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ABSTRACT

Bankingcompaniesaimingtomaintaintheirsustainabilityinfinancialmarketsneedtodevelopan
integratedmanagementbasedonthemostimportantintangiblesassetsofrelationalcapital.Decision-
makersneedtoanalyzeandunderstandahugevolumeofopinionscontinuouslygeneratedindigital
ecosystemsaboutemotionsandfeelingsthattheirstakeholdersassociatewiththeperformanceand
communicationofthebrand.Currenttoolsofmanagementfailtoconsidertransversalandholistic
models,whichstudythefrequencyandvalueofexistingrelationshipsbetweentherelationalcapitaland
intangibleassets.Inthisresearch,aninnovativemanagementmodelbasedonreputationintelligence
isproposed.Thismodelincorporatesmethodologyfrombusinessintelligencemodels,throughOLAP
anddataminingtechniques,toanalysesthecomplexrelationshipsamongintangibleassetsexperience,
emotionandattitude.Theproposedmodelwasappliedtocompaniesinthebankingsectorandthe
resultsobtainedpermitaconclusionaboutthekindsofrelationshipsfortheseintangiblesineachbank.
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INTROdUCTION

Intoday’ssociety,opinionsaboutcompanies(Turbanetal.,2017),theiroperationalmode,andtheir
productsarecontinuouslybeingcommenteduponindigitalmedia,mainlyinsocialmedianetworks
(Fuchs, 2017).Theopinions that are expressed indigital ecosystems are related to experiences,
emotions,andattitudesassociatedwithbrandsandhowfirmscommunicatewithconsumers(Swani,
Milne,Brown,Assaf,&Donthu,2017).

Inthedigitalmedium,itispossibletofindtoolstosupportthemanagementprocessoftangible
resources;however,intangibleassetsarenotintegrated,andtheirfunctionalityisnotcontemplated
byorganizationalmanagementinanintegralway(Dayan,Heisig,&Matos,2017).

Atthesametime,insocialmedia,consumeropinionsemergewithhighfrequencyintheform
ofcomments,whichallowtheevaluationofbrandsinordertoperceivetherelationshipsbetweenthe
differenttangibleandintangiblecomponentsofthebusinessandtheirimpactoncompanies’financial
performance(Tuten&Solomon,2017).

Toovercomethislimitation,oneofthepossibilitiesistointegratetechnologythatautomatically
collectstheopinionsofconsumers(Ramosetal.,2017a),totreatthedataandanalyzethemwith
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businessintelligencetoolsthatallowthecompanytoobtainknowledgeoftheintangibleresources
ofthecompany(Dayanetal.,2017).

Thedevelopmentofamodelthatincorporatestheaforementionedfunctionalitiesandcanbe
usedaccordingtoamethodologythatallowstheemergenceofintelligenceasassociatedwiththe
businesswillcatapultthemanagementofacompany(Havakhor,Soror,&Sabherwal,2018)toa
moreefficientandeffectivelevelinordertoachievemoredemandingobjectivesandtocompetein
anincreasinglyobservantandcriticalsociety.

Theobjectiveofthisarticleistopresentamodelthatincorporatesbusinessintelligencethrough
theuseofautomateddatacollectionandbusinessintelligencetoolsaimedtoobtainknowledgeabout
organizationalmanagementthroughOLAPtechniquesanddataminingmethods;thesecanbeusedto
treat,analyze,andvisualizetherelationshipsamongtheintangiblecomponents,mainlythroughthe
variablesassociatedwiththeexperience,emotion,andattitudeofconsumers.Theproposedmodel
canbeappliedtoanyeconomicsector;however,inthepresentstudyitwasappliedtothebanking
sector,wheretheresultsconfirmthatintangibleassetshaveanimpactontangibleones,andviceversa.

Theremainderofthearticleisdividedintofivesections.Thefirstsectionwillpresenttheliterature
reviewandtheintelligentmodelprocess.Thesecondsectionwillpresenttheonlinereputational
intelligencemodel,whichincludesthetangibleandintangibleresourcesofacompany,definedbythe
variablesofexperiences,emotions,andattitudes.Resultswillbepresentedinthethirdsection,taking
intoconsiderationOLAPanddata-miningtechniques.Thefourthsectionwillprovideadiscussion
ofthisinvestigation,andthelastsectionwillpresenttheconclusions.

RePUTATION INTeLLIGeNCe MANAGeMeNT MOdeL

Inrecentyears,availableinformationforbusinesseshasgonefrombeingscarcetoveryabundant.
Datahasbecomethenewrawmaterial forbusiness,assumingapositionalmostas importantas
capitalandlabor.Inbusiness,moreandmore,informationisaveryrelevantresource,sinceefficient
managementofinformationisfundamentalformakingstrategicdecisions(Laudon&Laudon,2017).

“Bigdata”offersawiderangeofpossibilitiesfororganizations,butthefivecharacteristicsthat
definebigdataposeanumberofproblemsthatmustbeconsidered:volume,variety,velocity,veracity,
andvalue(Chen&Zhang,2014).

ArecentsurveyconductedbytheDataWarehousingInstitute(Halper,2016),whichanalyzesbig
dataofcompanies,showsthatonly12%claimtohavegreatsuccessinitsuse;64%reportmoderate
successand24%reportfailure,aspresentedinFigure1.

There are some reasons for organizations’ failure to integrate big data in their information
technology(IT)infrastructure:thecomplexityoftheprocessofdatasourceintegration,poordata
quality,thetechnologicalneedtododatamanagementinrealtime,lackofstaffwiththerightskills,
thewrongarchitecturaldefinitions,andlowavailablebudget(Chen&Zhang,2014).

