
EDITOR-IN-CHIEF
Vijayan Sugumaran, Oakland University, USA

INTERNATIONAL ADVISORY BOARD
Jinhai Li, Kunming University of Science and Technology, China
Arun Kumar Sangaiah, Vellore Institute of Technology, India
Surjit Singh, National Institute of Technology Kurukshetra, India

ASSOCIATE EDITORS
Ghassan Beydoun, University of Wollongong, Australia
Forouzan Golshani, Wright State University, USA
Alan R. Hevner, University of South Florida, USA
Kenneth Kendall, Rutgers Univeristy, USA
Stefan Kirn, University of Hohenheim, Germany
Salvatore T. March, Vanderbilt University, USA
Sudha Ram, University of Arizona, USA
Veda Storey, Georgia State University, USA
Vijay Vaishnavi, Georgia State University, USA

EDITORIAL REVIEW BOARD
Akhilesh Bajaj, University of Tulsa, USA
Kaushal Chari, University of South Florida, USA
Roger Chiang, University of Cincinnati, USA
Gerald DeHondt, Oakland University, USA
Dursun Delen, Oklahoma State University, USA
Jai Ganesh, Infosys Limited, India
Aurona Gerber, University of Pretoria, South Africa
Amir Hassan Zadeh, Wright State University, USA
Yulin He, Shenzhen University, China
Don Heath, University of Wisconsin Oshkosh
Armin Heinzl, University of Manheim, Denmark
Burairah B. Hussin, Universiti Teknikal Malaysia Melaka, Malaysia
Dawn Jutla, Saint Mary’s University, Canada
Rajiv Kishore, State University of New York at Buffalo, USA
Jingjing Li, Microsoft Inc., USA
Zakaria Maamar, Zayed University, UAE
Gregory Madey, University of Notre Dame, USA
Deependra Moitra, Infosys Limited, India
Karen Mary Neville, University College Cork, Ireland
Wee Ng, Nanyang Technological University, Singapore
Paolo Petta, Medical University of Vienna, Austria
Ram Ramesh, State University of New York at Buffalo, USA
Christoph Schlueter Langdon, University of Southern California, USA
Riyaz Sikora, University of Texas at Arlington, USA
Rahul Singh, University of North Carolina at Greensboro, USA
David Taniar, Monash University, Australia
William Wagner, Villanova University, USA
Steven Walczak, University of South Florida, USA
Huaiqing Wang, City University of Hong Kong, Hong Kong
Kok Wai Wong, Murdoch University, Australia
Carson Woo, University of British Columbia, Canada
Victoria Y. Yoon, University of Maryland Baltimore County, USA
Daniel Dajun Zeng, University of Arizona, USA

Volume 14 • Issue 4 • October-December 2018 • ISSN: 1548-3657 • eISSN: 1548-3665
An official publication of the Information Resources Management Association

International Journal of Intelligent Information Technologies



DOI: 10.4018/IJIIT.2018100102

International Journal of Intelligent Information Technologies
Volume 14 • Issue 4 • October-December 2018


Copyright©2018,IGIGlobal.CopyingordistributinginprintorelectronicformswithoutwrittenpermissionofIGIGlobalisprohibited.



24

Towards a Service-Oriented Architecture 
for Knowledge Management in Big Data Era
Thang Le Dinh, Université du Québec à Trois-Rivières, Trois-Rivières, Canada

