minor manual modifi cation.

                       Once tagging of individual  parts  of speech is
complete, t he sentences are passed on to the phrase
chunking module, which adopts a three - stage approach.

A POS is tagged with one of three standard types

                        ·

                               I nside a chunk ;

                        ·

                               O utsi de a chunk ;

                        ·

                               B oundary of a chunk .

Thes e are based sol el y on the POS t ag assi gned to the
parti cul ar word.  This phase is succeeded b y a
transformation based chunk, again based on rul es
generated from the Brown Corpus.

                       Once the final chunking is complete, each phrase
chunk is exami ned to determi ne its content, and i s
labell ed accordingl y  ( Verb , Proper Noun , Noun ,

Punct uat ion , Ot her ) .

                       XML i s used to store the transformation and
frequency rul es for this portion of the s peech tagging
s ystem , offering a look - ahead/ behind matching s yst em on
three  enti ty t ypes :

                        ·

                               Words ;

                        ·

                               POS Tags ;

                        ·

                               Chunk Tags .

                       Figure B.3 shows an example of an XML  rule
description for transforming a n oun tag (NN) to a verb tag

(VB). We can see that t he rule specifies t hat  in order for
the transformation to take place the POS tag TO must be
found i n the positi on b efore the tag bei ng examined.

Multi ple conditions can be appl ied for each rule. The
validit y of the new t ag is checked us ing the original tag
frequency information from the Brown corpus, to ensure
that the new t ag is a suitable opti on for t he current word.

Transformati ons are applied in frequency order and can
be cascaded to appl y multipl e transformati ons to the same
entit y.

NE Tagger

Once phrase chunki ng and identi fication is complet e the
s ystem is aware of the phras es  i n a document that
correspond t o Proper Noun phrases, and are t herefore
candidates for Named Enti ty Taggi ng.  Each of t he phrase
chunks is passed to the NE tagger, whi ch applies a
cascading series of modules to determi ne t he t ype of

Named Entit y that the chunk refers t o:  Currenci es ; Dat es ;

Times ; Locations ; Professions ; Rel ations ; Measures ;

Organisation s; Names (Pre/Post Honours) .

Each of these t ypes i s defined b y a series of rules,
again stored as XML for easy modifi cation, which rely on
a combination of direct matching, designator matching
and sure - fire context rules

Di rect matching

Certain named entit y t ypes fall  i nto t his categor y, in
parti cul ar dat es and times, which follow a series of
standard word patt erns.  Regul ar expression matching i s
used to id entify matches, which are then tagged
accordingly.  For example the regular expressi on bel ow
can be used to mat ch the initial portion of a dat e such as

23
rd

 October.

((0?[1 - 9]|[1|2][ \ \ d]|3[0|1])(st|nd|rd|th)?)

Designator Matching

This met hod is  adopted t o determine such NEs as
organisations and persons, and reli es on common pre and
post entit y word matches.  For exampl e if we have t he NE

British Gas Plc , we can mat ch the Plc desi gnator, and t ag
the phrase as an organisat ion.  Other such designat ors that
t he QITEKAT s yst em relies upon are:

Mr  Sr  Corp

Dr  Ltd  Jr

Sure - fi re context rules

Certain sent ence const ructs are used to det ermine t he t ype
of Named Entit y for a specific phras e, where the
surrounding context unambiguousl y denot es a specifi c
t ype.  As  a n example, take the parti al s ent ence:

Figure B. 3  ˘  XML Based Tag Transformation Rule

<rule>

<init ialtag> NN </initialtag>

<newtag> VB </newtag>

<condition> POS </condition>

<operator1> TO </operator1>

<operator2> - 1 </operator2>

</rule>

Shares in XYZ rose 54% on the days trading�

                       The context Shar es in ???  impli es that ??? i s an
organisation, and can be used as a sui table sure - fire rule to
tag that particular unknown NE.

                       A small number of t hese sure - f ire rules were
manuall y created (again stored as XML constructs ) in
order to tag these parti cular sent ence cont exts.

                                                          PROFESSION  of ???  PERSON

                                                          RELATION  of ???  PERSON

                                                          ??? province  LOCATION

Partial Matching

N atural  language, and particul ar the constructio n of news
articles, which are the basis for t he TREC Question &

Answering Track Corpora, often rel y heavil y human
memory and impl icit  definition.  For example, in an
article about a particular person, they ma y be referred to
b y their full name onl y once, e arl y in the article, yet will
be referred t o again on numerous occasions throughout
the text.  This may be b y some abbreviation of t heir name,
say their s urname onl y, or some ot her means such as
anaphora ( He said� ).  It is i mportant for a successful

Named Ent it y t agging s ystem t o be able t o handle this
cross - reference  i n a particular document  in order t o
correctl y tag the unknown NEs present.