Toovercome theproblem in theprocessing and analysis of enormousvolumesofdata, the
currenttechnologybringssolutionslikeApacheHadoop(http://hadoop.apache.org)andtheNoSQL
DB(http://nosql-database.org),solutionsthatarelowcostandwhichhavethecapacitytoprocess
terabytesofdatainminutesorseconds.Withregardtospeed,generation,treatment,andanalysis,
solutionsneedtosolveimportantchallenges,especiallyregardingthequalityofdatatreatedinreal
time(Chen&Zhang,2014).Asforthevariety,thecombinationandintegrationofinternalsources
withexternalsourcesisoneofbigdata’ssignificantproblems.Verificationofqualityisadifficult
problembecausedataarenotgeneratedbytheinvestigators,whoarechallengedbypossiblelackof
data,noise,alterations,andotherissues(Martinsetal.,2015).Therefore,itisnecessarytoverify
thequalityof thedatabeforeandafter the integration.Finally, thereareproblemsrelated to the
architecture:WhattypeofNoSQLdatabasewillbeused?Whattypeoflocalclusterwillbeused,or
willthecloudbeusedinstead?
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Thereareremarkableanalyticalpossibilitiesforcompaniesaroundbigdata(Gandomi&Haider,
2015).Atthecorporatelevel,themainobjectiveofdataanalysisistoimprovestrategicdecision-
makingprocesses,thusimprovingbusinessperformance.Itisatthispointwhereanewtermcalled
businessintelligencearises,whichistheuseofinformationandcommunicationtechnologiesfor
theimprovementofstrategicdecision-makingprocesses(Sharma,Mithas,&Kankanhalli,2014).

Traditionally,strategicdecisionshavebeenmadethroughtheproperanalysisofavailablehistorical
data;thisallowsfirmstobeabletoanalyzethecausesofacurrentproblemorsituation,determine
possiblestrategies,andpredicttheoutcomeofthefirm’sapplication(Ramosetal.,2017a).

Theanalyticalpossibilitiesofbigdataareenormousforallcompanies.Untilnow,thehistorical
datausedforanalysiswasinternaldatafromtransactionalinformationsystems(customerrecords,
sales,purchases,employees)(Fuchs,Höpken,&Lexhagen,2014).Butbigdatapermitscarrying
outnewtypesofanalysis,withexternaldata,forexample,datageneratedinsocialnetworks.Inthis
area,itispossibletocarryoutstudiesofdifferenttypes:studiesofreputationexpressedinthedigital
environment,andstudiesofhabitsofconnection,tastes,opinions,moods,qualitymanagementof
services,securityandsurveillance,anddesignmarketingcampaigns(Gandomi&Haider,2015).

All companies are interested in controlling their reputation, but this is becoming extremely
difficult.Duetorapidadvances indigital technology, thereputationofbrands ismadeavailable
worldwide;customers’opinionsaboutorganizationalstrategiesareexpressedonsocialnetworks
(Schwarz,2012;Ramos,Casado-Molina,&Peláez,2017b)byinteractingwithotherusersofonline
communities(Li,2010),sharingtheirexperiences(Shapiro,1983),voicingtheiropinions,andexerting
theirinfluencequicklyandforcefullyonawideraudience.

Consumerperceptionaboutbrandsshouldbetakenintoconsiderationtodefinenewstrategies
(Casado,Méndiz,&Peláez,2013;Zink,2005).Inthiscontext,itispossibleforcompaniestolook
forfavorablepositioninginthereputationeconomy(Fecher,Friesike,Hebing,&Linek,2017)in
ordertoobtainasustainabledifferenceanddistinguishthemselvesinthecompetitivemarket(Li,
Sun,Chen,Fung,&Wang,2015;Millar,Hind,&Maga,2012).

Organizationsaremakingsignificantefforttodefinemodelsandtoolstolearnandunderstand
theirrelationshipswiththeirdifferentaudiences.Thereasonsthatjustifythedevelopmentofthese
modelsandtoolsstemfrom(1)thesustainabilityandcontributionthatintangiblerelationalcapital
generatesinbusiness;and(2)companies’needtoanalyzemassivecollectionsofdataextractedfrom

Figure 1. The Big Data utilizations in the organizations (Halper, 2016)
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digitalecosystems(e.g.,socialnetworks,forums,chatrooms)tomeasuretheimpactofstakeholder
behaviorsandextractpredictions(Schermannetal.,2014).

Thereisanextensiveliteratureonhowtoconstructmodelstomeasureperceptions(Mehralian,
Rasekh,&Akhawan,2013;Money,Rose,&Hillenbrand,2010)aswellasonreputationmanagement
research(Highhouse,Brooks,&Gregarus,2009;Ponzi,Fombrun,&Gardberg,2011).However,
onlyafewmodelshavebeenimplementedastoolsincorporations.

Thetoolsofintangibleassetmanagementarebuiltonmodelsthatallowthemonitoringofpublic
perceptionsoftheirrelationshipwiththecompany,measuringthecausesthatjustifythisperception,
anddeterminingitsimpactonthecompany’sintangiblevariables(Casado&Pelaez,2014).These
tools provide ad hoc studies on relational capital intangibles, such as reputation, branding, and
corporatesocialresponsibility(CSR).AmongthemostimportantarethetoolmodelsRepTrak,TRI
*M,andatoolofferedbyAlva.

RepTraktool(Ponzietal.,2011).Thistoolallowscompaniestodiagnoseperceptionsofthe
generalpublic,setgoals,measureevolutionarychange,andestablishcomparisonsofthecompany’s
reputationwithrespecttothesectorandbycountries.Inshort,thistoolallowscompaniestoestablish
thecorrelationbetweenreputationandattitudesorpredispositiontothecompany.

TRI*Mtool(O’Gorman&Pirner,2006).Thistoolallowsthemeasurementandmonitoringof
relationswiththecompany’sstrategicaudiences,assessingthelong-termtrendsbetweenthedifferent
businessunitsandestablishingthestrengthsofrelationswitheachofthestakeholdergroups.

