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Abstract

This paperdescribesan experimentaiming at

evaluating the role of NLP based optimizations

(i.e. morphologicalderivation and synonymy
expansionjn web searchstrategiesKeywords
and their expansionsare composedin two

different Boolean expressiongi.e. expansion
insertionand Cartesiancombination)and then
compared with a keyword conjunctive
composition, considered as the baseline.
Resultsconfirm the hypothesisthat linguistic

optimizationssignificantly improve the search
engine performances.

Introduction

The purpose of thigrork wasto verify if, andin
which measure,some linguistic optimizations
ontheinput guerycanimprovethe performance

of an existing search engine on the web

First of all we tried to determinea proper
baseline to compare the optimized search
strategies.Such a baseline should reflect as
much as possiblethe averageuse of the search
engineby typical userswhenqueryingthe web.
A query is usually composedof a limited
number of keywords (i.e. two or three),in a
lemmatized form, that the search engine
composes by default in a conjunctive

expression Starting from this level (we call it

“basic level”) we have designedtwo more
sophisticatedsearchstrategiesthat introduce a
number of linguistic optimizations over the
keywordsandadopttwo compositionmodalities
allowedby the “advancedsearch’capabilitiesof

the searchengine.One modality (i.e. Keyword

expansionnsertionSearch KIS) first expands
each keyword of the base level with

morphologicalderivationsand synonyms,then
it builds a Boolean expressionwhere each
expansion is added the basekeywordlist. The
second modality (i.e. Keyword Cartesian
expansion Search - KCS) adopts the same
expansion®f the previousone,but composesa
Boolean expressiowhereall the possibletuples
amongthe basekeywords and expansionsare
considered.

The working hypothesigs that the introduction
of lexical expansions should bring an

improvement in the retrieval of relevant
documents. To verify the hypothesis, a

comparative evaluation has been carried out

using the three search modalities described
above over a set édctualquestionsTheresults
of the querieshavebeenmanuallyscoredalong
a five value scale,with the aim of taking into

accountnot only the presencen the document
of the answerto the question, but also the

degreeof contextualinformation provided by

the documenttself with respecto the question.
Both the presenceof the answer and the

contextualinformation have beenestimatedby

1 The results reported in this paper are part of a moréVO relevancefunctions, one that considersthe

extended project under developmentat ITC-irst,
which involves a collaborationwith Kataweb, an
Italian web portal. We thank both Kataweb and
Inktomi Corporationfor kindly having placed the
search engine for the experiments at our disposal.

document position, the other that does not.

The experiment results confirm that the
introduction of a limited number of lexical
expansions (i.e. 2-3) improves the engine
performance. In addition, the Cartesian



composition of the expansions behaves
significantly better than the search modality
based on keyword insertion.

Someof the problemsthatwe facedwith in this

work have beenalready discussedn previous
works in the literature. The use of query
expansiondor text retrieval is a debatecdtopic.

Voorhees(1998) arguesthat WordNet derived
guery expansionsare effective for very short
gueries, while they do not bring any
improvementdor long queries.From a number
of experimentg{Mandalaet al., 1998) conclude
that WordNet query expansionscan increase
recall but degrade precisigerformancesThree
reasonsare suggestedo explain this behavior:
(i) thelack of relationsamongtermsof different
partsof speechin WordNet; (i) manysemantic
relations are ngpresenin WordNet; (iii) proper
names ar@ot includedin WordNet.(Gonzaloet

al., 1998)pointedout somemoreweaknessesf

WordNetfor Information Retrievalpurposesin

particular the lack of domain information and
the fact that sensedistinctions are excessively
fine-grained for the task. A related topic of

guery expansionis query translation,which is

performed in Cross-Language Information
Retrieval (Verdejo etl. 2000).

This work bringsadditionalelementsn favor of

the thesisthat using linguistic expansionscan
improve IR in a welsearchscenarioln addition
we arguethat, to be effective, query expansion
has to be combined with proper search
modalities. The evaluation experiment we

carried out, evenwithin the limitations due to

time and budget constraints,was designedto

take into accountthe indicationsthat cameout

at the recent TREC workshop on Question
Answering (Voorhees, 2000).