                       The QITEK AT s ystem emplo ys a simple partial
matching algorithm to sol ve these problems, and cross - tag
equivalent ent ities.  This works b y ext racting all  known

NEs from a particular document (which have been
identi fied previously, eit her b y designator matching or
some other means) and creating partial  orders o f  each.

These partial orders are then compared to the remaini ng
unknown NEs  in the document , and s hould a match occur,
the new NE i s tagged with the equivalent t ype.

                       As an example, t ake a document that discus ses the
work of

                                                   Dr. Bill Teahan
.  This phrase would be
correctl y identi fied as a PERSON, by matching of t he D r.

designator.  Parti al orderings of this phrase would then be
constructed (retaini ng word order to ensure correct cross -
matching) :

                       Dr. Bill , Dr. Teahan
,

Bill Teahan

                       Should these phrase const ructs occur elsewhere  in
this same document , they would be tagged according to
the original phrase ( i.e.  As a PERSON t ype) .

PPM - Based Language Modelling

The final st age of the QITEK AT speech t aggi ng s yst em
focuses on labelling all remaining unknown NE phrases,
and adopt s a com pression - based language modelling
s ystem t o achieve this goal.  Much r esearch has been
carri ed out  in to the use of PPM compression systems for
the t ext cl assifi cation  ( Teahan and Harper, 2003 ) , whether
it  be to identif y languages, dete rmine authorship or
otherwise.

                       We have adopted a PPM based compre ssion syst em
to deal wit h unknown NE cl assifi cation, by training PPM
models on various known data sets  correspondi ng to the

available NE t ypes in t he QITEK AT s ystem (PERSONS,

ORGANISATIONS, et c).  Given a suitabl y l arge data set
of known phrases of each t y p e, we have been able t o train
compression models for each.  These models are then
used i n turn to compress unknown phrases from the
document set.  The model provi ding the best compression
level (i.e. the short est code length) is thus assumed to be
the mos t appropriate  t ype for the unidentifi ed phrase.

In initial tests on 200 Reuters news arti cles, this
compression s yst em was abl e to produce very favourabl e
result s , when applied as the final st age in the QITEKAT
tagging process.

Number of unknown NEs  141

N umber of NEs correctl y i denti fied  132

Number of NEs incorrectly identifi ed  9

B. 2.3 Knowledgeabl e Agents

The t heory of Knowledgeabl e Agents proposed in

Teahan, 2003, and outlined at the st art of this paper i s
used as the basis for the main document proce ssing
component of QITEK AT.  Each agent  is capable of
running autonomousl y and analysi ng a given series of

XML documents to generate Knows  and KnowsAbout
relations, which it then stores for the purpose of question -
answeri ng .

B. 2.3.1  Regular Expressi ons

In  order to ext ract K nows  relations from the AQUAINT
corpora, regular expressions were developed manuall y t o
pattern match sentence construction for common question
t ypes.  These expressions were developed using the

TREC 2001 question text, and focus on the Who  and

When  question t ypes onl y, due to time const raints.

It  was import ant to make t he best  use of the tagged
documents, and to ensure t hat regular expressions used b y
the system were not  too speci fic as t o require multi pl e
expressions for a si ngl e ques tion const ruct.  This l ed us to
develop a d ynamic substituti on s ystem, whereb y a generi c

RE was populated at  run - ti me using the tagged cont ents
of t he sentence it was being applied to.

Again all rules are stored i n an XML fi le, to enabl e
rapid updating a nd maintenance of the rule base, and a
t ypical  ent ry looks as foll ows.  The file denotes a basic
regular expressi on format, suitable subst itution t ypes, an
all owable answer type, and a quest ion format for the
parti cul ar relation

·

 When did OBJECT1 die ?

·

 Who w as OBJECT1?

Figure B. 4  ˘  XML Based Regular Expressio n Rule

<questionpack>

<domain> PEOPLE </domain>

<answer> DATE </answer>

<object1> PERSON </object1>

<object2> NONE </object2>

<object3> NONE < /object3>

<regexp>

(OBJECT1) \ sdied \ s((on|in|around) \ s(ANSWER)

</regexp>

<format> When did OBJECT1 die? </format>

</questionpack>

                       By usi ng the NEs alread y tagged in this sentence, the
s ystem creat es a number of regular expressi ons,
subst ituting suitable NE t yp es  i n to the ANSWER and

OBJECT locations.  Gi ven the sentence:

John Lennon
died on December 8
th

, 1980 du ring a
public dramatic interpretation  of J.D.

Salinger’s "Catcher in the Rye~ ,
 t he

QITEKAT s ystem woul d tag 1 DATE ent it y ( December

8
       th

             , 1980)  and 2 PERSON entiti es (John Lennon  and J.D.