Alvatool(Alva,2011).Thistoolmeasuresthecorporatereputationorperceptionsofstakeholders
inrelationtothecompany,knownatthetimewhenvariousissuesarisethataffectthecompanyin
relationtothecompetitionanditssector,eithergloballyorbycountriesorregions.

Yetforallthemodelsandtoolsusedbylargemultinationalfirms,whichofferannualevaluations,
nonecontributetoaproactiveandcontinuousmanagementoftheintangiblecorporatereputation,
ascurrently requiredby the firms’boards (Casado&Pelaez,2014).Theydonot includecross-
managementof corporate reputationbydepartmental areas; the impact of public influencers on
otherstakeholdersisnotexplained;andtheydonotdeterminetheimpactofstakeholderperceptions
onglobalbusinessandcorporateareas.Ofthemodelsandtoolsdiscussedabove,RepTrakisthe
onlyonethatallowstheoptionofdiagnosingbehaviorsgeneratedbytheseperceptionsinpublic
behavior.However,thecollectionofinformationisnotdaily;thetoolisexpensive;anditdoesnot
allowautomation,treatment,andanalysisoflargevolumesofinformation.

TheAlvamodeladdsdifferentsourcesandistheonlyonethatprovidesdailydata,automating
certainprocessesofgatheringandprocessinginformation.However,itdoesnotconsidermeasurement
bytypeofstakeholder,itdoesnotallowquantificationoftheimpactonthebusiness,anditneither
establishesholisticrelationshipsbetweenintangibleandtangibleassetsnortheirimpactsthrough
businessintelligencemodels.

Oneofthelimitationsofthesemodelsisthattheydon’tcontemplatethetransversalbehavior
oftheseintangiblerelationalcapitalassetsinrelationtotangiblevaluesinbusinessmanagement,
nortohowtheyhaveaholisticeffectonthecompanyasawholeandondifferentbusinessareas
(Shih-Ping,2008).

Inthepresentstudy,areputationintelligencemanagementmodelisconsideredtounderstandthe
contributionofacorporation’smanagementthatcontributestoaholisticandtransversalmanagement
ofintangibleassetsandrelationalcapital;themodelismeanttobeaninnovativewayofmanagingthe
resourcesoftheorganizationwithaviewtoovercomingthegapofnotincludingintangiblevaluesin
managementmodels.Toachievethisobjective,thefollowinghypothesesareproposed:

Hypothesis 1:Theintangiblerelationshipsaretransversalandholistictotheentirecompany.
Hypothesis 2:Alltheintangibleassetshaveimpactsamongthem(inalldirections).
Hypothesis 3:Aneconomicsectorhasdifferentclustersofreputationalperformance.
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Types of Intangible Resources in a Company
Relationalcapitalintangiblescanbedefinedasthesetofrelationshipsthattheenterprisemaintains
withitsexteriororinternalagents(Edvinsson&Malone,1997).Relationalcapitalincludeslived
experiencesofthepublicwithbrands,emotionsthattheenvironmentanditsdifferentagentsperceive
aboutbrands,and(3)favorableattitudesthatgenerateloyaltytothebrand.Theconceptsareconsidered
inlightofthetypeofpublicthathasarelationshipwiththecompany.

Experiences
Experiencewiththebrandhasbeenstudiednotonlybytheperspectiveof“consumerexperience”
(Bolton,Gustafsson,McColl-Kennedy,Sirianni,&Tse,2014)but alsoby theexperienceof the
reminderofthestakeholders(Davis,Buchanan-Oliver,&Brodie,2000).Dependingonstakeholders’
familiarityandinterestinaspecificthemebasedontheirexperience,theimpactorsocialreaction
willbemoreorlessstrong,andafavorablepredispositionwillorwillnotexist(Ijzerman,Janssen,
&Coan,2015).Thereareagreatnumberofstudiesaboutthedimensionofmultiplestakeholders’
experiencesandmainvariables,whichareverysimilar,highlightedintheworkofFombrunand
Gardberg(2003)andPonzietal.(2011).

Experienceshaveaneffectontheemotionoftheconsumer,andtheycanbeassociatedwitha
product,thelaborenvironment,ethics,socialissues,thecompany’sdirection,andtheprofitability
dimension.Inthisstudy,eachkindofexperienceexpressedindigitalmediaistransformedintoa
rangeof1–10,consideringfivecategories,wherevalueslessthan2representanexperienceof“hate”;
valuesgreaterthanorequalto2andlessthan4representanexperienceof“rejection”;valuesgreater
thanorequalto4andlessthan6representanexperienceof“indifference”;valuesgreaterthanor
equalto6andlessthan8representan“acceptance”experience;andvaluesgreaterthanorequalto
8representanexperienceof“admiration”.

Emotions
Scherer(2005)affirmsthatemotionisexpressedthroughfeelingsandarisesasareactiontoany
situationorthing.Feelingssummarizewhateverisexperiencedandcanconveythemeaningofthat
experience,asfeelingsarethedirectreactiontotheindividual’sperception.

ThestudyofScherer(2005)includesthefirstinstrument,whichpresentsthedimensionalplace
ofemotions,calledtheGenevaEmotionWheel.Thisisatoolforobtainingself-reportsofemotional
experienceswithagoaltostructuretheexhaustivelistofpossibleemotionnamesfromfree-format
self-reportswithminimallossinexpressioncapabilities.

Inthepresentstudy,digitalemotionisexpressedinavaluationrangeof1–10,followingMiller’s
(1956)ratingscale,whichconsidersthepolarity,intensity,andqualityoftheopinionexpressedinthis
medium.Emotionisratedaccordingtofivecategories,wherevaluerangesandcategoriescorrespond
tothosementionedabove.

Attitudes
Attitudesareasetofbeliefsorpredispositionstowardspecificpeopleorobjects(Sherer,2005),and
theyareassociatedwithanintentionandbehavior(Ajzen&Fishbein,2005).