The paper is structured as follov&ectionl and
2 respectively presentthe modalities for the
linguistic expansion and for the query
composition.Section3 reportsthe experimental
setting for the comparativeevaluation of the
threesearchmodalities.Section4 describesand
discussesthe results obtained, while in the
conclusionswe propose some directions for

future work.

1 Lexical expansion

Two kinds of lexical expansiorhavebeenused
in the experiment: morphological derivations
and synonymexpansionsBoth of them try to

expanda “basic-keyword”, that is a keyword

directly derived from a natural language
guestion.The languageusedin the experiments
is Italian.

1.1 Basic keywords

The ideais that this level of keywordsshould
reflect as much ggossiblethewordsusedby an

averageuser to query a web search engine.
Given a question expressedwith a natural
language sentence, its basic keywords are
derived selectingthe lemmasfor eachcontent
word of the question.Verbs are transformedn

their corresponding nominalizatioRurthermore
we decided to consider collocations and
multiwords as single keywords,as most of the

currentlyavailablesearchenginesallow the user
to specify “phrases” in gery simpleway. In the

experimentspresentedn the paper multiword

expressionsare manually recognizedand then
added to the basic keyword list.

Figure 1 showsa coupleof questionswith their
respective basic keywords.

NL-QUESTION: Chi ha inventato la
elettrica? ( Who invented the electric light?
BASIC-KEYWORDS: inventore (inventol
luce_elettrica ( electric_ligh)

luce

NL-QUESTION: Quale e il fiume  piu
lungo del mondo? (Whichis the longestworld
river?)
BASIC-KEYWORDS: fiume
(longes} mondo ( world)

(river) pit_lungo

Figure 1: Basic keywords extraction from questions.

1.2 Morphological derivation

Morphological derivations are considered
becausethey introduce new lemmas that we
might find in possible correct answersto the
guestion, improving in this way the engine
recall. For instance for a questionlike “Chi ha
inventatola luce elettrica?”(“Whoinventedthe
electric light?”) we can imagine different
contextsfor the correctanswer suchas*la luce
elettricafu inventatada Edison” (“Electric light



was invented by Edisorf), “L’inventore della
luce elettrica fu Edison” (“The inventor of
electriclight was Edisori), “L’invenzione della
luce elettrica @ovutaa Edison” (“Theinvention
of electric light is due to Edisori), where
different morphologicalderivationsof the same
basic keyword “inventore” (“inventof) appear.
Derivations have been automatically extracted
from an Italian monolingual dictionary (Disc,
1997), and collected without consideringthe
derivationorder(i.e. “inventare” belongsto the
derivation set of “inventore” even if in tlaetual
derivationit is the noun that derivesfrom the
verb).

1.3 Synonyms

Keyword expansionbasedon synonyms can
potentially improve the systemrecall, as the
answerto the questionmight containsynonyms
of the basickeyword. For instance the answer
to the question “Chi ha inventato la luce
elettrica?” (“Who inventedthe electric light?”)

might be one among“Lo scopritoredella luce
elettricafu Edison” (“The discovererof electric
light was Edisor), “L'inventore della
illuminazione elettrica fu Edison” (“The
inventor of electric illumination was Edisor),

“La scopritoredella illuminazione elettrica fu

Edison” (“The discoverer of electric
illumination was Edisor{), where different
synonymsof “inventore” (“inventof’) and“luce

elettrica” (“electric light”) appear. In the
experiment reported in section 3 Italian
synonymshave been manually extractedfrom

the ItalianWordnetdatabase(Roventini et al.,

2000), afurtherextensiorof the Italian Wordnet
producedby the EuroWordNetproject (Vossen,
1998). Once the correct synset for a basic
keywordis selectedjts synonymsare addedto

the expansiorist. In the nearfuture we planto

automatethe processof synsetselectionusing
word domaindisambiguationa variant of word
sense disambiguationbased on subject field

code information addedto WordNet (Magnini
and Cavaglia, 2000).