Salinger ) the QITEKAT sys tem would d ynamicall y
produce 2 regular expr essions :

1.

                        ( John Lennon) \ sdied \ s((on|in|around

                        ) \ s( December  8
th

, 198 0)

2.

                        ( J.D. Salinger) \ sdied \ s((on|in|around

                        ) \ s( December  8
th

, 198 0)

                       These would t hen be applied to the sentence t o extract
an y mat ches which would be t ransformed into Knows
relations .  In t his c ase, option 1 would match, resulti ng in
the following relati on (gi ven that t he  ^knowledgeabl e~
agent who produced the document text referred to as  A ) .

                           Knows( A, ^Domain: PEOPLE~,

                                                ^When did John Lennon die?~,

                                                ^December 8
th

, 1980~,  1.0 ).

Further examples  o f extract ed Kn ows rel ations:

K

        1

              = Knows(A, ^Domai n: PEOPLE~, ^ Who is

George W. Bush ?~, ^ United States

President ~, 1.0).

K

        2

              = Knows(A, ^Domain: PEOPLE~, ^ When
was George W. Bush born ?~, ^ July 6
th

1 946 ~, 1.0).

These K nows  rel ations are then used to populat e  suit able

Knows A bout  relati ons  such as  the followi ng:

                           KnowsAbout( A, ^Domain: PEOPLE~,

                                                ^George W. Bush~ , {K

1

, K

2

},

                                                1.0).

                           KnowsAbout(A, ^Domain: PEOPLE~,

                                                ^ John Lennon ~, K
a

, 1 .0).

A s mall number of broad domain t ypes are used

(PEOPLE, GEOGRAPHY, HISTORY, SPORT, MISC),
and all rel ations are stored withi n the Knowledgeable

Agents using seri alized vectors , i n order t o achieve
persist ent  dat a storage bet ween executions.

B. 2.3.2  Di stribution

In developing t he QITEKAT s yst em ,  considerati on was
given to its use as a prototype for a K nowl edge Grid

(Cannataro and Talia, 2003) , and for knowl edgeable
agents to communicate effectivel y wit h one anot her.  Thi s
concept  pointed t oward the need for some kind of
dist ributed s yst em where agents  could show mobi lit y, and

the a bilit y t o re side on a network, wherever the r e  was data
to process.

In additi on, the l arge amount of data that was being
handl ed for the Q&A t ask (1 million+ documents) l ent
it self to exploiting distributed paradigms to share the
workload of examini ng t hi s  data and extracti ng suitable
relations.

The QITEKAT syst em uses a simpl e UDP based
s ystem t o handle communication bet ween agents .  Thi s
all ows each agent to determine what other resources are
available on the grid, and also inform other s  about  the
knowled ge it  possesses.  As more agents are added t o the
grid, each becomes aware of what knowledge resources
are availabl e, and where a cert ain domain of question s
may  be best  answered.

The s ystem handles 5 message t ype s:

Ping    Ask an agent  if they are active .

Broadcast   Inform other agents i n the grid

   that this agent i s acti ve .

Send_Question   Post a questi on to a speci fic

   agent on the  grid .

Send_Answer   Send an answer back .

Send_KnowsAbout  Tell another agent what this

   agent has informati on about .

Thi s approach all ows knowledge t o propagate
through the syst em, as each question i s sent from agent to
agent t o discover answers .  When an answer i s found, t he
response is returned, and the agents  in the chai n are each
able to `learn´ that fact.  A user onl y needs to enquire of a
single agent  in t he grid, and that agent will be abl e to fi nd
the other agents  on t he gr i d t hat may be capable of
answeri ng the users  query, and forward the quest ion as
required.  A t ypical int eraction between Knowl edgeable

Agents on t his grid s yst em is  outlined below :

Figure B. 5  ˘  Typical Agent Interaction

Agent 1  starts up, loads Knows and KnowsAbout
relations and Agent IPs  and s ends a broadcast
message on the local network .

Receives responses f rom other ag ents and
updates it s KnowsAbout relations .

Receives question from user .

Checks it s own Knows relations for a suitable
answer ˘  none found .

Checks it s KnowsAbout relations for another
agent that may have an answer ˘  one found

( Agent 2 ) .

Tags the questio n and forwards it to Agent 2 .

Agent 2 finds an answer to the question and
sends it back to Agent 1

Agent 1 updates it´s knows relations so it
now knows the answer  and w on´t need to ask

Agent 2 next time .

Agent 1 f orwards the answer to the user , and
u pda tes its local disk storage .

B. 2.4 Confidence  Ranking

In the specific area of question answering it  is oft en the
case that s yst ems are able to generate a number of
candidate answers for a particular query.  In this year ´ s

TREC  Q&A track for example, an entire secti on of
questions is devoted to returning multiple result s for a
si ngle query (the so called List  q uesti ons).