Attitudeisadeterminantcharacteristicbutitneitherexpressesmotivationtoactnorhasstrength
toactivateit(Perugini&Bagozzi,2004).Thebehavioralintentionisthedirectdeterminantofthe
behavior—themediatorbetweenattitudeandconductorbehavior(Fombrun&Gardberg,2003).

Heretheattitudesexpressedinthetechnologicalmediumusearangeof1–10,definedbyfive
categories,wherethevaluesnearto0representanattitudeof“sell,”valuesnearto2.5representan
attitudeof“keep/sell,”valuesnearto5representanattitudeof“neutral,”valuesnearto7.5represent
anattitudeof“hold/buy,”andvaluesnearto10representanattitudeof“buy.”
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Relationship Between Intangible and Tangible Resources in a Company
Jalonen(2014)states thatbrandownersshoulddevelop theability torecognizesharedemotions
spreadonsocialmedia,understandingtheirmeaningtothebusinessandbehavingaccordinglytothat
knowledge.Researchhasshownevidencenotonlyfortherelationshipsamongintangiblerelational
capitalassets(experiences,emotions,andattitudes)butalsofortherelationshipofthoseintangible
assetswithtangibleorbusinessassetsofcorporations.

Severalstudiessupporttherelationshipbetweenintangibleandtangibleassets,andmanyauthors
considertheimportanceofworkingwithappropriatetoolswhichallowmodelingprecedentsandeffects
oftheseactivesonadynamic,holistic,andtransversalmultidimensionalconstruct(Lange,Lee,&Dai,
2011;Millaretal.,2012;Wartick,2002).Therelationshipbetweenintangibleandtangibleresources
canbeexpressedbythemodelshowninFigure2,whichpresentsallthedimensionsconsideredby
the experience: products,working environment, ethical behavior, social responsibility, direction,
andprofitability;anindicatortomeasuretheemotion,intermsofpolarity,intensity,andquality;the
attitudedefinedbyarecommendationthatcancontributetodefineabehavior;andabusinessvalue
expressedbytangibleresources,suchasstockmarketvalue.

Nevertheless,noevidenceisfoundforabusinessintelligencemodelthatallowsestablishingin
atransversalandholisticwayrelationshipsbetweenintangiblerelationalcapitalassets(experiences,
emotions,andattitudes)thatthesocietyhasaboutacompanyasaconsequenceofthemanagement
ofsaidenterpriseandtheimpactgeneratedonitsbusiness.

Therefore, a reputational intelligence management model is needed for construction and
managementofthebrandwithinitsactivitycontextthroughwhichbranddirectorscandetectand
assessthedailyopinionsandexpressedperceptionsbythecompany’sdifferentstakeholders(Iglesias,
Ind,&Alfaro,2013),anditsimpactonbusinessbothgloballyandtransversally(bybusinessareas).

MeTHOdOLOGy

Theprocesstodefineareputationintelligentmanagementmodelisconstitutedoffivesteps:data
gathering,wherebythedataarecollectedfromtheweb;ETL(extract,transform,andload)tostore
thedata,whichincludethedatafrominternalandexternalsources;thedatawarehouse(DW),to
storethedatainalargedatabaseoftheorganization(DiTria,Lefons,&Tangorra,2018;Ramos
etal.,2017a);analysisofthedatabymeansofOLAPanddata-miningtechniques;andthereport
managementthatincludesindicatorstoanalyzethebusiness.ThisprocessisrepresentedinFigure3.

data Gathering
Datagatheringisdividedintothreesteps:location,capture,andsemanticanalysis.Makingananalysis
andcontextualizingthesephasesbeganwithdeterminingthesourcesofdataandtheircharacteristics.

Selectingasourceofinformationcanbecomplicated,duetothe“5Vs”thatdefinebigdata:
datavolume,velocityofdatacollection,datavariety,dataveracityanddatavalue(DiTria,Lefons,
&Tangorra,2013;IBM,2017).

Butbeforeproceedingtothelocationphase,oneneedstoknowthesourcesofthedata,both
internalandexternal.Thedatacanbetakenfromsocialmedia,theinternetofthings,opendata,and
smartcities(Yang,Liu,Jia,Lin,&Cheng,2014).

Forthelocationstep,itisnecessarytosearchforusefulonlinedatausingthedomainknowledge
ofthestudy,intuition,andautomaticmechanisms.Inthisprocessitisnecessarytonotforgetthe
conceptGarbageIn,GarbageOut(GIGO),i.e.,thequalityofabusinessintelligentapplicationdepends
onthequalityofthedataintroducedinit(Kim,Huang,&Emery,2016).

ThedatacapturingstepismadethroughknownAPIs,whichwillprovidethedataindifferent
formats(Excel,XML,JSON,etc.)fromexternalandinternalsources,orthroughstandardquery
languages.Inaddition,inthecaptureandstoragestepitwillbenecessarytoguaranteethequality
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ofthedataused,forwhichitisnecessarytocarryoutaprocessofcleaning,joining,diagnosing,
pruning,filtering,andmatchingthedata(DiTriaetal.,2013).

Oncethesourcesarelocatedandtheinformationcaptured,asemanticanalysisprocessmustbe
carriedout(inthosedatathatneedit).Thisprocesscanbecarriedoutusingprobabilistictechniques,
basedonTresp(2000):naiveBayes,pattern-basedtechniques,orexpressionanalysis.Itcanalsobe
donethroughtwotypesofsupervisedandunsupervisedapproaches(Neri&Raffaelli,2005).

