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ABSTRACT

Thisarticledescribeshowinadditiontogeneralpurposessearchengines,specializedsearchengines
haveappearedandhavegainedtheirpartofthemarket.Anenterprisesearchengineenablesthesearch
insidetheenterpriseinformation,mainlywebpagesbutalsootherkindsofdocuments;thesearchis
performedbypeopleinsidetheenterpriseorbycustomers.Thisarticleproposesanenterprisesearch
enginecalledAMBIT1-SEthatreliesontwoenhancements:first,itisuser-awareinthesensethatit
takesintoconsiderationtheprofileoftheusersthatperformthequery;second,itexploitssemantic
techniquestoconsidernotonlyexactmatchesbutalsosynonymsandrelatedterms.Itperformstwo
mainactivities:(1)informationprocessingtoanalysethedocumentsandbuildtheuserprofileand(2)
searchandretrievaltosearchforinformationthatmatchesuser’squeryandprofile.Anexperimental
evaluationoftheproposedapproachisperformedondifferentrealwebsites,showingitsbenefits
overotherwell-establishedapproaches.

KEyWoRdS
Enterprise Search Engine, Information Retrieval, Semantic Knowledge and Similarity, Text Analysis, User-
Awareness

INTRodUCTIoN

Enterprisesproduceandrelyonalargeamountofinformation.Asmallpartofinformationisavailable
bypublicwebsites,whilethemostpartisexploitedbyemployeesoftheenterpriseitselfbymeansof
intranet,andbycustomersoftheenterprisewhohaveaccesstosomeinformationforbusinesspurposes.

Inthisscenario,thecapabilityofsearchingforneededinformationplaysafundamentalrole.On
theonehand,enablinginternalemployeestofindtheneededinformationinashorttimeisnotonly
usefultospeeduptheirwork,butalsotoavoidordecreasethefrustrationoflongandunsuccessful
searches.Ontheotherhand,preciseandrelevantanswerstocustomersthatexploitthecompanyweb
sitesforbothsearchingandinteractingcangrantahighdegreeofcustomersatisfaction.

Inthisscenario,theauthorspointouttwoaspectsthatcanimprovetheuseofsearchenginesinan
enterprisecontextbyprovidingmorerelevantsearchresults:user-awarenessandsemantics.Existing
studiesandsurveysingeneralinformationmanagementcontextshavehighlightedthebenefitsthat
canbebroughttosearchresultsbytheformer(Xiangetal.,2010)andlatter(Mangold,2007).User-
awarenessmeanstoexploittheknowledgeoftheuserintermsofprofileandcontexttoeffectively
tailorthesearchonthebaseoftheavailableinformation.Semanticscanbeusefultoovercomethe
limitationsofasyntacticapproach,whichisoftenexploitedbutdoesnotconsidersimilarpiecesof
informationexpressedindifferentways.Asfarastheauthorsknow,therearenoenterprisesearch
enginesthatexploitbothaspectsinasingleapproach.
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Startingfromtheaboveconsiderations,thegeneralsemanticfoundationsintroducedin(Martoglia,
2015)areexploitedtoproceedtowardsthegoalofachievingauser-awaresemanticenterprisesearch
engine.ThesearchengineiscalledAMBIT-SE(AMBITSearchEngine).Itisnotagenericsearch
engine,butasearchenginededicatedtosearchesinanenterprisescenario.TheAMBIT-SEapproach
improvessearchresultsby:

• Takingadvantageoftextualinformation,includinguserinformation.Indeed,textistheprimary
componentofthedocumentsthatshouldbepresented/suggestedtousers,andalsooneofthe
maininformationcharacterizinguserprofiles.Consider,forinstance,thecontentsofuserbrowsing
history,thedescriptionofusers’interests,andsoon;

• Exploitingsemantictechniques:insteadofapuresyntacticmatchingbetweenthequerykeywords
and thewords in theavailabledocuments, it relieson theirmeaningand takes intoaccount
synonymsandrelatedterms.

Theapproachpresentedinthispaperbringsthefollowingnovelcontributionswithregardto
theinitialideaofanenterprisesearchenginesketchedin(Cabri,2016)andtothestateoftheart:

• Differentlyfromthestateoftheartonavailableenterprisesearchengines,itisabletocombine
semanticsanduser-awarenesswithoutrequiringanymanualwork(e.g.forannotatingdocuments,
describinguserprofiles,etc.).Novelsemanticanduser-awaretechniquesallowtheenginetogo
beyondstandardsyntacticsearchinacompletelyautomaticway;

• Thesemantictextanalysistechniquesareadaptedandrefinedfrompreviousauthors’studies
on theeffectivenessofsemantic textmanagement inspecificsubjectareassuchassoftware
engineering(Bergamaschietal.,2015;Martoglia,2011),agricultural(Beneventanoetal.,2016)
anduser-centricculturalenhancementdata(Martoglia,2015).Inthepresentedapproach,the
techniquesaregeneralizedtoworkinanon-specializedenterprisesearchsettingwithgeneral
purposeontologiesandnewweightingschemes,allowingthemtobedirectlycomparedtothe
newclasssimilaritycontribution;

• Thestrengthofthesemantictextanalysiscontributionisaddedtothenewcontributiongiven
bysemanticcategorization.Categorizationclassifiesdocumentsonthebasisofawell-known
taxonomy(definedbyIPTC2)inordertoprovideimprovementsintheretrievaleffectiveness.
Tothisend,anovelclasssimilaritymetricisintroduced,withaweightingschemeexploiting
thenovelconceptofinverse(document)classfrequency;

• Anovelrankingselection/fusiontechniqueisemployed,producingafinaldocumentranking
which:(1)reflectsboththequeryanduserprofileinaflexibleandcustomizableproportion;(b2
fusesbothclassandtextsimilaritycontributionsinthecasetheyarejudgedassignificant;(3)
otherwise,itisabletoautomaticallyexcludeoneofthetwocontributionsfromthefinalresult.