                       This poses the probl em of determining the best result
for a particular query, whi ch is what is required b y th e
standard questions i n the Q&A track, and is li kel y to be
the requirements of an y practi cal  application of a

Question - Answering system.

                       The way in whi ch this is often achi eved i s through a
confidence ranking for an answer, refl ecting the degree of
certai n t y t he s ystem places on t he answer ret urned being
correct.  The confidence ranki ng is often returned as a
decimal value in the range 0.0 (zero confiden c e that  the
answer is correct) t o 1.0 (compl etel y confident t hat  the
answer is correct).

                       Past Q&A syst ems  have used a number of means for
determining a confidence measure from answers.

Weighting based on matching NE t ypes from the answer
to that expected b y a specifi c question type ( i.e.  A where
t ype question expects a LOCATION t ype answer, and so
a correspon ding answer gets a higher wei ghting) i s
popul ar.  Other popular measures  include keyword
densiti es in t he answer document, and vector mat ching of
question and answer pairs .

                       We adopt ed a new approach based on corroboration
with external  data s ources (popul a r search engines)

B. 2.4.1 Search Engi ne Corroboration

Search engi nes provi de a large document  base ˘  Google
for example  currentl y claims to index over 3.3 b illion

W eb pages, and as a result  are likel y t o contain man y
examples of t he correct answer to an y query likel y to be
posed to a Q&A s ystem.  Alt hough this offers scope to
use W eb search results as a source corpora for practi cal

Q&A appli cations, the TREC Tracks require that all
answers are found in the AQUAINT document collecti on.

This does not preclu de, however, the use of web search
result s to aid in the Q&A process, and we have adopt ed a
novel  approach for confidence ranking of answers, based
on the results of an appropriate W eb search query.

                       The fact  t hat  a suitable quer y t o a search engi ne,
based on the ori ginal question, is likel y t o result in man y
examples of the correct  answer means that we can use the
proportion of each possi bl e answer wit hin these search
result s to determine a rel evance rank for t hat  answer.

                       The QITEK AT s ystem achi e ves thi s t h rough a si mple
search API, developed in J ava, which  queri es  a number of
popul ar search engines.  Noun and verb phrase chunks
from the ques tion text are used to form a suitabl e search
query, and the abst racts of the first  1000 results are
retrieved from the search engine.  These results are then
scanned to determine the frequency of each of the
possible results as produced b y the Q&A  s ystem.  The

proportion of these frequencies are then used to calculat e
a relevance ranking.

This i s better explained usi ng a si mple exampl e:

·

 Gi ven the questi on:

When did John Lennon di e?

·

 We extract  the noun and verb phrases

John Lennon

Di e

·

 These are then pass ed as a search query to Googl e

^John Lennon~ + ^di e~

·

 T he fi rst 1000 abst racts are retrieved

·

 The Knowl edgeable  Agents return  three possible
answers

8
th

 December

15
th

 August

19
th

 July

·

 Thus we find frequency matches for each of these
answers in the Google abstracts, and calculate a
relevance rating:

ANSWER  FREQ  CALC  RELEVANCE

8
th

 December  462  462/533  0.87

15
th

 August  28  28/533  0.05

19
th

 July  43  43/533  0.08

Table B. 1  ˘  Relevance Ranking Calculation

So we have a corroborated rel evance for each of the
answers, and the Q&A s ystem is able to ret urn the answer

8
th

 December as the most favourabl e.

B. 3. Resul ts

Preli minary t esting of the QITEK AT s ystem showed
positi ve results on previous TREC question sets, and
these are confirmed by the TREC 2003 evaluat ions.

B. 3.1 Trai ned Questi on Types

In developing the regular expres sion rules to extract

Knows  rel ations  from source corpora we used t he ques tion
data suppli ed as  part  of the TREC 2001 Question -

Answering track. We constructed 400 regul ar expression
rules, alt hough ti me constrai nt s meant we were unable to
construct rules for all questi on t ypes.

B. 3.2 TREC 2 002

Initial testi ng of the QITEKAT s ystem was carri ed out  on

TREC 2002 Q&A Track questions in order to provide an
indication of how the system would perform under t ypical
application.  Manual  examinati on  shows t hat  of the 500
questions provi ded , rules have  been construct ed that
should be able to find answers to 122 of them, assuming
those answers exist wit hi n the AQUAINT source
documents.

The s ys tem registered 107  correct  answers , of which

4 were NIL answer questions, as no answer existed in the

AQUAINT cor pus. 15 incorrect  answers were registered,
of which 2 should have been NIL answers.

.