Theunsupervisedapproachisbasedonalistofwords,soeachonehasbeenassignedatonethat
canbepositive,negative,orneutral.Theyhaveasuccessratearound77%.Theyusuallyworkwell

Figure 2. Relationship between intangible and tangible resources (author’s elaboration)

Figure 3. Reputation intelligent management model (Adapted from the INTED, 2016)
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fordifferentthemesanddifferentlanguages(Pang&Lee,2008).Thesupervisedmethodsrequirean
initialsetoftextswhosetonehasalreadybeenevaluated,forwhichmanualcorrelationisdoneon
thewordsthatappearinthosetexts.Theyhaveasuccessrateofaround85%.Theirsuccessdepends
alotontheknowledgethatthehumanevaluatorhas,andforeachlanguageandsubjecttheyneeda
specifictrainingset.

eTL the data Gathered
Intheglobalprocessfortheintelligentmodelconsideredinthisstudy,forwhichdataaregathered
fromseveralsources,thetransformationofthedataisnotalinearprocess(Ramos,Correia,Rodrigues,
Martins,&Serra,2015).Differentsourceshavedifferentstructuresanddifferentmeaningsforthe
sameorganization’sfeatures(Martinsetal.,2015).

Toconsolidatetheextracteddata,inordertoensurethattheinformationisregularandconsistent,
itisnecessarytodefineasetofguidelinesfordataconversionandalsotoincludeasetofseveral
methodologiestodotheconversion.Theseincludebusinessprocessmanagement,businessprocess
executionlanguage,semanticsofintangibles,andbusinessvocabularyrules.

dw (data warehouse)
Adatawarehouse (DW) is adatabase created to support thedecision-makingprocess,which is
maintainedautonomouslyandseparatefromthe(transactional)organization’soperationaldatabase.

TheDWoftheorganizationisacollectionofintegrated,non-volatile,andsubject-orienteddata,
recordedovertime,usedtosupportthedecision-makingprocess(Inmon,1996).Allstoredinformation
istemporarilytaggedandshouldallowstoringdataforseveralyears(Santos&Ramos,2009).

Consideringadatawarehouseasarepository,itisnecessarytofollowamethodologyforits
construction(Caldeira,2012).Thearchitecturetobebuiltcouldbeadatawarehouse(includingthe
organization’sglobalsystem)oradatamart(includinganareaordepartmentoftheorganization)
andshouldconsidermultidimensionalmodelingtodefinethestructureoftherepository(Santos&
Ramos,2009).

data Analysis
ToexploreaDW,itisnecessarytodeployappropriatetechnologysuchasOLAP(On-LineAnalytical
Processing)anddata-miningtechniques(Santos&Azevedo,2005).

OLAP allows the creation of cubes to analyze information from different perspectives
(dimensions).Thecubesallowtheanalysisoffactsavailableinthetableoffactsinthedifferent
dimensions considered in the modeling. Data-mining techniques contribute toward finding
relationships,patterns,ormodelsthatareimplicitinthedata(Santos&Ramos,2009).

OLAPanddataminingarepowerfultechniques;however,theypresentsomedrawbacksthatare
necessarytotakeintoconsiderationtohaveafunctionalsystem(Cuzzocrea,Bellatreche,&Song,
2013;Garrigós,Pardillo,Mazón,&Trujillo,2009;Prakash,&Hanumanthappa,2014).Theseinclude
thefollowingeightissues.(i)Datamustbestructuredinastarorsnowflakeschema;theseschemas
arecomplicatedtoimplementandmaintaininoneoftheserepresentationwiththedevelopmentof
thebusiness.(ii)Immediatedataanalysisisnotpossiblewithoutpre-modeling,whichconvertsthe
datatoapatterninwhichtheanalystcanworkdirectly.(iii)Thedecisionmakerisdependenton
ITpersonnel;thepersonnelwhointendtouseOLAPanddatamininghavetoworkwithITstaff
because the elaboration of the queries among other SQL commands can be very complex. (iv)
Powerfulcomputationcapabilityisneededtoproducedataanalysisonahugequantityofhistorical
data.(v)Interactivitywiththeanalysisresultsisnotpossibleafterthedecisionmakerdefinesthe
step-by-stepprocesstopresenttheresults;ifitisnecessarytochangesomething,theanalystneeds
tostarttheprocessagain.(vi)Datacalculationisslow,evenwithpowerfulprocessingcapability,
andcomputercrashescanoccur.(vii)Datarepresentationinacubeisagoodstructuretoanalyze
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thedata;however,formorethanthreedimensionsitisdifficulttorepresentthedatainawaythat
facilitatestheanalyst’swork.(viii)AnOLAPsystemisindependentfromthetransactionalsystems
anditrequiresextramechanisms(ETL)toaccessthedata.

Report Management
Report management is constituted of regular presentation of information to managers within an
organizationtosupporttheminthedecision-makingprocess.Thesereportscantaketheformof
graphs,text,andtables,andareusuallyreleasedthroughanintranet(or“enterpriseportal”)asa
regularlyupdatedsetofwebpages.Alternatively,theycanbesentdirectlytoemployeesorsimply
printedanddistributedinthetraditionalway.

Anothermeanstopresenttheresultsisthroughadashboard,whichcanshowarangeofindicators
onapageandasetofgoalsforvariousmetrics(Hill,2017).Theprocessofdesigningareputation
intelligencemanagementmodelcanbeappliedtodifferentsectors,permittingthestudyofrelationships
amongtangibleandintangibleresources.Theintangibleresourcesthatwillbeconsideredarerelated
tovariablesassociatedwiththeexperience,emotion,andattitudethatexpressthecustomers’opinions
aboutthebrand.Inthiscontext,thereputationintelligencemanagementmodelcanbethesecretto
administratethebrandintangiblesinthedigitalenvironmentefficiently,towardtheaimofensuring
theorganization’scompetitiveness.