1.4 Expansion chains

The expansions described in the previous
sectionscould be recursively appliedto every
lemma derived by a morphological or a
synonym expansion.For example,at the first
expansionlevel we can passfrom “inventore”

“inventof to its synonym “scopritore”
“discoveret, from which in turn we can
morphologically derive the noun “discovery”,
andso on (cfr. Figure 2). This would allow the
retrieval of answerssuchas “La scopertadella
lampadaad incandescenza& dovutaa Edison”
(“The discovery otheincandesceniampis due
to Edisor).

Although in the experimentreportedin this
paperwe do not use recursiveexpansiongi.e.
we stop at the first levelf the expansiorchain),
a long term goal of this work is to verify their
effects on the document relevance.

inventore (invento)
O - scopritore (discoverey,
ideatore (artificer)
derivation  invenzione (invention)

| oy, scoperta
OFMET_, inventare  (invent)
'DWHEL scoptrire

(discoverer)

(discover)

Figure 2: Lexical chain fotinventore” (“inventor’)

2  Query compositions

We wantedto take advantagef the “advanced”
capabilitiesof the searchengine.In particular
we experimented the “Boolean phrase”
modality, which allows the user to submit
guerieswith keywordscomposedoy meansof
logical operatorsHoweverwe quickly realised
that realistic choiceswere restrictedto disjoint
compositionsof short AND clauses(i.e. with a
limited numberof elementstypically not more
than four). This constrained us to two
hypothesis,describedin sections2.2 and 2.3,
which have been comparedwith a baseline
composition strategy, described in 2.1.

2.1 Keyword “AND’ composition search
(KAS)

This searchstrategycorrespondgo the default
method that most search enginesimplement.
Givena list of basickeywords,no expansionis
performedand keywords are composedin an
AND clause.An exampleis reportedin Figure
3.



NL-QUESTION: Chi ha inventato la luce
elettrica? ( Who invented the electric light?
BASIC-KEYWORDS: inventore ( inventod
luce_elettrica ( electric_ligh)
EXPANSIONS:

COMPOSITION: (inventore AND
luce_elettrica)

Figure 3: Example oANDcomposition search

2.2 Keyword expansion insertion search
(KIS)

In this composition modality a disjunctive
expressionis constructedwhere each disjoint
elementis an AND clauseformed by the base
keywords plus the insertion of a single
expansionin addition,to guaranteghat at least
the samedocumentsof the KAS modality are
retrieved, both an AND clausewith the basic
keywordsandall the single basickeywordsare
addedas disjoint elementsFigure 4 reportsan
example.If the AND combinationof the basic
keywords produces a non empty set of
documentsthenthe KIS modality shouldreturn
the sameset of documentsrearrangedby the
presenceof the keyword expansionsWhat we
expectis an improvementin the position of a
significant document,which is relevant when
huge amounts of documents are retrieved.

NL-QUESTION: Chi ha inventato la luce

elettrica? ( Who invented the electric light?
BASIC-KEYWORDS: inventore ( invento
luce_elettrica ( electric_ligh)
EXPANSIONS:

inventore

O - scopritore, ideatore

OFMIT— invenzione

Il scoperta
OFMT— inventare

lﬂm—» scoptrire

luce_elettrica

'DWH lampada_a_incandescenza

COMPOSITION:

(OR (inventore AND luce_elettrica AND
scopritore)

OR (inventore AND luce_elettrica AND
ideatore)

OR (inventore AND luce_elettrica AND
invenzione)

OR (inventore AND luce_elettrica AND
scoperta)

OR (inventore AND luce_elettrica AND
inventare)

OR (inventore AND luce_elettrica AND
scoprire)

OR (inventore AND luce_elettrica AND
lampada_a_incandescenza)

OR (inventore AND luce_elettrica)

OR inventore OR luce_elettrica)

Figure 4: Example of expansion insertion
composition

2.3 Keyword Cartesian composition
search (KCS)

In this composition modality a disjunctive
expressionis constructedwhere each disjoint
elementis an ANDclauseformedby one of the
possibletuple derived by the expansionset of
eachbasekeyword. In addition, to guarantee
that at leastthe samedocumentsof the KAS
modality are retrieved, the single basic
keywordsareaddedasdisjoint elementsFigure
5 reports an example.