                                                                           8 8 %

1 2 %

C o r r e c t

I n c o r r e c t

Figure B. 6  -  Results on TREC 2002  Questions

B. 3.3 TREC 2003

Manual  evaluati on of the TREC 2003 quest ion set showed
that the system should have been able to ans wer 124  of
the 500 questions made availabl e with its current regul ar
expression defi nitions.  Eval uation of the TREC 2003 run
showed 107 completel y correct answers  and 6 answers
judged as being inexact . 11  incor rect answers  were
regist ered, which i ncl uded answers that were judged as
being unsupport ed answers .

                                                              85%

10%

5%

Correct

Incorrect

Inexact

Figure B. 7  -  Results on TREC 2003  Questions

B. 4. Analysis

The results produced b y t he QITEKAT s yste m, both from
in - hous e tests on previ ous Q&A dat a, and on the current

TREC Q&A track questions are promisi ng , part icularl y
given the times cal e of the devel opment process .  Wit h
levels of correct  answers  exceeding 80% in both tests, this
implies a positi ve f irst step on the Q&A l adder, and a
soli d foundation t o build on the work i n Knowledgeabl e

Agents and the concepts of  ` Knowing A bout  Knowledge´.

B. 4.1 Question Types

The results gained b y the QITEK AT s ystem need to be
considered in t he context  of the ques tion t ypes  that were
addressed in order t o gain a more accurate indication of
the performance of t he s ystem.

                       It  coul d be argued that t he When and Who  question
t ypes are the si mpler of the main t ypes used in  the TREC
evaluations, offering a definite  answe r t ype, and often
more simple s ent ence const ructs where an answer may be
found.  We felt t his to be the case in this respect , and
deliberat ely chose these t ypes in order to aid the speed of

s ystem devel opment  in order to meet the deadline for run
submissio n.  We hope, however, t hat t he underlying
concept s  of the s yst em that we have adopted should be
able t o achieve similar result s on all of t he major question
t ypes, given suitabl e Regular  Expressi ons on which to
match.

B. 4.2 Speed

Anal ysi s of the AQUAINT  documents whi ch formed the
source corpora  for t he TREC 2003 Q&A evaluation
demonstrated t he benefi ts of the distributed design
adopt ed as the basis for the QITEK AT s ys tem, but also
indicat ed a need for further speed improvements.

The final evaluati on wa s carri ed out using a
dist ributed net work of 8 Penti um III comput ers, each
using a 128Mb of l ocal  memory, and approximatel y

500Mb of local storage.  The parsing and anal ysi s of the 1
milli on documents took approxi mately 72 hours on thi s
configuration.  Alt hough this l evel  of performance is
manageabl e, it would need to be i mproved i f the s yst em
were to be appli ed to practi cal applications , or larger
corpora, such as W eb search results.

B. 5. Future Directi ons

As a foundation for future Q&A and language proce ssing
research, the QITEKAT system has performed  well,
alt hough a number of areas have been target ed as areas
for improvement.  In part icular it is i mportant t hat  we are
able t o handl e a greater number of question t ypes i n order
to perform a more accurate evaluati on of the systems
performance, and allow for a direct comparis on t o other
research syst ems parti cipating i n the TREC tracks.

Further addi tional features that we feel may improve
s ystem performance, both in terms of speed of executi on,
and the abil it y to det ermine answers are outlined bel ow.

B. 5.1 Improved NE Classification

Although the NE classifier devel oped as part of the

QITEKAT s yst em performs well , for the purposes of

Q&A it  is i mportant t o broaden t he scope of the system,
and introduce furth er NE t ypes in order to allow for more
accurate answer matching.  Sekine et al  present a s ys tem
offeri ng a far greater number of NE classifications

( Seki ne et al , 2002 ), which we feel would be a benefici al
addition to the QITEK AT archit ect ure.

B. 5.2 Synon ym substituti on

The present s ystem architecture offers no methods for
word subst itution, whi ch is a li miting factor, both in terms
of matchi ng questions with appropriate knowledge
relations, and also extracting relations from document
texts .  The a ddition of a s ynonym s ystem, such as

WordNet  ( Miller, 1990 ) would enable  a greater number of
senten ce constructs to be identifi ed and ext rapolati on of
questions t o form multiple  queries, offeri ng a far greater
chance of successful  responses.

As an example, take th e question text

                                         When did Charles Bronson die?

In the present QITEKAT s yst em, t his will match onl y
those relati ons with an equi val ent  question construct,
which may result in no answer being found.  With
s ynonym  substituti on, however, the query would be
refo rmul ated as:

                When did Charles Bronson pass away?

w hich may provi de a positive mat ch.

B. 5.3 Past Participle Determination

In a similar vein to s ynonym  substit ution, it  would be
useful t o develop a feature within the s ystem to
automati call y generat e past pa rticiples of verbs,
parti cul arl y for Search Engi ne Corroboration.