ReSULTS OF THe APPLICATION OF THe RePUTATION INTeLLIGeNCe 
MANAGeMeNT MOdeL APPLIed TO THe BANKING SeCTOR

Theproposedmodelwasapplied to themost relevantcompanies in theSpanishbankingsector,
considered in the IBEX35 stock market. The banking sector includes the seven most relevant
corporationsinSpain.Datasourcesfromwhichopinionsareextractedaretheecosystemsthatcoexist
inthedigitalenvironment,suchaseconomicandfinancialsources(StockMarketValuePlatform),
hypertextualsources(massmedia,onlinemedia,forums,websites),multimediasources(YouTube),
andsocialnetworks(TwitterandFacebook).

ThestudyperiodwasfromJanuarytoDecember2016.Datawereextractedforall365daysof
theyear;however,forsomebanksitwasnotpossibletoobtaindataforthefirstdayoftheyear,as
wasthecaseforthevariablethatmeasuresattitude.Toovercomethissituation,allthedaysthathad
thevalue“notinformed”wereexcludedfromtheanalysisandthereforedonotappearinthetables’
information.

Takingintoconsiderationtheproposedhypothesesandtheproposedmodel,theresultsprovided
aresubdividedbyOLAPanddata-miningtechniques.

Results: OLAP Techniques
Toanalyze the intangibles’ relationships,weusedOLAPtechniques (Santos&Azevedo,2005).
Figures4,5,and6showexamplesoftheserelationshipsmeasuredinnumberofdays.Eachline
presentstheinformationassociatedwiththeopinionexpressedinthedigitalmediumforeachspecific
dayandforaparticularbank.

For existing relationshipsbetweenaccumulated experiences in the categoryof emotion and
attitude,itcanbeobservedinFigure4thatinbank#5therewasahomogeneityintheserelationships,
asfor326daystheattituderemainedneutral,directionexperiencesandemotionareof“hate.”In
banks#1and#7,theattitudewasconcentratedin“buy/hold.”.Therearemanydaysinwhichthe
directionexperiencecategoryhadarankofacceptanceoradmirationandemotionhadfewerdaysof
acceptanceoradmiration.Inbank#1,itisinterestingtonotehow90dayswithdirectionexperiences
andanemotionofindifferencedidnotgeneratechangesintheattitudetowardbuying.

Itbecomesevidentthatthecategoryofdirectionexperiencesandthepositiveemotionontherest
ofthedayshelptolowertheprobabilitiesofchangeintheperceptionoftheanalysts’recommendations.
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Inbanks#2and#3wecanobservethatthereisaheterogeneousbehaviorinthevariableswithina
year.Ithastobenotedthattheopinionofindifferenceandrejectiononexperienceassociatedwith
thedirection,whichgeneratedanegativeorneutralemotionandconcentratedtheattitudeofanalysts
mostlyinselling.Thereforeonmostofthedaystheirrecommendationtendedtowardselling.

Onexistinghomogeneousorheterogeneousrelationshipsamongtheseintangibles(seeFigure
6), for example, bank #5 had homogeneity in these relationships, as for 326 days the attitude
remainedneutral,andemotionandfiveofthesixexperiencecategories(products,profitability,social
responsibility,direction,andlaborenvironment)wereof“hate”or“rejection.”Otherwise,bank#2
wasveryheterogeneousinitsrelationships;theattitudewasconcentratedintworanks:“neutral”and
“keep/sell”(seeFigure5).Ononeside,whenthedayswithattitudewere“neutral,”alltheemotions
andthetypesofexperiencewerepositive;ontheotherside,whenmostofthetimeemotionswere
“rejection”or“indifference”theattitudewas“keep/sell”buttherewasnohomogenousvalenceor
intensitywithalltheexperiences.

Figure 4. Relationship between the Experience of Direction, Emotion and Attitude (Author’s elaboration) Legend: AT - Attitude, 
ED - Experience associated to the Direction of the company, EM - Emotion.
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Results: data-Mining Technique
Toanalyzewhetheralltheintangibleassetshadimpactsamongthem,weuseddata-miningtechniques,
whichallowedtheanalysisofthekeyinfluencersfromthewholesector(sevenbankentities).The
nextfiguresshowhowallthevariablesinfluenceeachothertransversallyandholistically,aswellas
theirimpactvaluebothfromeverycategoryofexperiencetoattitudeandviceversa.

ThekeyinfluencersarebasedonthenaiveBayesalgorithm,whichcanbeusedforpredictionor
forclassification.TheBayestheoremcanbeusedtocalculatetheprobabilityofahypothesis,taking
intoconsiderationgivenknowledge,expressedbythefollowingequation(1):

P(h|d)=(P(d|h)*P(h))/P(d) (1)

where

P(h|d)istheprobabilityofhypothesishgiventhedatad.Thisiscalledtheposteriorprobability.
P(d|h)istheprobabilityofdatadgiventhathypothesishwastrue.
P(h)istheprobabilityofhypothesishbeingtrue(regardlessofthedata).Thisiscalledtheprior

probabilityofh.
P(d)istheprobabilityofthedata(regardlessofthehypothesis).

Figure 5. Relationships between Experiences, Emotion and Attitude (Bank #2) (Author’s elaboration) Legend: AT - Attitude, ED - 
Experience associated to the Direction of the organization, EM - Emotion.

Figure 6. Relationships between Experiences, Emotion and Attitude (Bank #5) (Author’s elaboration) Legend: AT - Attitude, ED - 
Experience associated to the Direction of the organization, EM – Emotion.
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Afterthecalculationitispossibletoselectoridentifythehypothesiswiththehighestvalue,as
presentedinTable1.Thesocialexperiencewiththevalue“indifference”hada100%probabilityof
havinganemotionof“indifference”associatedwithit.Anexperienceofprofitabilitywiththevalue
of“acceptance”hada100%probabilityofhavinganemotionof“acceptance”associatedwithit.

Table1alsoshowsthata“hate”experienceassociatedwithaproduct,a“hate”experienceof
direction,anda“hate”experienceofprofitabilitywerehighlyprobableofhavinganemotionof
“hate”associatedwiththem,100%,89%,and82%,respectively.