Thuong-Cang Phan, Can Tho University, Can Tho, Viet Nam

Trung Bui, Adobe Research, San Jose, USA

Manh Chien Vu, Université du Québec à Trois-Rivières, Trois-Rivières, Canada

ABSTRACT

Nowadays, big data is a revolution that transforms conventional enterprises into data-driven
organizations in which knowledge discovered from big data will be integrated into traditional
knowledge to improvedecision-makingand to facilitateorganizational learning.Consequently,a
majorconcernishowtoevolvecurrentknowledgemanagementsystems,whichareconfrontedwith
avariousandunprecedentedamountofdata,resultingfromdifferentdatasources.Therefore,anew
generationofknowledgemanagementsystemsisrequiredforexploringandexploitingbigdataaswell
asforfacilitatingtheknowledgeco-creationbetweenthesocietyanditsbusinessenvironmenttofoster
innovation.Thisarticleproposesaservice-orientedarchitectureforelaboratinganewgenerationof
bigdata-drivenknowledgemanagementsystemstohelpenterprisestopromoteknowledgeco-creation
andtoobtainmorebusinessvaluefrombigdata.Theproposedarchitectureispresentedbasedon
theprinciplesofdesignscienceresearchanditsevaluationusestheanalyticalevaluationmethod.

KEywORDS
Big Data Analytics, Big Data, Knowledge Management System, Service-Oriented

INTRODUCTION

Thedevelopment anduseofKnowledgeManagementSystems (KMSs) are currentlyhaving
a direct and dramatic impact on business decisions and processes in modern and networked
organizations that are required tobemore competitive to graspmorebusiness opportunities
(Alavi&Leidner,2001).However, theseKMSsarecurrentlyconfrontedwithavariousand
unprecedentedamountofdata,resultingfromdifferentbusinessandIT-basedservices,called
“bigdata”(Chen,Chiang,&Storey,2012).

Bigdataprovideshigh-volume,high-velocityandhigh-varietyinformationassetsthatleadtoa
revolutionoftransformingtraditionalorganizationsintoknowledge-intensiveones,calleddata-driven
organizations(DDOs).Consequently,knowledgediscoveredinDDOsneedstobetranslatedfrombig
dataintoorganizationalknowledgetoaidmanagersinmakingdecisionandinimprovingperformance
(Chenetal.,2012).Despitethefactthatbigdataresearchhasrecentlygainedrapidgrowth,thereisa
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lackofframeworksandarchitecturesthatenableDDOstocapturethevalueofbigdatainasystematic
manner,especiallyforpromotingorganizationallearning(Olivo,GarcíaGuzmán,Colomo-Palacios,
&Stantchev,2016;X.Wang,White,&Chen,2015).Indeed,oneofthemostimportantchallenges
forKMSstodayistobeabletodealwithbigdatasetsthatarerequiredtobeupdatedfrequentlyor
continuously.Therefore,anewgenerationofKMSstohandleeffectivelybigdatasourcesbecomes
anessentialtoolfororganizations,notablyDDOs.

Infact,mostoftherecentstudies,whicharerelatedtotheintegrationofbigdataandKMSs,have
separatelyconcentratedonspecificaspectsofknowledgemanagementsuchasbusinessintelligence
andbusinessanalytics(Chenetal.,2012),dataminingandknowledgediscovery(Wu,Zhu,Wu,&
Ding,2014)aswellastheconstructionofthetotalprocessofcollaborativeknowledgemanagement
andsetuptheoverallframeworkofacollaborativemanagementsystemforITstart-upcompanies
basedonknowledgeflows(Lu,2016).Thesestudieshavestronglyfocusedonknowledgeexploration
buthavenotbeenfullysupportedknowledgeexploitationyet.Therewerelittleattemptstotakeinto
accounttheimpactofbigdataonthewholeprocessoforganizationalknowledgemanagementand
thetrendofserviceorientation(Kakabadse,Kakabadse,&Kouzmin,2003).

Besides,theservicescienceperspectivealwaysconsiderscustomersasvalueco-creators.Co-
creationiscarriedoutbyindividualsandtheorganizationswithinaunifiednetworkthatbringthe
benefitstoallstakeholders(Vargo&Lusch,2008).

Asaresult,thisresearchaimsatproposinganovelservice-orientedarchitectureforbigdata-
drivenknowledgemanagementsystems,hereaftercalledBDD-KMSarchitecture.Thispaperdiscusses
thearchitectureforanewgenerationofBDD-KMStohelpenterprises,especiallySMEs(smalland
medium-sizedenterprises)topromoteknowledgeco-creationandobtainmorebusinessvaluefrom
bigdata.