                       When queryi ng a search engine, the s yst em passes the
main subjects of a questi on, so for exampl e, given the
question :

                                         When did Charles Bronson die?

                       The s ystem forms a query using Charles B ronson and

Di e.   It is li kely however that in an y documents ret rieved
b y a search engine, the information t hat  we are in teres ted
in would be descri bed  using the past participle (di ed), i.e.

                                                Charles Bronson died on �..

Substitut ing the past  parti ciple may  result in a more useful
query stri ng, and ultimatel y a great er number (or more
accurate) results .

B. 5.4 Automate RE Production

Manual  production of Regul ar Expressions t o extract
information from document  texts was one of the more
ti me consuming aspects of the initial QITEKAT
development , and as a result meant we were onl y able to
focus the tool at a limit ed number i f question types in
order to meet the TREC deadline.  A key idea for future
development  of the system is to i mplement an aut omated
s ystem, ca pable of producing generi c expressions which
could then be used to extract furt her information.  Initial

thoughts are t hat  this issue may lend it self to a
transformation bas ed s ystem, s imil ar to t hat  found in

Brill - type POS t aggi ng s ystems  ( Brill , 1992 ), w here it
would be possible for the s ystem to learn a set  of rules,
based on existing, manuall y produced REs.

B. 6. References

E. Brill. 1992. ^A simple rul e - based part - of - speech
tagger~ In Proceedings of ANLP - 92 , p p  152 ˘ 155, 1992.

M. Cannat aro and D. Talia.  2003. ^The Knowl edge

Grid~. In Communications of  the  ACM  Vol  46, Number 1,
pp 89 - 93.

J. Chu - Carroll, J. Prager, C. Welt y, K. Czuba and D.

Ferrucci. 2002. ^A Multi - Strat egy  and Multi - Source

Approach to Question Answering~. In TREC 2002

Proceedings .

J. Hobb s, D. Appelt , J. Bear, D. Israel, M.

Kameyama, M.  Stickel, and M. Tyson. 1996. ^Fastus: A

Cascaded Finite - State Transducer for Ext racting

Information from Natural - Language Text ~ In Finite State

Devi ces for  Natural Language Processing . MIT Press,

Cambridge  MA .

G. Miller. 1990. ^Word N et: An On - Line Lexical

Dat abase~ In Internati onal  J ournal of Lexicography .

S. Sekine, K . Sudo, and C. Nobat a. 2002 ^Extended

Named  Ent ity Hierarch ỹ In Proceedings of the LREC -

2002  Conference , p p  1818 ˘ 1824, 2002.

W. Teahan and D . Harper. 2003. ^Using

Compress ion - Based Language Models for Text

Cat egorization~ Language Modelling for  Information

Retrieval ,  Chapter 7,  pp 141 - 165. Kluwer Academic

Publishers .

W. Teahan. 2003. ^Knowing A bout  Knowl edge :

Towards a Framework for Knowl edg eable Agents and

Knowl edge Grids ~ . Arti fici al Intelligence and Intelligent

Agents Tech Report  AIIA03.2, School  of Informatics,

Universit y of Wales Bangor.

Generating GeneRIFs fo r a Multi - Agent - based Biom edica l Info rmation Retrieval Sy stem

Abstract

Th is s ect ion  describes work that was done for the 2003

Text  Ret rieval Conference (TREC) Genomics Track
second task. It also describes preliminary work on
impl ementing a multi - agen t Bi omedi cal information
retrieval s ystem. The proposed multi - agent s ystem will
appl y knowledgeabl e agents using a l ogi c - based question
and answering framework. Part of this work requires the
specifyi ng of context for the questi ons and answers, and
one means of doing this is to generate GeneRIFs for each
biomedical document, where a GeneRIF is a MEDLINE
standard for describing the cont ent s of t he biomedical
document  in t erms of gene function. Various methods are
explored to generat e the GeneRifs automatically.

C.1 Introducti on

The Text Retri eval  Conference (TREC) Genomics Track
was s tarted to provide a forum for information ret rieval in
the genomics area. The Secondary Task for this year’s
track is to anal yse aut omatic met hods to reproduce the

GeneRIF notati on fo r biomedical  papers. B elow shows
the official  defini tion of what a GeneRI F should be :

A concise phrase descri bing a function or f unctions

(l ess than 255 characters  in length, preferably more
than a res tatement of t he title of  the paper.)