Thecombined textanalysis,user-awareandsemantic retrieval techniquesultimatelyprovide
enhancedsearchingeffectivenessoverstandardsearchtechniques,asalsoshownintheexperimental
tests.Moreover,theapproachisdevisedforITSmallandMedium-sizedEnterprises(SMEs),providing
themwitheasy-to-applymethodsthatallowthemtoqueryfortheinformationtheyneedintheway
theyareusedto.

Thispaperisorganizedasfollows.First,arelatedworkanalysisispresented(Section“Related
Work”). Then, Section “Search Engine Architecture” describes the architecture of the proposed
searchengine.Section“InformationProcessing”explainshowthepresentedapproachprocessesthe
documentsthatcanbe“searchable”bytheusers.Section“SearchandRetrieval”illustrateshowthe
systemdefinesarankingofretrieveddocumentstosatisfytheuser’squery.Finally,theresultsofthe
experimentscarriedoutonthesystemarereported,beforetheconclusions(Section“Conclusions”),
inSection“ExperimentalEvaluation”.
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RELATEd WoRK

Thissectionpresentsareviewoftheexistingapproachesrelatedtouser-awaresemanticenterprise
searchengines.Theauthorshaveconsideredbothacademicandcommercialapproaches,andhave
classified them on the base of two aspects: the user-awareness and the semantics; the resulting
taxonomyisreportedinFigure1.

Most of the approaches do not consider together these aspects and/or cannot be classified
as enterprise searchengines.For these reasons, relatedworkwillbepresented in three separate
subsections:semanticapproaches,user-awareapproachesandenterprisesearchengines.

Semantic Approaches
TheSemanticWebislikelytobethefieldwheremostoftheapproachesforsemanticdocument
retrievalhasbeenproposed,asreportedin(Mangold,2007).Itisasurveywhichcoversapproaches
thatexploitdomainknowledgetoprocesssearchrequests.Theauthorsdiscussalargevarietyofdomain
knowledgeutilizationthatincludeautomaticqueryexpansionandontology-drivendocumentretrieval.

Thepossibleineffectivenessofinformationretrievalsystemsismainlyduetotheinaccuracy
withwhichaqueryformedbyafewkeywordsmodelstheactualuserinformationneed.Onewell
knownmethodtosolvethisproblemisautomaticqueryexpansion,wherebytheuser’soriginalquery
isaugmentedbynewfeatureswithasimilarmeaning(Carpineto&Romano,2012).Differentlyfrom
theapproachpresentedinthispaper,complexqueryexpansiontechniques,suchastheonesdiscussed,
usuallyrequiredifferentparameterstobespecified(asalsostatedin(Abdou&Savoy,2008)).For
instance,themethodproposedin(Voorhees,1994)involvesasetofparametersspecifyingforeach
runandforeachrelationtypeincludedintheontologythemaximumlengthofachainofthattypeof
linkthatmaybefollowed.Generally,thereisnosingletheorycapableoffindingthemostappropriate
values(Abdou&Savoy,2008)andthereforealongprocessofmanualtuningisneeded.

Figure 1. Taxonomy of user-aware semantic approaches
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Moreandmoredocumentretrievalsystemsmakeuseofontologiestohelpusersbetterspecify
theirinformationneedsandproducesemanticrepresentationsofdocuments.(Haslhoferetal.,2013)
proposes a Simple Knowledge Organization System (SKOS) based term expansion and scoring
techniquethatleverageslabelsandsemanticrelationshipsofSKOSconceptdefinitions.TheHybrid
spreadingactivationapproach(Rochaetal.,2004)requirestightcouplingbetweenthedocumentbase
andtheontology,whichisagraphwhereconceptsandpropertiesarenodesandedges,respectively.
Thesetofnodesthatmatchthegivenquerytermsisusedasthestartnodesofaspreadingactivation
algorithm:documentswithhighestactivationarerankedhighestintheresultset.Differentlyfrom
thepresentedapproach,thementionedsystemshavenonotionofusercontext.

Given theneed formanual intervention, typical semantic retrieval techniquesobtainagood
degreeofeffectivenessonlyonmanuallyannotatedcollectionsand/orwithexplicituserintervention.
(Savoy,2005)comparetheretrievaleffectivenessofdifferentsearchmodelsinabibliographicdatabase
context.Thesemodelsarefoundedonautomaticsyntactictext-wordindexingoronmanuallyassigned
controlleddescriptors.(Thesprasith&Jaruskulchai,2014)proposesaqueryexpansiontechnique
workingonMEDLINEdocumentsthathavebeenmanuallyassignedtocontrolledMeSH(Medical
SubjectHeadings)vocabularies.TheindexingandretrievalapproachproposedbyAMBIT-SE,instead,
exploitsthesemanticsofthetextwhileremainingcompletelyautomatic.

(DeVochtetal.,2017)presentsasemanticsearchenginefocusinginparticularonintegration
ofdifferentsourcesofdatainthescienceresearchfield.Toincreasetheprecisionoftheresults,the
authorsannotatedandinterlinkedstructuredresearchdatawithontologiesfromvariousrepositories
exploitingasemanticmodel.Thatapproachdoesnotconsideruser-awarenessandrequiresannotation.

(Figueroa & Neumann, 2016) focuses on the search in the context of Community question
answering(cQA)platforms.Itinducesthesemanticclassesofquestion-likesearchqueriesbymeans
ofthecontextualinformation.Contextissetuporrepresentedbyinferredviewsoftheirrespective
searchsessions,namelyviewsmodellingpreviousqueriesenteredbythesameuser.Theideaof
introducingsemanticclassesandofcombiningthemwithcontextualinformationisveryinteresting,
butinthatworkislimitedtoaspecificfield(cQA).