As in the previouscasewe expectthat at least
the sameresultsof the KAS searcharereturned,
becausethe AND composition of the basic
keywords is guaranteed.We also expect a
possible improvemerdf the recall,becausaew
AND clauses are inserted.

NL-QUESTION: Chi ha inventato la luce

elettrica?

BASIC-KEYWORDS: inventore
luce_elettrica

EXPANSIONS:

inventore

O scopritore, ideatore
OFMET_, invenzione
loyeemr_, scoperta

inventare

'DWH scoptrire

ki

luce_elettrica
O lampada_a_incandescenza

COMPOSITION:

(OR (inventore AND luce_elettrica)

OR (inventore AND lampada_a_incandescenza)
OR (scopritore AND luce_elettrica)

OR (scopritore AND lampada_a_incandescenza)
OR (ideatore AND luce_elettrica)

OR (ideatore AND lampada_a_incandescenza)
OR (invenzione AND luce_elettrica)

OR (invenzione AND lampada_a_incandescenza)
OR (scoperta AND luce_elettrica)

OR (scoperta AND lampada_a_incandescenza)



OR (inventare AND luce_elettrica)

OR (inventare AND lampada_a_incandescenza)
OR (scoprire AND luce_elettrica)

OR (scoprire AND lampada_a_incandescenza)
OR inventore OR luce_elettrica))

Figure 5: Example of Cartesian composition search

3

This section reports about the problems we
facedwith comparingthe threesearchstrategies
presentedin section 2. The question set, the
documentassessmenand the scoring usedin
the experiment are described.

3.1 Creating the Question Set

Initially, a questionsetof 40 fact-basedshort-
answerquestionssuchas “Chi e l'autore della
Divina Commedia?’(“Who is theauthor of The
Divine Comedy? was created.Languagewas
Italian and each question was guarantedthie
at least one web documentthat answeredthe
guestion. Ambiguous questions (about 15%)
were not eliminated (seeVoorhees,2000 for a
discussion).A total of 20 questionsfrom the
initial question set have been randomly
selected,this way preventing possible bias in
favour of queriesthatwould performbetterwith
lexical expansions.Figure 6 reports the final
guestion set of the experiment.

Comparison experiment

1 Chi ha inventato la luce elettrica?
(Who invented the electric light?

2 Come si chiama l'autore del libro "I
Malavoglia"?
(Who is the author of the book "I
Malavoglia"?

3 Chi ha scoperto la legge di gravita?
(Who discovered the gravitational law

4 Chi ha inventato la stampa?

(Who is the inventor of printing

5 Chi ha vinto il campionatodi calcio nel
1985 ?

(Who won the soccer championship in
19859

6 Chi ¢ il regista di "I Mostri"

(Who is the director of “| Mostri)

7 Qualeattoreharecitatocon Benigninel film
"Il piccolo Diavolo"?

(Who played with Benigni in the film “Il
piccolo Diavolo™?)

8 Chi ha ucciso John Kennedy?

(Who assassinated John Kennedy?

9 Chi detieneil recoditaliano dei 200 metri?
(Who holds the Italian record for the 200-

meters dash?

10 | Chi € stato il primo uomo sulla Luna?

(Who was the first man on the mopn?

11 | Chi hainventato il Lisp?

(Who is the inventor of the Lisp

12 | Premio nobel per la letteratura nel 1998

(1998 Nobel Prize in literatuje

13 | Quale e il flume piu lungo del mondo?

(Which is the longest river of the wor)d?

14 | In qualesquadrai calcio Italianahagiocato
Van Basten?

(Which Italian soccerteamdid Van Basten
play in?

Chi ha vinto i mondiali di Calcio nel 19867
(Who won the World Cup Soccer in 1986

15

16 | Chi ha progettato la Reggia di Caserta?
(Whowasthe architect of the Casertaroyal

palace?

Dove e nato Alessandro Manzoni?
(Where was Alessandro Manzoni boyn?

17

18 | Quale e il lago piu grande d'ltalia?

(Which is the largest Italian lakg?