(www.ncbi.nlm.nih.gov/ LocusLink/GeneRIFhelp.ht ml)

                       The GeneRIF annotation is designed t o al low t he
contents of a bioscience paper to be summarised i n such a
way as to show the functi on of the gene, whi ch i s the
subject of the biosci ence paper. An anal ysi s b y Mork and

Aronson  (2003)  of NLM found that  95 % of GeneRIF
snippets contai ned some text fr om the titl e or abs tract  of
the articl e.  About 42 % of the mat ches were taken directly
from th e title or abstract, 25 % contained si gni ficant runs
of words from pieces of the titl e or abst ract.

                       The dat a provided for the Secondary Task cons ists of

139 GeneRI Fs representi ng all of the articl es appearing i n
fi ve j ournal s ˘  Journal of Biological Chemistry, Journal
of Cell Biology, Nucleic Acids Research, Proceedi ngs of
the National Aca demy of Sciences, and Science ˘  during
the latter half of 2002.

C.2 M ethodo logy

The main objective of our research is to desi gn and
impl ement a multi - agent based system for knowledge -
based retrieval to bi omedical literature. The purpose is to
provide easy - to - use and seamless int erfaces t o biomedical
literature both for the expert  and for the l ayperson. The
main components of the mul ti - agent s ystems we envis age
will consist of peer - to - peer based communi cating agents
which are knowl edgeable about  biomedical  resources.

The biomedical  i nformati on retri eval  s ystems will provi de
scienti sts in the biomedical  communit y with bett er
support for searching the lat est literat ure, t herefore
enabling t hem to be better informed about the latest
development s in the biomedical  field. The systems will
also serve t he wider communit y that  will enabl e
r esearchers, whether they are experts or non - speciali sts, a
seamless and natural  interface t hat will require minimal
training.

C.3 Knowledgeable Agent Framew ork

We are in the process of desi gning and devel oping a novel
logic - based framework for implementin g knowledgeabl e
agents that wil l become t he core components for our
multi - agent biomedical  information retrieval s ystem. The
logic is based on three rel ations t hat  descri be whether an
agent is ^knowl edgeable~  or not  (Teahan, 2003 ; also see
the first  part  o f this paper ) .

C.3.1  Context modelling

We feel that context has a ver y important role to pl ay in
specifyi ng knowl edge. For example, for an  agent to
answer the questi on ^What  i s entrop y?’~  in a
knowledgeabl e way, the agent must fi rst appreciat e the
context  i n which t he question i s asked. A different answer
is required to this questi on depending on whether the
context concerns the domai n of physi cs or the domai n of
information theory. If nei ther domain is apparent given
the context, t hen it might be appropri ate for an agent (if it
wi shes  to be knowledgeable) t o inform the person asking
the questi on that more than one answer is  possible to the
question. We feel t hat different repres ent ations of cont ext

are required in different  applications dependi ng on the
na ture of the knowledge t hat  needs to be specified and/or
manipulat ed.

C.3.2 GeneRIF as a context

For the application that we investigate i n this paper, we
explore t he possibility of using GeneRIF - based annot ation
for speci fying the context  of biomedical  d ocuments i n the

Genomics  domai n. Importantl y, i n thi s ^context~ , we
consider the MEDLINE GeneRIFs as provided in the
training dat a for the TREC 2003 Genomi cs Secondary

Task experi ments as  only a representation of the ^true~’

GeneRIF. By ^t rue~ , we mean wha t a correct annotati on
of t he articl e might be if it was performed b y a group of
experts, rather than the GeneRIFs encountered in the

MED LINE database. Note that some of the MEDLINE

GeneRIFs in the traini ng dat a evidentl y fall s hort  of what
a group o f expe rts might assign to the ^correct~ or ^true~

GeneRIF, if the y had been allocated thi s task.

In light of this, we can al so partiall y ignore the
differences between the MEDLINE provided GeneRIF
and the candi dat e GeneRIFs we are aut omaticall y
generating, since  we are onl y interest ed in finding a

GeneRIF descri ption that encompasses some notion of a
true GeneRIF. Hence, providing GeneRIF strings that are
potentially l onger t han the MEDLINE GeneRIF,  but have
a much great er chance of encompassing t he ^true~

GeneRI F descript ion makes sense, as our goal  is to ensure
as comprehensive descri ption as possibl e is generated for
information ret rieval purposes. Our contention is this will
make it  more likel y t hat  a relevant document i s ret rieved
when the Ge neRIF is used in an IR s ystem ˘  in our case,
within the dist ributed IR framework that we are
developing based on Knowl edgeable Agents.

The consequence of this is t hat we feel that a
modifi ed co - effi cient is more s uitable for our purposes  t o
evaluate t he ^goodnes s~  of the g enerated Ge neRIF. This
modifi ed co - effi ci ent is  a meas ure  of the percentage of
words in X  t hat  occur in Y , so we are effectivel y  i gnori ng
the extraneous words  in Y . The equation below is for the
modifi ed measure:

( )

X

Z

D

B

A

=

’

,

     [1]
as opposed  t o the origi nal  DICE co - effi cient:

( )

( )

Y

X

Z

D

B

A

+

´

=

2
’

,

    [2]
where A  is t he MEDLINE GeneRIF, B  is the generat ed

GeneRIF, Z  is the number of words that occur i n bot h A
and B , X  i s the number of words in A , and Y  i s t he number
of words in B .