SINA(Shekarpouretal.,2015)isascalablekeywordsearchsystemthatcanansweruserqueries
by transforming user-supplied keywords or natural-languages queries into conjunctive SPARQL
queriesoverasetofinterlinkeddatasources.Inthiscase,differentlyfromthescenarioconsidered
inthispaper,dataareexpressedingraphformat.Thesystemexploitssemanticstoimprovesearch
overdifferentdatasources,butdoesnottakeintoconsiderationuserinformationtorefinequeries.

User-Aware Approaches
The advantages of taking into consideration the context has been point out several times in the
literature(Bolchinietal.,2011;Cabrietal.,2003;Falcarinetal.,2013;Xiangetal.,2010;Vuetal.,
2017).Inparticular,afewworksconcerncontextmodelling,representation,andeffectivehandling.
For instance, (Bolchini et al., 2011) proposes to design a context management system which is
notapplication-dependent,(Falcarinetal.,2013)proposesanarchitecturalframeworkforcontext
datamanagement,while(Villegas&Müller2010)reportstheresultofastudyonvariouscontext
modellingandmanagementapproaches.(Xiangetal.,2010)addressestheproblemofintegrating
contextinformationintoarankingmodel.(Liuetal.,2004)proposesamethodtoderiveauserprofile
basedonthesearchhistoryandonpre-determinedcategoryhierarchies.(Vuetal.,2017)proposesa
personalisedquerysuggestionframeworkforIntranetsearch,relyingontwotemporaluserprofiles.

Mostof theseapproachesprimarily focusonspecificaspects suchasexternalconditionsor
location,theydonotconsiderthesemanticsofthecontextand/ortheyrelyonmanualworkinorder
toclassifyandcategorizeusersanddocuments.Generalpurposesearchengines,suchasGoogle,
typicallyprovideonlyverysimplelocalizationofsearchresultsonthebaseoftheIP-address.
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Enterprise Search Engines
Manyenterprisesearchengineshavebeenproposedintheliteratureoraresoldbycompanies.Most
oftheproposalsdonotprovideanontology-basedsemanticanalysis,relyinginsteadonsyntactic
andhand-codedrules.SomeexamplesareAlfresco3,Autonomy4,Solr5.Google6isalsoanexample
ofasyntacticsearchenginethatcanbeexploitedinaenterprisesearchcontext.

Thereare,ofcourse,exceptionstothisrule.TheSHOEproject(Heflin&Hendler,2000),which
requiresadomain-ontologywheredocumenttypescorrespondtoontologyconcepts.Attivio7,aproduct
whichmanagesinformationintheRDFformat,providingsearchresultsandalerts.ExpertSystem’s
Cogito8,whichprovidesautomateddisambiguation,classification,entityextraction,andmetadata.
Nevertheless,thesesystemsprovidenonotionofusercontext.Instead,Coveo9isatoolspecifically
orientedtoexploitcontextualknowledgefordealingwithinformationrelatedtocustomersandagents,
butitdoesnotexploitsemanticinformation.

Consideringthesemanticandcontextinformation,therearefewsystemsthatexploitit,evenifin
asometimes-limitedway.TheOntogatorsystem(Hyvonenetal.,2003),partofanimagemanagement
andretrievalsystem,providesaninteractiverecommendationsystemthatallowstheusertobrowse
imagesbasedonontologicalproperties.Toexploitusercontexts,itintroducesviewstotheontology
thatrelyondifferentconcepthierarchies,called“facets”.Eachviewrepresentsaspecificinformation-
need.PrEmISES,proposedin(Ramona-Cristinaetal.,2016),isaframeworkthataimsataddressing
informationmanagementneedsofSMEsrelyingonontologiestoaddsemanticallyenabledinformation
integration.Theframeworkdefinitionisstillinaverypreliminaryphase;therefore,semanticand
context-sensitivefeaturesarecurrentlyonlysketched.AnotherexampleisIBM’sContentAnalytics
withEnterpriseSearch10,whichexploitsaframeworkcalledUnstructuredInformationManagement
Architecture (UIMA), inorder tobuildanalyticapplicationsand to findmeanings, relationships
andrelevantfactshiddeninunstructuredtext.Contextinformationisprovidedbymeansofmanual
annotations.Theseapproachesrequiremanualinterventiononthedocumentsand/oradoptastill
limitednotionofcontext,i.e.theydonotexploitallofthedatapotentiallyavailablerelatedtothe
user,suchasthecontentsofanywebpagevisited,attachmentdownloaded,andsimilardocuments.

dISCUSSIoN

Theauthorshavereportedseveralresearchesthatareconnectedtotheapproachpresentedinthis
paper.Theypointoutthatthereisnoexistingapproachthataddressesallthefollowingaspectsat
thesametime:

• Semantics:Exploitationofsemantictechniquestoimprovetheresultsofthequery;
• User-awareness:Exploitationofuserinformationtocustomizetheresultsofthequeries;
• Generality:Capabilityofbeingappliedtogeneralsourcesofinformation,nottoaspecificfield;
• Automation:Noneedformanualannotationoftheinformation.

Startingfromtheaboveanalysis,theAMBIT-SEapproachaimsataddressingalltheabove-
mentionedaspects.Inthenextsection,thearchitectureofAMBIT-SEispresented.