The rest of the paper is structured as follows. Section 2 provides a summary of theoretical
background.Section3describestheessentialsoftheresearchdesignandpositionsourpaperwith
respecttotherelatedwork.Section4introducestheproposedarchitectureaccordingtothedesign
scienceresearch,includingasetofconstructs,amodelandamethod.Section5demonstratesause
caseofthearchitecture.Section6outlineconclusionsandsomeideasforfurtherresearch.

THEORETICAL BACKGROUND

Inthisresearchcontext,dataconsistsoftraditionaldataandbigdata.Knowledgeisconstitutedfrom
knowledgeobjects,whichareclassifiedonthebasisoftheirlevelofdevelopment,thatis,asdata,
information,knowledgeorwisdom(Bierly,Kessler,&Christensen,2000).Knowledgemanagement
(KM)isdefinedasorganizationalactivitiesrelatedtoknowledgeartefactsinwhichalearningprocess
hasoccurred,andintellectualcapitalisaccumulatedanddeveloped.Knowledgemanagementsystems
(KMS)representaspecifictypeofinformationsystemsappliedtohandleorganizationalknowledge
(Alavi&Leidner,2001),thatincludesactivitiessuchasknowledgecapture,knowledgeorganization,
knowledgetransferandknowledgeapplication(LeDinh,Rickenberg,Fill,&Breitner,2015).The
backboneofKMSsistheknowledgearchitecture,whichistheapplicationofinformationarchitecture
toknowledgemanagementthatsupportsandenhancestheKMactivities.

BigdatabringsagreatopportunitybutalsoabigchallengetoimplementKMSsinDDOs.The
importanceofbigdatadoesnotrevolvearoundhowmuchdataorganizationshavetoday,butwhat
businessvaluetheycandistillfromthisdatainthebestmannerandwithintheshortestresponsetime.
Intheglobalcompetitiveenvironment,organizations,whichareabletoeffectivelyleveragebigdata
throughKMSs,candifferentiatethemselvesfromtheirrivals.However,thereisagreatchallengefor
DDOsinhandlingtheimmensevolumesofdata,whicharebeingcontinuouslygeneratedonanhourly
basis.Hence,ahugecomputingpowerforanalytics,whichisrequiredtoprocesstheunprecedented
input, creates significant barriers for organizations, especially SMEs, to harness effectively the
businessvalueofbigdata.
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Conventional KMSs were not prepared well for storing, processing and analyzing big data
becausetheymainlyusedtraditionaldatabases.Asurveyofcurrentresearchprojectsrelatedtobig
dataindicatedthatmostofthemhavehadonlyfocusedonspecificaspectsofKMsuchassuchas
businessintelligenceandbusinessanalytics(Chenetal.,2012),dataminingandknowledgediscovery
(Wuetal.,2014)aswellasknowledgeflows(Lu,2016).Knowledgeflowisaninteractiveprocess
ofdeliveringtheattainedknowledgefromtheknowledgesendertotheknowledgereceiverthrough
varioustools.Betweentwolayersoftheknowledgeflow,whilethefirstlayeristheknowledgeflow
withintheenterprise,Kakabadseetal.(2003)arguedthatthesecondlayeristheknowledgeflow
between the enterprise and the external, including enterprise customer base, competitors, other
enterprisesandscientificresearchinstitutes.

Therearesomeotherstudiesthatfocusonothertechnicalaspectssuchasmethodsforbuilding
knowledgebases(RezguiandMeziane,2005;Suchanek&Weikum,2014),knowledgefusionbased
onthemachinelearning(Dongetal.,2014),deeplearning(Yu,2013),randomwalkinference(Lao,
Mitchell,&Cohen,2011),andreal-timestreamdataprocessing.However,thesestudiesdidnotprovide
acomprehensivearchitectureforsupportingthecompleteprocessofknowledgedevelopmentaswell
asthecollaborationoftheirsystemstosupportorganizationallearning(Olivoetal.,2016;X.Wang
etal.,2015).Recently,Cerchione&Esposito(2017)madeacontentanalysisoftheliteratureon
KMSsinSMEsandfoundthatthesestudiesfocusedonlyonspecificIT-basedtoolsandinformation
sharingpractices,notonknowledgemanagementpractices.