Changing t he DICE co - effi cient in thi s way shows
that we are only intereste d in the following questi ons:

^ Does the generat ed GeneRI F contai n the MEDLIN E

GeneRIF?~ or ^ H ow much of it does it contain?~   These
questions are noticeably different to what the st andard,
un modifi ed DICE co - effi cient measures which is:  ^ How
similar are t he M EDLINE and  generated GeneRIFs?~

C.3.3 Experimental Results

Tabl e  C.1  s hows  the results for t he secondar y task
experiments, using both the standard DICE co - effi cients

(Classic DICE (see eq uation  [2] ), Modifi ed Unigram

DICE, Modified Bigram DICE, and Modified Bi gram

Phrases DICE), and the modifi ed me asure (see equati on

[1] ). The table is di vided into secti ons by experimental
run, and t hese sections are di vided further by the co -
effi cient use d to generate the average result for the
parti cul ar run. The runs  processed t he following dat a:

uwb2  used a concatenation of the document titl es and the
last line of the document abs tracts as input dat a, uwb3
used the document titl es as i np ut dat a, uwb4  u sed the last
li ne of the document  abstracts as input dat a, and
clair voyant  used pre - calculat ed DICE co - effi cients to fi nd
the best possible generated GeneRIF from a choice of
document  titl e, first  li ne of document abstract,
penultimate line of t he document  abstract, and last line of
document  abst ract. The clair voyant  run is t herefore a
measure of the best  possible result that the chosen
generated GeneRIF selecti on technique could produce,
but used data that woul d not be availabl e  to the s yst em
when it opera tes autonomously. Due to this, onl y runs
uwb2 , uwb3 , and uwb4  were submitt ed to TREC for
evaluation. The use of the modified measure in the
clair voyant  run is justifi ed as the run produces the best
standard DICE co - effi cient result s and the second best
mod ified measure result.

                       The result the m odifi ed measure achi eved (61.48 %)
indicat es t he bett er coverage o f the input dat a of run
uwb2 . This is unsurprisi ng, as the i nput dat a for this run
was a concatenati on of t wo strings; so the modified
measure had more d ata to work with. However,  incorrect
data for run uwb2  was sent to TREC, but t his did not  have
an effect  on the results for the classic DICE, the modified
unigram DICE, or the modified measure in t hi s run. Our
own anal ysi s of t he corrected dat a gives the r esul ts shown
in table C.2 .

                       The best run using the st andard DICE co - effi cients
was the Modified Uni gram DICE co - effi cient in run
uwb3 , which produced 48.25 %. This result is interesting
as it shows that document titles do contai n pertinent dat a
for generatin g GeneRIFs. However, t his advant age is l ost
when document titles are combined with other parts of the
document, such as the last  line of the do cument abstracts
in run uwb2 .

Table C. 1: Experi mental  Results

CO - EFFICIENT TYPE  A verage %
uwb2

Cl a ssic DICE  44.41

Modified Unigram DICE  44.07

Modified Bigram DICE  2.33

Modified Bigram Phrases DICE  1.80

Modified Measure  61.48
uwb3

Cl assic DICE  46.48

Modified Unigram DICE  48.25

Modified Bigram DICE  29.53

Modified Bigram Phrases DICE  32.82

Modif ied Measure  42.74
uwb4

Cl assic DICE  36.28

Modified Unigram DICE  35.21

Modified Bigram DICE  22.73

Modified Bigram Phrases DICE  24.52

Modified Measure  38.80
clair voyant

Cl assic DICE  58.16

Modified Unigram DICE  59.61

Modified Bigram DICE  45.04

Modi fied Bigram Phrases DICE  47.94

Modified Measure  54.43

Table C. 2: Corrected Results for uwb2

CO - EFFICIENT TYPE  A verage  %
uwb2

Cl assic DICE  44.53

Modified Unigram DICE  40.08

Modified Bigram DICE  29.20

Modified Bigram Phrases DICE  31.80

Modified Mea sure  -

C.4 References

J. Mork and L. Aronson.  Jul y 2003. medir.ohsu.edu/

~genomi cs/protocol.ht ml.

W. Teahan, 2003. ^ Knowing about knowledge:

Towards a framewor k for knowledgeabl e agents and

Knowl edge G ri ds ~ , Tech Report AIIA 03.2, School of

Inf ormatics , Universit y of Wal es, Bangor .