SEARCH ENGINE ARCHITECTURE

Figure2showsthearchitectureoftheproposedsearchengine,themainactivitiesandtherelated
modules.In(Cabrietal.,2016)theauthorstackledindetailmanytextpre-processingissuessuch
crawlingtechniques,paragraphidentificationandtexttagging.Inthispaper,thefocusisondefining
thesemantictextanalysisandthenovelsemanticcategorizationtechniques(describedinSection
“InformationProcessing”)Thegeneralarchitectureisalsosignificantlyextendedinordertomanage



International Journal on Semantic Web and Information Systems
Volume 14 • Issue 4 • October-December 2018

134

theoutputofbothkindsoftechniquesandtoexploititintheactualsearch(Section“Searchand
Retrieval”).Thearchitecturehighlightstwomainactivities:

1. Information processing (dashed line in figure):Thisactivityisappliedtoboththedocuments
tobe retrieved (e.g.webpages for agiven site) and thedocumentsuseful todetermine the
user’sprofile(suchase-mails,webpagesviewed,profileinformation,pastsearchqueries,etc.).
Theavailableinformationisextracted(crawled)andindexedbymeansofad-hoctechniques,
alsoexploitingexternalknowledgesources.Thedatastructurescontainingalltheinformation
processingresultswillbereferredtoas“semanticglossaries”,oneforthewebsite(s)andone
fortheuserprofile.Bothglossariesarethencompared(“Semanticglossariescomputationand
comparison” in the figure)with ad-hocdocument similarity algorithms, detailed inSection
“SearchandRetrieval”.Thegenerated“Profilerankings”symbolizehowrelevanttheretrievable
documentsareinrelationtotheuser’sprofile;

2. Search and retrieval (solid line in figure):Thisactivityprovidesusefulanswerstotheuserby
retrievingthemostrelevantdocumentswithregardtotheuserquery,alsotakingintoaccountits
pre-computedprofileinformation.Thisisachieved(“Semanticqueryprocessing”)bydetermining
the“Queryrankings”ofthequerywithregardtotheavailabledocuments(semanticsimilarity
discussed in Section “Search and Retrieval”). Query rankings are finally fused with profile
rankingsinordertoprovidethefinalranking.

Thesetwomainactivitiesaredetailedinthenexttwosections.

INFoRMATIoN PRoCESSING

Informationprocessingiscommontoboththedocumentsofthewebsite(s)tobeindexedandthe
userprofiledocuments.Eachofthemwillcontributetoasemanticglossarystructurecontainingthe
resultsoftheanalysis.

Thefirststepoftheinformationprocessingiscrawling:web/filecrawlingisperformedinorder
toretrievetherawdata(e.g.,Title,Content,URL,FileName,MetaDescription,MetaKeywords)of

Figure 2. An overview of the AMBIT-SE architecture
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thedocumentsthatwillbefurtheranalysedbythesubsequentsteps.Allofthecrawlingoperations
arehandledbytheopen-sourceenterprise-classsearchenginesoftware,OpenSearchServer11.

Semantic Text Analysis
Assingleexisting toolsdonotallowsufficient configurationandextensionoptions, theauthors
designedacustomizedSemantictextanalysismodule,whichexploitsseveralopensourcelibraries
toperformspecificactions.Theanalyserallowsustoextractthecontents(andmeanings)ofthe
processedinformation,bymeansof:

• Textextraction,anoperationthatcanvarygreatlydependingontheformatofeachdocument;
thisistakencareofbycomponentsoftheopen-sourcesoftwareGATE12;

• Tokenization,thetermsareidentifiedandpunctuationisremoved;
• StemmingandPartofSpeech(POS)Tagging,thetokensare“normalized”and“stemmed”,i.e.,

theyarereducedtotheirbaseform(managingpluralsandinflections)and“tagged”withPOS
tags(i.e.,nouns,verbs,etc.);thisistakencareofbytheTreeTagger13library;

• Compositetermidentification,possiblecompositeterms(suchas“productionarea”or“wine
tasting”)areidentifiedbymeansofasimplestatemachineandofPOStagsinformation;

• WordSenseDisambiguation(WSD),themeaningofthekeywordsresultingfromtheprevious
stepsismadeexplicitwithregardtoareferencethesaurus(typically,WordNet14,(Miller,1995));
inparticular,therelevantsynsetsareextractedandassociated;

• Weightcomputation,keywordsarefinallyenrichedwithweightinformation(seebelow).

Theextractedinformationenablestheretrievalofthemostrelevantinformationfortheuserin
thesearchandretrievalphase.Inparticular,theproposedapproachexploitesthesemanticinformation
fromthethesaurusandthesimilarityfunctionsdescribedinSection“SearchandRetrieval”.Thanksto
them,AMBIT-SEwillbeabletoretrievedocumentsonthebasisofsynonymsandrelatedkeywords;
forinstance,documentsabout“dogs”areconsideredasrelevanttoaqueryabouta“terrier”.Moreover,
bymeansofWSD,documentsabouta“pet”inthesenseof“domesticatedanimal”willnotbemixed
upwiththosewhere“pet”means“aspeciallovedone”.

Fortheweightinformation,textanalysisexploitsavariantofthestandard“tf-idf”weighting
scheme.Thisisintroducedtoconveytheinformationoftheclassicschemewhilealsokeepingthe
weightsnormalizedintherangeof[0,1]:thisenablesaneffectiverankingcomparisonandfusion
(moreonthisinSection“SearchandRetrieval”).GivenadocumentDx ,eachkeywordk D

i
x x∈ is

assignedakeyword weight kw
i
x definedas:

kw kf idf
i
x

i

x
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kf andidf arenormalizedkeywordfrequencyandinversedocumentfrequency: f
i
x istheraw

frequencyofkeywordk
i
indocumentDx ,Nisthetotalnumberofindexeddocumentsandn

i
the

number of documents where keyword k
i
 appears. Note that, by definition, 0 1�≤ ≤kf i

x

 and

0 1�≤ ≤idf i .