Ontheotherhand,theservice-orientedapproachessuchastheCloudcomputingandsoftwareas
aservice(SaaS)wereregardedasanagile,flexible,andpowerfulapproachforimplementingKMSs
(Šaša&Krisper,2010).Forthisreason,weproposeageneralarchitectureforBDD-KMSsbased
onservice-orientedprinciplesthatsupportsthewholeknowledgemanagementprocessinaDDOin
ordertoprovideaunifiedwayofworking,learningandinnovatinginthebigdataera.

RESEARCH DESIGN

Thisresearchproposesanovelservice-orientedarchitecture,whichcanbeconsideredasadesign
artifact.Thedesignscienceresearch(DSR)hasbeenchosentocarryoutthisresearchthataimsat
developingatechnology-basedsolutionasanartefacttoovercomeabusinesschallenge(Hevner,
March,Park,&Ram,2004).Accordingly,weusetheDSRmethodologywhichincludessixsteps:
problem identification and motivation, definition of the objectives for a solution, design and
development,demonstration,evaluation,andcommunication(Peffers,Tuunanen,Rothenberger,&
Chatterjee,2007).

Activity 1: Problem Identification and Motivation
Looking at the problem relevance, the business challenge addressed by this research is how to
implementeffectivelyKMSsinthebigdataera,whichfacilitatesthewholeprocessoforganizational
knowledgemanagement,includingknowledgeexplorationandknowledgeexploitation.Thisapproach
canhelpenterprises,especiallySMEs,toimplementtheirBDD-KMSwithlimitedresources.

Activity 2: Define the Objectives for a Solution
Concerningtheresearchrigour,thepresentedstudyhasthetheoreticalfoundationsinknowledge
managementtheoryaswellasininformationsystemtheory.Inordertosupportthewholeprocess
oforganizationalknowledgedevelopment,thisresearchaddressestwomainobjectives:tocapture
andunifyknowledgediscoveredfromdiversebigdataandtraditionaldatasources,andtosupport
theprocessoforganizationalknowledgemanagement.
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Activity 3: Design and Development
Regardingthedesignartefact,theproposedarchitectureincludesasetofconstructs,amodeland
amethod(Hevneretal.,2004)basedontheconceptofknowledgeobjects.WeadoptahybridKM
model that supportsboth theviewsofaknowledgeobject:epistemology-orientedandontology-
orientedKMmodels(LeDinhetal.,2015).Thefirstviewsaknowledgeobjectasanentitythatcan
bedeconstructed intodiscreteand relevantattributes;meanwhile, the seconddefinesknowledge
solelythroughtheirrelationshipswithaconstructeduniverseofdiscourse.Furthermore,theproposed
architectureisconstructedbasedondiversesystemsandservicesatdifferentlayersofknowledge
objectssuchasdata,information,knowledgeandunderstandinglayers.

Activity 4: Demonstration
WedemonstratetheapplicationofthearchitectureforaBDD-KMSforenterprisesingeneralanda
usecaseforaQuebecwineassociationanditsmembersinparticular.Thisusecaseisdesignednot
onlytoscanthebusinessenvironmentinformationofthewineproductionandtrade,itcanbeused
alsofortheimplementationofacustomerKMSineachmemberoftheassociation.Regardingto
thelimitednumberofemployeesandthebusinessseasonality,thesystemallowstoidentify,store,
organizeandexploittheknowledgewithinamemberandbetweenthemembersoftheassociation,
especiallyknowledgeaboutcustomers,productsandenvironments.Subsequently,businessowners
canhaveabetterunderstandingofthewineandderivedmarketandallotherchallenges(customer’s
behavior,internationalcompetition,globalchallenges).