Chi ha fondato la Microsoft?
(Who is the founder of Microsojt?

19

20 | Chi e il padre della relativita?

(Who is the father of the relativity theojy?

Figure 6: Question set used in the experiments.

Each question was then associatedwith a
correspondinghuman-generatecset of basic
keywords, resulting in an orderedlist of [nl-
guestion, basic-keywords ] paik4le supposea
maximum of 3 basic keywords for each
guestion,obtainingan averageof 2.25. This is
in line with (Jansenet al., 1998) whereit is
reportedthat, over a sampleof 51.473queries
submittedto a major searchservice(Excite), the
averageguerylengthwas 2.35. Basic keywords
are then expandedwith their morphological
derivationsand synonyms(seeSection2), with
an average of two expansionsfor question
(min=0, max=6).

3.2 Document assessment

An automaticquery generatothasbeenrealised
that, given a questionwith its basic keywords
and lexical expansionsbhuilds up threequeries,
correspondingto KAS, KIS and KCS, and
submitsthemto the searchengine.Resultsare
collected consideringup to ten documentsfor

search; then the union set is used for the
evaluationexperiment.There was no way for

the assessoto relatea documentto the search
modality the documentwasretrievedby. Query



generationweb querying and result displaying
were all been made runtime, during the
evaluation session.

Fifteenresearcherst ITC-irst were selectedas
assessorm the experimentThey were askedto
judgethe web documentgeturnedby the query
generatorwith respectto a given question,
choosing a value among the following five:

1) answer_in_context  The answer
correspondingo the questionis recoveredand
the document context is appropriate. For
examplef the questionis “Who is the inventor
of the electriclight?” then“Edison” is reported

in the document, in some way, as the inveofor

the electriclight and the whole documentdeals

with inventors and/or Edison’s life.

2) answer_no_context The answer to the

guestionis recoveredbut the documentcontext

is not appropriate(e.g. the documentdoesnot
deal neither with inventors or Edison’s life).

3) no_answer_in_context The answer

correspondingo the questionis not recovered

but the document context is appropriate.

4) no_answer_no_context The answer

correspondingo the questionis not recovered

and the document context is not appropriate.

5) no_documentthe requestedlocumentis not

retrieved.

The following instructions were provided to

assessors:

* The judgementhas to be basedon the
documenttext only, thatis no further links
exploration is allowed.

» If a questionis consideredambiguousthen
give it just one interpretationand use that
interpretationto judge all question-related
documentgonsistently For example,if the
guestion“Chi €& il vincitore del Tour de
France?' (“Whois the winner of the Tour
de France?) is considered ambiguous
becausdhe answermay changeover time,
then the assessorcould decide that the
correctinterpretationis “Who is the winner
of the 1999 Tour de France?"andjudge all
the documents consistently.

* A documentontainstheansweronly if it is
explicitly reportedin thetext. Thatis, if the
guestionis “Who is the authorof Option®”
it is not sufficient that the string “Robert
Sheckley”or “Sheckley” is in the text, but
the document has to say that Robert
Sheckleys the author ofOptions

Each question was judged independently by
three assessorsThe number of texts to be
judged for a question ranged from tb0L8, with
an averageof 12. For each question k we
obtainedthree setsViasx Visk and Viesk of
(pos assessmentpairs correspondingto the
threesearchmethodswhereposis the position
of the documentin the orderedlist returnedby
the search method, and assessmentis the
assessment of one participant.

3.3 Assessment scoring

We eliminated all the (pos assessmeptpairs
whose assessmenvas equal to no_document
Said i a (pos assessmentpair belonging to
Vkas, k Vkis, k OF Vics, k We define:

[0 if assssmaetis no_answe_no_context
B if assesmatisno_answe_in_ contet

r(i)=
0 % if assesmatis answe no_context

@ if assesmatisanswe_in_ contect

Given a questionk and a set Vi of (pos
assessmentpairs correspondingo an ordered
list L, of documents, to evaluatiee relevanceof
Ly with respectto k we have defined two
relevance functions, defined in [1]: f. that
considerghe documeniposition,andf. thatdoes

not.
S V(i) S V(i) / p(i)
f_(k):iD\/k f+(k):iD\/km
m S/
where

- p(i) is the positionof the web documentn the
ordered list.
- v(i)=a(r(i)) i)+ B(r(D))
ax), B(x) : {0,1,2,3 - (0,1) are
tuning functionghatallow to weightthe
assessments.
- mis the maximumlengthof an orderediist of
web documents.
For eachsearchmethodwe obtaineda setof 20
(f., f.) pairs by the assessingrocess,i.e., we
obtained20 (f,, f.)kas, « pairs,20 (f., f.)xs, « pairs
and 20 €, f+)kcs, k pairs.



4 Results and discussion

During the assessingorocess,some requested
URLSs were not retrieved. We haveéadal of 546
URLs and 516 retrieved web documents,
meaning that about 6% of URLs were not
retrieved (see Table 1).

KAS | KIS KCS Total

Total URLs| 146 200 200 546

Retrieved | 137 191 188 516
URLs

% Retrieved 94% | 95% | 94% 94%
URLs

Table 1: URLs returnedby KAS, KIS and KCS
methodsand URLSs retrieved during the assessing
process.

Table 2 shows the assessmentsn the KAS
searchmethod,which we considerthe baseline
of the experimentbeing searchby keywordsa
standard search method on the Web.
Resultsare presentedor three partitionsof the
guestionset. QS1lis the subsetof questions
whosenumberof morphologicalderivationsand
synonyms is higher than three; QS2he subset
whosenumberof lexical expansionsgs equalto
two or three; QS3 is the subset whasenberof
lexical expansiongs lower thantwo. The table
reportsthe averagevaluesof f. (i.e. document
order not considered) and f. (i.e. order
considered)with respectto eachpartition. The
obtainedvalues,f. 0.23 and f. 0.25, indicate
that, on averageabout2 web documentshave
an answer_in_contexassessmenand 7 web
documents have  no_answer_no_context
assessment out @D documentseturnedby this
method.

KAS
Mean Sdev
f. f, f. f,
(- pos.) (+pos.) (- pos) | (+ pos)
QSs1 0.14 0.20 0.20 0.23
QS2 0.37 0.31 0.43 0.34
QS3 0.22 0.23 0.20 0.21
all 0.21 0.23 0.25 0.23

Table 2: Mean and standard deviation of the
relevancevalues f. (without position)andf, (with
position) of retrievedweb documentsreturnedby
KAS method.

Table 3 reports the relevancevalues for the
documentsretrieved respectivelyby KIS and
KCS. For KIS we have a growth of the 19%
and 13% comparedwith the KAS method.For
KCS the averagegrowth is 33 % and 22%
compared with  KAS. On QS2 there is a
remarkable improvement in the KCS
performancesomparedwith KAS (+59% and
+77%). In this casethe averagevalue of f, is
greaterthanf. meaningthat KCS recoversgood
web documentdn a better position than KAS.
On QS3thereis also a good performanceof
both KIS andKCS comparedwith KAS (+18%
and+17%for KIS, +23% and +17% for KCS).
On the contrary, on the subsetQS1 both KIS
and KCS performances are comparable to KAS.

KIS KCS
% KAS % KAS
f. f. f. f.
(- pos.) | (+pos.)| (-pos.) | (+Ppos.)
Qs1 +7 % -15% +7%| -15%
QS2 3%| +19% +59 % | +77 %
QS3 +18 % | +17 % +23 % | +17 %
all +19%| +13% +33%| +22%

Table 3: KIS and KCS increasing of the average
relevance with respect to KAS.

Fromthe datapresentedhereit doesnot emerge

a clearcorrelationbetweerthe performancef a
search method and the number of lexical
expansionslt can be notedthat both KIS and
KCS perform quite well, comparedwith KAS,

on the set of questionshaving no expansions.
This can be explainedbecauseKIS and KCS
createquerieslessrestrictivethan KAS and are
ableto recoverthe samedocumentf KAS as
well as other documents that can be meaningful.