Table2showsthatanegativeemotionof“hate”hadaninfluencewitha100%probabilityin
theanalysts’recommendationattitudewiththevalue“neutral”.Table2showsthatthisbehaviorwas
perceivedmostofthedaysoftheyearinbank#5(seeFigure6)and,althoughinalowernumberof
days,inbanks#4and#7.

AscanbeobservedinTable3,therewasa100%influencefromthe“neutral”attitudetowardan
emotionwiththevalueof“hate”;andtheattitudeof“hold/buy”favoredanemotionwiththevalue
of“acceptance”withaprobabilityof100%.

With regard to theemotionwith thevalueof “admiration,”as shown inTable4, therewas
aninfluenceinlaborexperienceof“admiration”(100%);however,anemotionof“hate”favored
profitability,direction,product,andethicalexperiencesalsowitha“hate”valueandanimpactof100%.

Anotheranalytictechniqueofthisstudyconsideredthedailyreputationofeachbankusingthe
k-meansalgorithm(Alsabti,Ranka,&Singh,1997)todelimitthedifferentclustersofreputational
performance in the banking sector. A clustering technique was applied to find situations with
homogeneousrelationshipsamongintangiblevariablesanddefinedifferentheterogeneousgroups
ofreputationalsituationsinthissector.

Inthek-meansclusteringalgorithm(Alsabtietal.,1997;Jain,2010),thenumberofclustersk
isfixedandisappliedtonobservations,andthegoalofK-meansistominimizethesumofsquared
erroroverallkclusters,definedbyequation(2):

min || ||
k

k

x C
i k

k

x
=
∑∑ −
1

2



µ  (2)

WhereC
k

isthesetofKclusters,x
i
isthesetofobservationstobeclusteredandµ

k
themean

ofclusterC
k

.
Table5distinguishesfivedifferentreputationalclusters. In thisk-meansk=5,onceall the

workconsideredthevariablesassociatedwithexperiences,emotion,andattitudeclassifiedinfive

Table 1. Transversal Influence from Experiences on Emotion (Author’s elaboration)

Experience variable: Value Favours an Emotion of Impact (%)

Socialresponsibility Indifference Indifference 100%

Profitability Acceptation Acceptation 100%

Profitability Admiration Admiration 100%

Direction Rejection Rejection 100%

Product Hate Hate 100%

Direction Hate Hate 89%

Profitability Hate Hate 82%
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categories,thentheauthorsalsoconsidereditpertinenttocreatefiveclusters,whereeachcluster
representedareputationcategory.

As can be observed in Table 6, every cluster was distinguished by the value of direction
experiences, expressed through thedigital environment.Thedirectionexperiences appear in the
firstfourgroupswherethevaluesassociatedwiththeseexperiencesandtherestofothersituations
definetheheterogeneityoftheseclusters.Inthelastcluster,themaincharacteristicwastheemotion
of“hate,”which influencedmore than70%ofsituationsofproducts,direction,andprofitability
experiences.Therefore, themainvariables todefine the fiveclustersof thebankingsectorwere
directionexperienceandtheemotionof“hate.”

dISCUSSION ANd LeARNed LeSSON

Companiesareincorporatingtoolsthatallowknowledgeoftheintangiblerelationalcapitalassets
(experiences, emotions, and attitudes of behavior that users form toward brands though digital
ecosystems).

The intangible assets from digital ecosystems are one of the most important resources for
organizations;however,thereisaproblemofhowtomanagethedataassociatedwiththebigdata
conceptsofthecompany.Nowadays,organizationsneedtoapplytoolstoadvancetowardbusiness
intelligencemodels,incorporatingautomatizationofinformationfromdigitalsources,accumulation,
dailydataaggregation,andhistoricscenariosbybrand,allowingvisualizationandanalysis.

Although some available tools already incorporate automatization and daily online source
aggregation,theydonotquantifytheimpactofintangibleassetswithintheorganizations.

Thetoolsassociatedwithbusinessintelligencemodelsfortheprocessingofbigandcomplex
volumesofinformationaboutintangiblevariables(experiences,emotions,andattitudesexpressed
throughdigitalecosystems)wereOLAPanddatamining,whichallowedustodemonstratethatthere
aretransversalandholisticrelationshipsbetweenbothtypesofvariables.

OLAPtechniquesallowustoknowwhichbehavioristhemostfrequentintherelationshipsamong
thedifferentintangiblesexpressedonsocialmediaaboutdifferentorganizations.Intheparticularcase
ofthebankingsector,bank#5wastheonewiththemosthomogeneousbehaviorduringthewhole
year;therewasaconcentrationinthenumberofdayswhereemotionandexperiencesbycategories
wasalways“rejection”andtheattitudefromtheanalystswas“neutral.”However,inthecaseofbank
#2,therewasamoreheterogeneousbehaviorthroughtheyear,althoughtherewasaconcentration
inthe“attitude”of“buy”fromthefinancialanalysts.

Throughtheapplicationofthedata-miningtechnique,usingthekeyinfluencersandclustering,
wedetectedthatlineartransversalrelationshipswererecognizedwithanimpactof100%between
intangibles;morespecifically,thefollowingrelationswereestablished:

Table 2. Transversal Influence from Emotion on Attitude (Author’s elaboration)

Variable: Value Favours an Attitude of Impact (%)

Emotion Hate Hate 100%

Table 3. Transversal Influence from Attitude on Emotion (Author’s elaboration)

Variable: Value Favours an Emotion of Impact (%)

Attitude Hold/Buy Acceptation 100%

Attitude Neutral Hate 100%
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Aboutrelationshipsbetweenemotionandattitude,theresultswerereciprocal:in100%ofthe
impacts,ahateemotionfavoredaneutralattitudeandaneutralattitudefavoredahateemotion.