Activity 5: Evaluation
Withrespecttothesearchprocess,wefocusontheexploration,implementation,experimentation
anditeration.WestudytherelatedworkandtrendsrelatedtobigdataandKMSs,thenimplementor
experiment(orboth)thedifferentaspectsofthearchitecturetodeterminethesuitabilityforreal-world
applications.Thecycle,whichgeneratesdesignalternativesandtestalternativesagainstbusiness
requirements,hasbeenrepeatedseveraltimesduringtheperiodof12monthsbytheresearchteam,
itsstudentsandbusinesspartners.Withthistrialversion,weobservedthattheartifactsupportedwell
totheproblemandareal-timeway,mostlyintheenvironmentscanningsystem.Wealsoproposed
somemanagementtoolsforindividualbusinessandtheassociation.Attheendofthisactivity,we
candecidetoimprovetheeffectivenessoftheartifact.

Activity 6. Communication
Inrespectofthedesignevaluation,theanalyticalevaluationmethodisusedtovalidatethedesign
artefact(Hevneretal.,2004).Inparticular,staticanalysisisusedtoexaminethestructureofthe
proposedarchitect,andthearchitectureanalysisisusedtostudythefitofthedesignartefactinto
currentinformationsystemarchitecture.Theproblemthatwesolveisnotonlyforthewinesector,the
artifactiseffectiveatrelevantSMEs.Ourmodelispresentedinsomeotherpublicorganizationswho
areinchargesoflocalbusinessdevelopment,andwehavegottheconfirmationoftheircollaboration
inourfutureexperimentationoftheproposedarchitecture.

SERVICE-ORIENTED ARCHITECTURE FOR BDD-KMSS

Constructs of the BDD-KMS Architecture
Asmentionedabove,constructsaredifferenttypesofconceptsrelatedtoknowledgeobjectsandtheir
knowledgecomponents.AspresentedinFigure1,“aknowledgeobject(KO)isahighlystructured
interrelatedsetofdataorcontent,information,knowledge,andwisdomconcerningsomebusiness
situation”,whichprovidesaviableapproachfordealingwiththesituation.Inthisstudy,theterm
“understanding”isusedinsteadoftheterm“wisdom”sincetheresearchjustfocusesonthefirst
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levelofunderstandinginwhichaDDOunderstandshowtoincreasebusinessvaluesbyusingtheir
knowledgeandknowing.Inotherwords,theproposedarchitectureisstillatalevelofknowledge-
baseddecisionsupportinsteadofthebestdecision-makingsupport.Accordingtothestructureview,
aknowledgemanagementprocesscoversbothknowledgeexplorationandknowledgeexploitation.
Theprocessofknowledgeexplorationconcernsthecaptureandorganizationofdifferentknowledge
(tacitandexplicit) in theorganizationalmemory,whereas theprocessofknowledgeexploitation
concernsthetransferandapplicationofclassifiedandorganizedexplicitknowledgeintheknowledge
repository(LeDinhetal.,2015).Aknowledgeobjectisconsideredasacollectionofknowing,called
knowledgecomponents(LeDinhetal.,2015).Knowledgecomponentscanbestratifiedindifferent
levelsrangingfromlowesttohighest:cognitive(know-what),conditional(know-when),situational
(know-where),applied(know-how)andrule-of-thumb(know-why).Aknowledgecomponentcanbe
explicitortacitknowledgeaswellasindividualorcollectiveknowledge.Knowledgecomponentsof
knowledgeobjectscanbeusedandsharedbyusingdifferentknowledgeconversionprocessessuch
associalization,externalization,combinationandinternalization.