Semantic Categorization
Besidessemantictextanalysis,asemanticcategorizationprocessisalsoappliedtothedocumentsin
ordertotageachdocumentwithappropriatesubjectclasses.TheMediaTopicNewsCodestaxonomies
andvocabulariesprovidedbyIPTCareadopted.Thesearewell-knowntaxonomiesofferingavery
goodlevelofdetailandcoverageofawiderangeoftopics.Inthiscase,thestartingpointistheoutput
ofad-hoccategorizationtoolsfromExpertSystem15,whereeachclasstagisgivenascore s c

i( ) ,
0 1≤ ( ) ≤s c

i
;thehighertheweightthemorerelevanttheclassisforthedocument.Forinstance,

adocumentaboutthetypical“Terrierfoodproducts”willpresumablyhave“Petproductandservice”
amongitshighestscoringassociatedtags.However,theauthorsdeemthatifmostofthedocuments
ofthecollectionaretaggedwiththesameclass,thisclasswillnotbeparticularlydistinctiveand
usefulintheretrievalphase.Therefore,thisfactiscapturedbygoingbeyondtheplainscoreandby
defininganewweightingschemefortheclassesinspiredbythetextanalysisscheme(Equation1):
givenadocumentDx ,eachclasstagc D

i
x x∈ isassignedaclassweightcw

i
x definedas:

cw s c icf
i
x

i
x

i= ( ) ⋅  (4)

where:
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log 
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icf standsforinverse (document) class frequency;Nisthetotalnumberofdocumentsand t
i


isthenumberofdocumentstaggedwithclassc
i
.

Website(s) and User Semantic Glossaries
Byapplyingbatchinformationprocessingtothedocumentcollection,thewebsite(s) semantic glossary
isautomaticallygenerated.Conceptually,itconsistsofaglobal view(allkeywords/classestogether
withtheiroccurrencesandadditionalextracteddata),andaper-document view(keywords/classes
occurrencesineachdocumentwiththeirstatistics).Asimplifiedsampleofthelatterviewisshown
inTable1-leftandTable1-right).Inparticular,“Document”isthelistofthedocumentsIDsinwhich
eachkeyword/classoccurs,“Synsets(s)”arethesynsetsselectedastheoutputofWSD,while“KF”,
“KWeight”and“CWeight”aretheweightsillustratedinEquations(1)and(2).

EachtimeauserlogsinAMBIT-SE,abatchanalysisisalsoscheduledonthedataofherprofile
U inorder togenerate/update itsuser semantic glossary (whichshares thesamestructureof the
websitesemanticglossarydiscussedabove).Inparticular,theprofilecontainsaction history data
includingalistofpastaccesseddocumentsandpastsearchesperformedonthewebsite.Theideais
thatsuchdatacanbeanalysedinthesamewayasthewebsitedocuments,thereforeexploitingallthe
powerofthedocumenttextanalysisandcategorizationinordertoassociatemeaningfulkeywords
andclassestousers;thesewillprovidemoreforrelevantresultstotheirqueriesinthesearchphase.
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Duetotheircomplexityandsotheneedforcomputationalpower,alltheanalysesareperformed
whennousersareloggedin;theywillbeavailableinordertoprocessfuturerequestsfromthesame
userinamoreaccurateway.

SEARCH ANd RETRIEVAL

WhenauserUsubmitsaqueryQ,AMBIT-SEhastoansweritaseffectivelyasitcan.Thetechnique
illustratedinthissectionaimstoproducethemosteffectiveranking τ� oftheindexeddocumentsD
∈DwithregardtobothUandQ.Thisisdonebytakingintoaccountalltheinformationavailable
inthesemanticglossariesproducedbytheanalysisprocess(textanalysisandclassification)andby
meansofthefollowingad-hocsimilaritymetricsbetweentwogenericdocuments(i.e.keywordsets)
Dx andDy :

• ThesimilarityTextSim D Dx y,( ) ,consideringkeywordinformation;

• ThesimilarityClassSim D Dx y,( ) ,consideringclassinformation.

Inparticular,TextSimandClassSimwillbeappliedtoboth:

• TheuserprofileU(i.e.,)withregardtoeachindexeddocument(asperformedonpastnavigated
data):thisproducestheprofilerankings τ

text
U and τ

class
U ;

• ThequeryQ(i.e.,)withregardtoeachdocument;thisproducesthequeryrankings τ
text
Q and

τ
class
Q .

Inthefinalpartofthissection,theauthorswillshowhowthisrankinginformationisexploited
inranking selection/fusioninordertoproducethefinalranking τ� .Next,theTextSimandClassSim
similaritymetricswillbedefined.

Text and Class Similarity Metrics
Buildingonpreviousresearchontextretrievalforspecificsubjectareasassoftwareengineering
(Bergamaschietal.,2015;Martoglia,2011),agricultural(Beneventanoetal.,2016)anduser-centric
culturalenhancementdata(Martoglia,2015),thetextsimilarityTextSim D Dx y,( ) formulabetween

documentsDx andDy isdefinedas:

TextSim D D
max KSim k k kw kw

x y k D k D i
x

j
y

i
x

j
y

i
x x

j
y y

,
,

( ) =
( )( ) ⋅ ⋅

∈ ∈∑
DDx

 (6)

Table 1. Sample portions of the extracted Document Semantic Glossary: per-doc view for keywords (left) and classes (right)

Document Keyword Synset(s) KF KWeight Document Class CWeight

P02001 Terrier 00919240-n 0.445 0.277 P02001 Petproductandservice 0.645

P02005 Veal 00414222-n 0.210 0.131 P02005 Foodindustry 0.442

… … … … … … … …
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wheretheweightingschemeillustratedinEquation(1)isexploitedandKSimisatermsimilarity
formula(seelater)takingintoaccountthesemanticinformationextractedfromthesemanticglossary.
Simplyput,thesimilarityTextSim D Dx y,( ) betweentwodocumentsDx andDy isdeterminedby

summingthemaximumkeywordsimilarityscoresKSim k k
i j
,( ) betweeneachpairofkeywordsk

i


andk
j
belongingtodifferentdocuments,multipliedbytheweightsofboth.AstoKSim k k

i j
,( ) ,in

AMBIT-SEsemanticframework,k
i
andk

j
canbe:

1. Equal or synonyms:KSim ,( )=1;
2. Related,i.e.thethesaurushypernymypathsimilaritybetweenthekeywords’synsetsexceedsa

giventhresholdTh(Bergamaschietal.,2015):KSim ,( )=r,whererisanarbitraryvaluebetween
0and1,default0.7;

3. Unrelatedotherwise:KSim ,( )=0.

Pleasenotethat,sinceboth0 1≤ ( ) ≤KSim , and0 1≤ ≤kw ,then0 1≤ ( ) ≤TextSim , .This
willbeusefulintherankingselection/fusionphase(Section“RankingSelection/Fusion”).