In caselexical expansionsare present,the best
performancecomparedwith KAS is carriedout
by KCS methodon questionl (Figure6), which
have a total of four derivations and four
synonyms. In this case KAS recoveredtwo
documentsand KCS more than ten documents,
improving also the answer_in_context
assessmentthanksto both the morphological
derivation "invenzione" ("inventiorf) and the
synonym "lampadina elettrica"
("electric_lamp).



It is not clear if synonyms affect search
performance more than morphological

derivation or vice versa. It seems that synonym

and morphological derivations are significant
expansionsn the sameway. If we considerthe

set of the questions characterisedby an

improvementin the KCS andKIS performance
comparedvith KAS performancethenthereare
four questionshaving the numberof synonyms
greater than the number of morphological
derivations,three questionshaving the number
of synonyms lower than the number of

morphological derivationsand three questions
having the number of synonymsequal to the

number of morphological derivations (zero
included).If we considerthe set of questions
havingthe numberof synonymshigherthanthe

numberof morphologicalderivations thenthere
are four casesut of eightwhereKIS andKCS

enhancehe performanceof KAS. If insteadwe

considerthe setof questionshavingthe number
of synonyms lower than the number of

morphologicalderivationsthere are three cases
out of six where KIS and KCS enhancethe

performance of KAS.

Finally, Table 4 synthetically showshow KIS

and KCS perform with respectto document
“context retrieval”, that is the degree of

contextual information provided by the
documentwith respectto the question, no

matterif the answerto the questionwaspresent
or not in the documentitself. To focus on

context we set the tuning functions a(x) and
B(x) to a(0)=0, a(1)=1, a(2)=0, a(3)=1/3 and
B(x)=0. The reasonfor consideringa context
retrieval scoreis that, in casethe answeris not
present,context increasesthe probability that
other relevant documents can be found
following hypertextualinks, possiblyincluding
the correct answer to the question.

Results obtainedwith KIS and KCS confirm

that they provide a significant increase(from

31% to 41%) of context retrieval score.

% context retrieval increasing with
respect to KAS

f. (- pos.) f. (+ pos.)
KIS 37 % +31 %
KCS 41 % + 38 %

Table 4: KIS and KCS context retrieval increasing
with respect to KAS.

Conclusion

A comparativeexperimentamongthree search

strategieshasbeencarried out with the aim of
estimating thévenefitsof lexical expansionsand
of composition strategies over the basic
keywords of a query. Resultslead us believe
that searchstrategieghat combinea numberof
linguistic optimizationswith a proper Boolean
compositioncanimprove the performanceof an
existing searchengineon the web. In particular
given KAS (no expansions, with AND
compositionsearchyasbaselineKIS (expansion
insertion search)performs better but one case
(i.e. with expansiongyreaterthan 3) and KCS
(Cartesiancompositionsearch)performs better
than KIS. Furthermore,KCS has a maximum
performancewith expansionsequalto 2 or 3,
significantly higherthanKIS, probablybecause
KCS retrieves web documentsthat are not
retrievedby KIS, which basicallyrearrangeshe
order of KAS documents.

At presentwe still have no clear data to
determinewhich numberand which kind (i.e.
morphological derivations and synonyms) of
lexical expansiongerformsbetterfor a single
guestion,evenif all the three searchstrategies
definitely perform betterwith questionswith a
limited numberof expansiongi.e. two or three).
An evaluationthat will takeinto considerations
suchvariationsis plannedfor the nearfuture. A
crucial relatedproblemfor the future is that of
the automaticevaluationof the searchstrategies
(seeBrecket al., 2000), which will enormously
speed up the design and evaluation cycle.

The experimentgeportedin this paperare part
of a feasibility study for the realisation of a
Natural LanguageBased searchengine on the
Web. At the presentstateof developmentsome
stepsin the query expansion(i.e. multiword
recognition and synset selection) have been
done manually, while both the keyword
compositionandthe actualsearchare automatic
and very efficient. In order to completely
automate the process,the main source of
inefficiency is likely to be keywords
disambiguation iWordNet. Theideais to usea
two stagedisambiguatioralgorithm (Voorhees,
1998), based on topic information, which



performslinearly with respectto the numberof
words to be disambiguated.
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