Accordingtothebehaviorview,alifecycleofaknowledgeobjectincludesthefollowingdynamic
states:Capturedknowledge,Organizedknowledge,SemanticknowledgeandSituationalknowledge.
Firstly,dataisrawandsimplyexistsinanyform(Bellinger,Castro,&Mills,2004).AKOisatthe
Capturedknowledgestateifitsdataiscapturedandstoredintheknowledgerepository.Secondly,
informationisdatathathasbeengivenmeaningbywayofrelationalconnection(Bellingeretal.,
2004).AKOisattheOrganizedknowledgestateifitsdataisorganizedaccordingtoitsknowledge
componentscorrespondingtothestructureofknowledgetobecomeusefulinformation.AKOatthis
levelcananswerthesimplequestionssuchas“What”,“Who”,“Where”,“When”.Thirdly,knowledge
istheappropriateapplicationofinformationtofacilitateorganizationalactivities(Bellingeretal.,
2004).AKOisattheSemanticknowledgestateifitsknowledgecomponentscorrespondingtothe
structureofknowledgearelinkedtotheknowledgecomponentscorrespondingtothetransitionof
knowledge(LeDinhetal.,2014).AKOatthislevelisabletoprovideananswerorguidelinesfora
“How”question.Fourthly,understandingistheprocessbywhichapersoncantakeknowledgeand
synthesizenewknowledgefromthepreviousheldknowledgetomakebusinessdecisions(Bellinger

Figure 1. A knowledge object
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etal.,2004).AKOisattheSituationalknowledgestateifitsknowledgecomponentscorresponding
tothestructureandtransitionofknowledgearelinkedtotheknowledgecomponentscorresponding
tothecoherenceofknowledge(LeDinhetal.,2014)sothatitcanprovideguidelinesforapersonto
takenecessaryactionsfacedaspecificbusinesssituation.

Model of the BDD-KMS Architecture
Amodelisdefinedasthestatementsexpressingtherelationshipsamongknowledgecomponentsof
knowledgeobjects.Knowledgecomponentscanbeclassifiedbasedonthekeyaspectsofknowledge
thatformstheknowledgestructureofaDDO:structure,transition,andcoherenceofknowledge(Le
Dinhetal.,2014).Thestructureofknowledge,whichisrepresentedbythe“know-what”knowledge
component and its associated knowledge-components (know-who, know-when, know-where),
describesknowledgethatrelatestoaphenomenonofinterest(Garud,1997).Know-whatinaDDO
canrelatetoproducts,services,ormarkets.Thetransitionofknowledge,whichisrepresentedby
the“know-how”knowledgecomponent,describestheunderstandingofthegenerativeprocessesthat
constitutephenomena(Garud,1997).Know-howinaDDOconcernstheorganizationalprocesses,
whichareafeedbackoftheorganizationtotheoccurrenceofaneventorasituation.Thecoherence
ofknowledge,whichisrepresentedbythe“know-why”knowledgecomponent,whichdescribesthe
understandingoftheprinciplesunderlyingphenomena.Know-whyinaDDOconcernsthebusiness
rulesandguidelines,whichhelptomakebusinessdecisionsfacecertainsituations.

AspresentedinFigure2,theservice-orientedarchitectureconsistsoffourlayers:Data-as-a-
Service,Information-as-a-Service(correspondingtothestructureofknowledge),Knowledge-as-a-
Service(correspondingtothetransitionofknowledge),andBusinessProcess-as-a-Servicelayers
(correspondingtothecoherenceofknowledge).

Figure 2. A Service-Oriented Architecture for Big Data-Driven KMSs
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Data-as-a-Servicelayer(DaaS)includesdataloadingandingestioncomponents,adatarepository,
anddataservices.DaaSisadatacollection,provisionanddistributionmodelinwhichbigdatais
madeavailabletohigher-levellayersandusersoverthenetwork.

Information-as-a-Servicelayer(IaaS)containsbatchesandreal-timeprocessingcomponents,a
knowledgerepository,andinformationservices.IaaSstructuresandanalyzesthedisorder,disparate
andobscuredatafromthebatchandreal-timedataintolinked,integrated,andsemanticinformation
thatcanbedeliveredondemandasaservice.Thisinformationcanbeorganizedbytaggingbased
onthecorrespondingknowledgecomponentsofknowledgeobjects.Inaddition,datafilescanbe
categorizedandassociatedautomaticallyorsemi-automaticallytoasetofrelatedconceptsofthe
knowledgestructure.