Inadditiontodocumentkeywords, theclassesassociatedbythesemanticclassifiercanalso
significantlyhelpinretrievingusefuldocuments.Thisisobviouslytrueifbothdocumentsarestrongly
characterizedbyacommonIPTCclass(e.g.“processindustry”);however,alsodocumentsabout
colafactoriestaggedwithasimilarclass“foodindustry”wouldbeofinterest.Thisisachievedthrough
ClassSim D Dx y,( ) ,whichquantifiesthesimilarityofDx andDy onthebasisoftheirassociated

IPTCclassesc D
i
x x∈ andc D

j
y y∈ :

ClassSim D D
max CSim c c cw cw

x y c D c D i
x

j
y

i
x

j
i
x x

j
y y

,
,

( ) =
( )( ) ⋅ ⋅

∈ ∈∑ yy

x xc D∈{ }
 (7)

AsforEquation(6),CSim c c
i j
,( ) betweenclassesc

i
andc

j
rangesbetween1(equalclasses),

r(similar,i.e.“near”ontheIPTCtaxonomy,classes)and0(otherwise).Again,since0 1≤ ( ) ≤CSim , ,
then 0 1≤ ( ) ≤ClassSim , .

Ranking Selection/Fusion

Aspreviouslyseen,givenaprofileU,Equations(3)and(4)inducerankings τ
text
U and τ

class
U oneach

documentD∈DwithregardtoU,respectively.Similarly,whenthetwoequationsarecomputedwith
regardtoaqueryQ,rankings τ

text
Q and τ

class
Q areinducedonthesamedocuments.Theaimofthe

ranking selection/fusionprocesspresentedinthispaperistoexploittheinformationofthoserankings
inordertoobtainthefinalranking τ� .Theaimsarethefollowing:

1. Thefinalrankingτ� shouldreflectbothQandU,anditshouldbepossibletodefinetherelevant
importanceofthequeryQwithregardtotheprofileU(forinstance,toprivilegetheinformation
containedinQ);

2. Thefinalranking τ� shouldbeflexiblydefinedsotoreflectbothtextandclassinformation
(Equations.3and4,respectively),possiblyinacustomizableproportion.Moreover,thesystem
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shouldbeabletoautomaticallydecideifoneofthetwokindsofrankings(text,class)isnot
significant,forinstanceduetoverylowsimilarities,whichwouldonlynegativelyaffectthefinal
ranking,thereforeexcludingitfromthefusion;

3. ThescoreofeachdocumentD,andnotonlyitspositionintherankings,shouldbetakeninto
accountinordertodirectlyreflectitsrelevanceinthefinalranking.

LetusseehowAMBIT-SEachievesthesepoints.Bymeansofalinearcombinationscorefusion
method,thescoresinducingthefusedrankings τ

text
and τ

class
,whichtakeintoaccountbothUand

Q,aredefinedas:

s D s D s Dtext text
Q

text
U

Q Q

τ τ τα α( ) = ⋅ ( )+ −( ) ⋅ ( )1  (8)

s D s D s Dclass class
Q

class
U

Q Q

τ τ τα α( ) = ⋅ ( )+ −( ) ⋅ ( )1 

where 0 1≤ ≤α
Q

isapreferenceweightdeterminingtherelevantimportanceofQwithregardto
U.Thedefaultvalueisα

Q
=0.7,meaningthattheinformationinQistypicallymoresignificant

thanthatinU;thiscanbevaried,forinstance,bythesystemadministratordependingontheactual
usagescenarios.

Theabovedefinedτ
text

andτ
class

rankingsareeventuallyfusedinafinalrankingτ� ,whichtakes
intoaccountbothtextandclasscontributionsasofEquation(8):

s D s D s D
text text

text classτ̂ τ τβ β( ) = ⋅ ( )+ −( ) ⋅ ( )1  (9)

where 0 1≤ ≤β
text

isapreferenceweightdeterminingtherelativeimportanceof τ
text

withregard
to  τ

class
.Thedefaultvalueis0.5.Notethatrankingselectionisimplementedinthefollowingway:

if
D D

s D s Dtext class∑ ∑( ) ( )τ τ� thenβ
text

isautomaticallysetto1inordertoexcludethecontribution

of τ
class

(andvice-versa),thereforeavoidingpossiblydetrimentalnoise.Onlydocumentsthatare
partofallrankingswillappearinthefinalranking.

EXPERIMENTAL EVALUATIoN

Thissectionpresentstheresultsofseveraltestsperformedondifferentkindsofwebsites.Thispaperis
focusedoneffectivenessevaluation;forreadersinterestedintimeperformances,thecurrentprototype
hasaresponsetimeof40msonaverageonastandardsingle-nodeconfiguration.

Fivewebsiteswereselectedforevaluationpurposes;foreachoneofthem,appropriateinformation
needswereestablishedbyexaminingcommonsearchesperformedinthepast.

Thechoiceofthewebsitewasdrivenbytheaimsoftheproposedapproach.First,thesitesare
allrepresentativeofrealandtypicalbusiness-relevantsites.Moreover,thesiteswereselectedsoasto
coveranumberofdifferenttopics(e.g.health,cars,recycling,etc.)andthusdifferentterminologies
andtextcontent.Finally,theyhavedifferentfeaturesintermsofstructure.Thisisinlinewiththemain
goalofthissection,i.e.toevaluatetheeffectivenessandtheflexibilityofanenterprisesearchengine.