Table 4. Transversal Influence from Emotion into Experiences by categories (Author’s elaboration)

Variable: Value
Favours a Laboral 

environment experience 
of

Impact (%)

Emotion Hate Hate 84%

Emotion Acceptation Acceptation 100%

Emotion Admiration Admiration 100%

Variable: Value Favours an ethics 
experience of Impact (%)

Emotion Acceptation Acceptation 100%

Emotion Hate Rejection 100%

Emotion Hate Hate 100%

Variable: Value Favours a Profitability 
experience of Impact (%)

Emotion Indifference Indifference 100%

Emotion Acceptation Acceptation 100%

Emotion Admiration Admiration 100%

Emotion Hate Hate 100%

Variable: Value Favours a Product 
experience of Impact (%)

Emotion Rejection Rejection 91%

Emotion Admiration Acceptation 87%

Emotion Acceptation Admiration 100%

Emotion Hate Hate 100%

Variable: Value
Favours a Social 
Responsibility experience 
of

Impact (%)

Emotion Hate Rejection 100%

Emotion Indifference Indifference 100%

Emotion Acceptation Acceptation 100%

Emotion Acceptation Admiration 100%

Emotion Rejection Hate 100%

Variable: Value Favours a Direction 
experience of Impact (%)

Emotion Rejection Rejection 100%

Emotion Indifference Indifference 90%

Emotion Indifference Acceptation 96%

Emotion Acceptation Admiration 100%

Emotion Hate Hate 100%
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Ontherelationsbetweenexperienceandemotion,thetransversalinfluencefromexperienceto
emotionbycategorieshadanimpactof100%.Thissituationhappenswhenexperiencesofproducts,
direction,andprofitabilityarerankedashate,favoringanemotionofhate.

Forbank#5, therewasahomogeneityinitsbehaviorthatfavorshateemotionsandneutral
attitudes,withimpactsonthesectorialinfluence.

Withthebusinessintelligencetools,thethreehypothesesforthebankingsectorwereaccepted:
Theintangiblerelationshipsaretransversalandholistic(hypothesis1).Alltheintangibleassetshave
animpactbetweenthem(inallthedirections)(hypothesis2).Inthebankingsector,therearedifferent
clustersofreputationalperformancethatpermittheclassificationofthedailyreputationforeach
bank,aspresentedbyhypothesis3.

Table 5. Reputational Clusters of banking sector (Author’s elaboration)

Category Number: Category Number of diary reputations

1 DirectionExperienceofAdmiration 606

2 DirectionExperienceofAcceptance 779

3 DirectionExperienceofIndifference 563

4 DirectionExperienceofRejection 242

5 EmotionofHate 365

Table 6. Cluster profile of the banking sector (Author’s elaboration)

Cluster #1: Variable Value Relevance

DirectionExperienceofAdmiration Directionexperience Admiration 100%

Profitabilityexperience Admiration 40%

Laboralexperience Acceptance 32%

Cluster #2: Variable Value Relevance

DirectionExperienceofAcceptance Directionexperience Acceptance 100%

Laboralexperience Indifference 61%

Profitability Indifference 51%

Cluster #3: Variable Value Relevance

DirectionExperienceofIndifference Directionexperience Indifference 100%

Profitabilityexperience Rejection 56%

Laboralexperience Rejection 45%

Cluster #4: Variable Value Relevance

DirectionExperienceofRejection Directionexperience Rejection 100%

Productexperience Rejection 80%

Laboralexperience Hate 65%

Cluster #5: Variable Value Relevance

EmotionofHate Emotion Hate 100%

Productexperience Hate 92%

Directionexperience Hate 81%



International Journal of Information Systems in the Service Sector
Volume 11 • Issue 4 • October-December 2019

16

Insummary, theapplicationofbusiness intelligence techniquescontributes toan innovative
managementincompaniesduetothetreatmentofalargedailyvolumeofintangiblesautomatically
extractedfromopinionsexpressedinverydiversedigitalsources.Resultscanbeincorporatedin
managementreportsordashboardsoftheorganizations.

Theresultsofapplyingthesetechniqueswillhelptomaintainthemarketsustainabilityofthe
organizationsandwillpermitthemtoadvancetowardthepredictionsofsocialbehaviorstodevelop
aninnovatedandanticipatedmanagementmodelforthecompanies.

CONCLUSION

Inthiswork,anexhaustivebackgroundofthestepsandtechniquesbasedonbusinessintelligence
modelsand the reputationmanagementof thebrand intangibles in thedigitalenvironmentwere
conducted.OLAPanddata-miningtechniqueswereproposedforaninnovativemanagementmodel
basedonintangiblesextractedfromsocialmedia.

Thesetechniquesbasedonbusinessintelligencepermitthetreatment,analysis,andvisualization
ofcomplexrelationshipsamongintangibleassets:experience,emotion,andattitude.Thisapplication
tobankingsectorcompaniesandtheresultsobtainedconfirmwhichkindsofrelationshipshavethese
intangiblesineverybankandtheimpactonthereputationofthebankingsector.Inaddition,the
techniquespermitthedetectionoftheinfluenceandimpactofrelationshipsthatarebothtransversal
andholistic(hypotheses1and2).

Finally,usingdata-miningtechniques,hypothesis3wasverified,meaningthatitispossibleto
definereputationalclustersassociatedwithbankingsectorsthatpermit theclassificationofeach
bank’sreputationinacategory,dailyandthroughouttheyear,tocontributetowardmanagingthe
reputationintelligenceassociatedwiththeorganization,takingintoconsiderationthetangibleand
intangibleassetsandtheimpactoftherelationshipsamongthem.

Intermsoffuturework,reputationanalysisandmanagementtakingintoaccounttheconcepts
ofbusinessintelligenceshouldincorporatemetricsandmethodsthatallowthedevelopmentofa
reputationindicatorassociatedwiththeintelligenceobtainedbyonlinereputationmanagement,which
willintegratethetangibleandintangibleassetsofacompanyinaneconomicsector.
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