Knowledge-as-a-Service layer (KaaS) typically provides knowledge services supporting
organizational activities such as knowledge discovery, collaboration, learning, decision-making,
andcontrolservices(Alavi&Leidner,2001).KaaStransferstheinformationfromtheIaaSlayer
intoknowledgebasedontheirsemanticcontextsandorganizesthisknowledgecorrespondingtothe
“know-how”knowledgecomponent.Besides,italsoprovidestheabilitytoanalyze,learn,infer,and
maketheknowledgeandexperienceavailabletothehigherbusinesslayerandusers.

BusinessProcess-as-a-Servicelayer(BPaaS)includesprocessrepresentation,whichprovides
buildingblocksforaggregatingtheloosely-coupledservicesofthelowerlayersasacollaborative
processalignedwithbusinessgoals(Doloreux&Shearmur,2012).Thegovernanceofthebusiness
processeshasbeensupportedbythe“know-why”knowledgecomponentthatprovidessituational
knowledgeandguidelinesformakingdecisionsfacedbusinesssituations(LeDinh,Rinfret,Raymond,
&DongThi,2013).

Method of the BDD-KMS Architecture
Amethodisdefinedastheactivitiesthatsupporttheprocessoforganizationalknowledgedevelopment.
ABDD-KMSoperatesbasedonfourmainactivitiesof theknowledgemanagementprocess (Le
Dinhetal.,2015):knowledgecapture,organization,transfersandapplication.Theyarerespectively
realizedbytheDaaS,IaaS,KaaSandBPaaSlayersasthefollowing:

• The DaaS layer captures batches and real-time data through the data loading and ingestion
components.Thebatchdataisloaded,processedandsavedtothedatarepository,whereasthe
real-timedataisingestedandsenttothereal-timeprocessingcomponents.Thedataservices
enablemaximalmashup,reuse,andsharingoftheavailabledatainthedatarepository;

• Basedontheknowledgestructure,thebatchandreal-timedataprocessingcomponentsofthe
IaaSlayerfilter,extract,analyze,integrateandmigratethebatchandreal-timedataintobatches
andreal-timeinformationviews,respectively.Theinformationviewsareunifiedandsavedto
theknowledgerepositorythatmaystoreitsdatainthedatarepository.Besides,thereal-time
component also writes the processed real-time data to the data repository. The information
servicesmaketheup-to-dateinformationavailabletousers;

• TheKaaSlayerisabletodeduceknowledgefromtheinformationofIaaSthroughtheknowledge
services.Thecollaborationserviceallowsthecreation,sharingandapplicationoftheknowledge
anduserswithsupportoftools.Thediscoveryserviceprovidesfunctionssuchassearch,retrieval,
mining,mapping,navigation,andpresentationoftheknowledge.Thelearningservicecreates
moreknowledgefordecision-makingbyenablingmachinelearningalgorithms,datascientists,
predictivemodellers,andotheranalyticprofessionals.Thedecision-makingservicedevisesan
increasedunderstandingaboutabusinesstaskoragreedcriteria,andaguidelinetomakethemost
effectiveandstrategicbusinessdecision.Thecontrolservicesensurethehigh-qualityperformance
forbusinessprocessesandtheircorrespondingservices.Alltheknowledgegeneratedisthen
savedtotheknowledgerepository;
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• TheBPaaSlayer,ontopoftheotherservicelayers,deliversservicestoapplicationsthrough
combiningthemwithknowledge-intensivebusinessprocesses.Themainpurposeofthislayer
istodealwiththepracticesandapplicationstofacilitatethedevelopmentofintellectualcapital
by applying the knowledge repository to a special use or purpose. There are three primary
mechanismsforknowledgeapplications:directives,organizationalroutines,andself-contained
taskteams(LeDinhetal.,2015).