Astopossibleexperimentalcomparisons,asanticipatedintherelated,therearecurrentlyno
approachesthatcanbedirectlycomparedwiththeproposedone.Inparticular,amongtheapproaches
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whoseimplementationwaspubliclyavailable,thoseofferingsemanticfeaturesrequireunavailable
manualannotationsand/orwerestrictlydesignedtoworkonspecificontologies(Haslhoferetal.,2013;
Thesprasith&Jaruskulchai,2014;DeVochtetal.,2017).Thisisalsotrueforsemanticenterprise
searchengines(Cogito,Attivio,ContentAnalytics).Theconsidereduser-awaresearchenginesdonot
exploitthesemantics(Bolchinietal.,2011;Cabrietal.,2003;Falcarinetal.,2013;Xiangetal.,2010;
Vuetal.,2017).Also,thepubliclyavailableapproachesworkingoncontextinformationarerestricted
toaspectssuchastimeandlocation(Falcarinetal.,2013;Xiangetal.,2010;Villegas&Müller2010)
orveryspecificscenarios(e.g.agentmanagementforCoveo,imagesearchforOntogator,cQAfor
(Figueroa&Neumann,2016))whichmakesthemnotapplicabletotheconsideredcase.Summarizing,
thereasonthatpreventsdirectcomparisonsare:first,onlyafewnumberofapproachesexploitboth
semanticsanduserawareness;second,mostoftheapproachesfocusonaspecificapplicationfieldand
cannotbeappliedtogeneralwebsites;third,severalapproachesarenotfreelyavailabletobetested.
Anyway,forreference,thefinalpartofthissectionisdevotedtoadirectcomparisonwithGoogle
searchengine;evenifitdoesnotexhibitallthefeaturesofAMBIT-SE,theauthorsconsidereditan
importantbenchmarkinthefield.

Table2reports,foreachwebsite,theaddress,abriefdescriptionofitscontentsandanexample
ofaconsideredinformationneed.Inthecontextoftheinformationneedsofeachwebsite,50plausible
queriesweresubmittedtothesystem.Moreover,twooptionsforuserprofilesareconsidered:asimpler
setting,wheretheprofilecontainsonlydocumentsrelevanttotheinformationneed(“homogeneous
profile”),andamorecomplexone,wheretheprofilecontainsalsoanequalnumberofirrelevant
documents(“heterogeneousprofile”).

Ineachsituation,theoutputofAMBIT-SEiscomparedwitha“goldstandard”,i.e.relevant
answersmanuallyselectedfromthewebsites,andprecisionandrecallareassessed;inparticular,
thetestscomputeinterpolatedprecisionat11recalllevelsof0.0,0.1,0.2,...,1.0(0,10,20,...,100
percent)(Baeza-Yates&Ribeiro-Neto,1999),thustakingintoaccountnotonlytherelevanceofthe
resultsbutalsotheirpositionin thereturnedranking.Moreover,a“stable”situationisassumed,
whereusersanddocumentshavebeenalreadyautomaticallyprocessedandtheirrelevantkeywords
andclassesstoredintheSemanticGlossaries.Alltheparametersaresetatdefault.

Figures3through5depict theresults(averagedonall thequeries)obtainedbyAMBIT-SE,
comparedwiththebaselineofasyntacticretrievalmethodignoringsynonyms,relatedtermsand
classinformation.Inparticular,thisbaselineisrepresentativeofthedocumentretrievaltechniques
commonly exploited by most commercial systems and standard enterprise search engines (e.g.
Alfresco, Autonomy, Solr). Further comparisons with available systems (e.g. Google) will be
discussedinthefinalpartoftheexperimentalanalysis.Inordertobettervisualizethedifference
betweenAMBIT-SE’sresultsandthebaseline,thefiguresdetailthetheprecisionachievedbythe
differentfeaturesofAMBIT-SE.Inparticular,thewhitebars(atthebottom)representtheprecision
ofthesyntacticmethod(baseline);thecontributionsontoparetheimprovementsachievedbymeans
ofthesemantic(black)anduser-awarefeatures(gray).

Asreaderscansee,theimprovementsinprecisionofferedbythesemanticanduser-awarefeatures
ofAMBIT-SEaresignificantineachscenario,rangingfrom20%toeven80%.Letusstartbyanalysing
thehttp://www.cobat.it/results(Figure3(left)).Here,thesemanticfeaturesofferanadvantageat
allrecalllevels;theresultsalsobenefitedfromtheuser-awarefeatures,becauseofthelargenumber
ofkeywordscontainedwithinthedocumentsassociatedtotheuserprofiles.Forinstance,theuseof
semanticsenablesthematchingofdifferentbutveryrelatedtermslike“battery”and“accumulator”.
Thosecontributionsgounnoticedinstandardsyntacticsearch.

Consideringthesecondwebsite(Figure3(right)),theuseofsemanticsprovidesevengreater
benefits:forinstance,theuseofsynonymsandrelatedtermsareabletoexploitanumberofterms
correlationssuchasbetween“money”and“bookkeeping.”Thiswasespeciallyevidentinthelonger
andlessdirectqueriessubmitted,whicharehardertosatisfybyasearchenginewithoutadditional
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informationintheformofsynonymsandrelatedterms.Summingupthecontributionoftheprofile
analysis,AMBIT-SEreachesinsomecasesanimprovementofnearly80%inprecision.

InthetestofFigure4(left),theauthorsfoundthatinsomecasesthequeriesdidnotdirectly
benefitfromsynonymsandrelatedtermsmanagement,maybeduetoveryspecificterminologythatis
usedinthepages.Anyway,theuseofsemanticsandtheprofileanalysisproviderelevantadvantages
eveninthisscenario.MovingtoFigure4(right),theuseofwordstems,synonyms,relatedterms
andprofilecanturnevendifficultqueriesintomanageableones.Forinstance,insomecases,the
syntacticbaselinecouldnotretrieveanyrecordssincethequeriesdon’tincludetermsthatmatch
exactlytheonesfoundintherelevantdocuments:amongtheexploitedtermscorrelations,thevery
frequentonebetween“pet”and“animal”.

Thefinalwebsiteconsidered(Figure5)ischaracterizedbypagescontainingverylittletext,thus
providingadifferenttaskwithregardtotheothers.Alsointhiscase,alotofcomplexqueriesdid
notyieldsatisfactoryresultsforthesyntacticbaseline,thusprovidingveryconsistentadvantages
fromthesemanticfeatures(precisionimprovementof30%orgreater).Duetothepeculiarnatureof
thewebsite,somequerieswereapparentlytoodifficultevenwiththeadditionalinputprovidedby
thesemanticsandprofiles.Anyway,onaverage,theeffectoftheadvancedAMBIT-SEfeaturesis
evidenteveninthissituation.

Afurthertestispresentedwhichisaimedatevaluatingtheimpactoftheclassificationfeatures
ofthepresentedengine,includingthenovelrankingselectionandfusioncapabilities.Figure6(left)
showstheprecisionfigures(averagedoverallthequeriesandallrecalllevels)thatareachievedby

Table 2. Experimental setting: details of the five business-relevant websites selected for evaluation purposes

Website Description Examples of Information Needs

http://www.cobat.it/ Arelativelysmallwebsitethatprovidesinformationand
servicesfordisposingandrecyclingfourproblematic
wastecategories:batteriesandaccumulators,tires,
electricandelectronicdevices,andphotovoltaicpanels.

Retrievedocumentspertainingtothedisposalof
batteriesandaccumulators.

http://evergreensmallbusiness.com/ ABlogthatpublishesdifferentkindsofinformationand
adviceforsmallbusinesses,allclassifiedincategories
suchasbusinesstaxes,management,personalfinance,
etc.

Retrievearticlespertainingtobookkeeping.

http://www.bagnolottanta.it/ Ajournalisticwebsitewithseveralthematiccolumns
suchashistory,culture,theatre,etc.

Retrievearticlesinspecificcolumnssuchas
books.

http://truegoods.com/ AnIndieonlineshopthatspecializesonhealthyand
naturalproducts.

Retrieveinformationonproductsbelongingto
thepet-carecategory.

http://www.gruppozatti.it/ Anauthorizedcardealerwhichsellsseveralbrandsof
bothnewandusedcars.

Retrievedifferentinformationaboutcars
belongingtotheusedcategory.

Figure 3. Test results for http://www.cobat.it/ (left) and http://evergreensmallbusiness.com/ (right)

http://www.cobat.it/
http://evergreensmallbusiness.com/
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Figure 4. Test results for http://www.bagnolottanta.it/ (left) and http://truegoods.com/ (right)

Figure 5. Test results for http://www.gruppozatti.it/

Figure 6. Class improvement analysis (left) and comparison with Google (right)

http://www.bagnolottanta.it/
http://truegoods.com/
http://www.gruppozatti.it/
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exploitingonlythetextrankingandsimilarities(leftbars)withregardtotheonesachievedbythe
completesetuppresentedinthispaper.Thebenefitsareusuallyintheorderofmorethan10%of
improvement.Lookingatspecificcases,thefusedrankingwasabletotakethebestfromtheclass
andtextrankings,togethercapturingtheuserinterestsmorecompletely.

Inorder tocompletetheevaluation, theauthorsperformedaquantitativecomparisonwitha
state-of-the-artsearchengineandadiscussionaboutresultsisreportedinthefollowing.Thechosen
searchenginewasGoogle,asmentionedbefore.

Figure6(right)showstheresultsofthesystemcomparedwiththoseobtainablethroughtheGoogle
searchengine.Indeed,Googleisoneofthemostwidelyusedsearchenginesalsointheenterprise
searcharea.SimilarlytoAMBIT-SE,Googleiscompletelyautomaticandrequiresnomanualwork
(e.g.annotation)onthedocumentstobeprocessed.Inthiscase,theconsidereddocumentsethas
beenrestrictedtothespecificconsideredwebsitepages.DifferentlyfromAMBIT-SE,Googledoes
notperformsemanticanalysisofthetexts,howeveritemploystextprocessingtechniquessuchas
stemming.MultipleusersweresimulatedinGooglethroughdifferentsearchsessions.Theresults
showthattheaverageprecisionachievedbyGoogle(intherangeof10-30%)isquitelowerthanthe
oneachievedbyAMBIT-SE(alwaysabove55%).Inparticular,Googleoffersalevelofperformance
thatisonlymarginallybetterthanthesyntacticbaselinediscussedintheprevioustests.

CoNCLUSIoN

Searchenginesrepresentameansessentialforalotofactivities.Thisisespeciallytrueinanenterprise
context,wherethesuccessoftheenterpriseisoftenstrictlydependentontheabilityofitsemployees
andcustomerstofindtheneededinformation.

InthiscontexttheauthorshaveproposedAMBIT-SE,anenterprisesearchengineapproachthat
reliesontwoaspects,user-awarenessandsemantics,jointlyexploited.First,itbuildsaprofileof
theuser,whichisexploitedtosearchfortheinformationthatbestmatcheswithherneeds.Second,
semantic techniques enable the retrieval of interesting information that could not be considered
exploitingastandardsyntacticsearch.Theexperimentalevaluationhasshownthatthepresented
approachperformsbetterthantraditionalsearchmethods.

Inthefuture,furtherwaysofexploitingsemanticsanduserinformationinthesearchwillbe
considered,forinstancebyadaptingsomeoftheideascomingfrompastworksindifferentcontexts
(e.g.,semanticsearchinheterogeneousanddynamicgraphdata(Cataniaetal.,2013)andmultimedia
data(Granaetal.,2013)).
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