Itisobviousthattheproposedarchitecturesatisfiesthetwoobjectivesoftheresearchquestion.
Namely,theDaaSandIaaSlayerscarryoutthecapturingandunifyingknowledgediscoveredfrom
bigdata(basedonthearchitecture’sconstructsandmodel).Moreover,allthelayersaredesigned
accordingtoSOAprinciplestosupporttheactivitiesoftheknowledgemanagementprocess(basedon
thearchitecture’smethod).Asaresult,thearchitecturecantakethebenefitsfromSOAandenhance
theaddedvaluefrombigdatainordertopromotetheorganizationalknowledgemanagementprocess.

Design Evaluation
Thedesignevaluationisbasedontheanalyticalevaluationmethod(Hevneretal.,2004)toevaluate
theutility,qualityandefficacyoftheproposedarchitecture.Forthetimebeing,thisresearchfocuses
on theutility andqualityof thearchitecture.Therefore, this evaluationhasbeencarriedout the
followingsteps:exploration,implementation,experimentationanditeration.

Theexplorationstepconcernsthestaticanalysis,whichexaminestheartefactsforstaticqualities.
Thisstephasbeenperformedbytworesearchers,oneininformationsystemsandoneinknowledge
management,whoplaytheroleoftheusersofthedesign.Theseusersevaluatethedesignandthen
theartefactsofthedesign.Theresultsofthefirststephavebeenusedtodesignthearchitectureas
mentionedinFigure2thatsupportsalltheknowledgedevelopmentlevels.

The implementation step concerns the architecture analysis, which studies the suitability of
thedesignartefactsintocurrenttechnologiesandtoolsrelatedtobigdataandinformationsystem
architecture.Theresultsofthesecondstephelpedustofulfilthearchitecture,whichiscomposedof
importantfeaturesandviablecombinationofsoftwaretoolstomeettherequirementsoftheBDD-
KMSarchitecture.Theresultofthisstepisaprototypebuiltbytheresearchteam,includingthe
researchers,PhDandmaster’sstudents.

Theexperimentationstepconcerns theexperimentationwithassumingusersand realusers.
Asmentionedabove,theevaluationcycleis12monthssothattheteammemberscanevaluatethe
prototype(designartefact)withtheirstudentsduringanacademicyear.Ingeneral,thetwogroupsof
undergraduatestudents(about40studentspergroup)evaluatetheinformation-as-a-serviceprovided
bytheprototypeandagroupofMBAstudents(about30studentspergroup)evaluatetheknowledge-
as-a-service.Firstly,studentscanbetaughthowtousetheservicesatthelowerlevel(data-as-a-service
forundergraduatestudentsandinformation-as-a-serviceforMBAstudents)inordertocarryouttheir
termprojects,whichdesignorelaborateaknowledgeinfrastructureforaSME.Secondly,studentsuse
thoseservicestobuild,design,orsuggestnewservicesatthehigherlevel(visualization,reporting
anddataanalyticsforMBAstudents,dataprocessingandintegrationforundergraduatestudents).
Thus,theresearchteamevaluatestheresultsoftheirworkandreportsaswellasimprovesthedesign
artefactbasedonthefeedbackofstudents.Lastly,thebusinesspartnerssuchassomeselectedSMEs
evaluatethedesignartefactduringthesummertime.Insomecases(andalsopreferredcases),the
studentswhoalreadyevaluatedtheartefactduringtheacademicyear,canevaluateitagainduring
theirinternshipatthebusinesspartner.

Theiterationstepconcernsthevalidationofthedesignartefacttoseewhethertheartefactmeets
thebusinessrequirementsornot.Inordertodeterminethebest-fitarchitectureforBDD-KMSfor
SMEs,theresearchteamhasperformedthethreecycles:thefirstcyclefocusingonNoSQLdatabases,
thesecondcyclefocusingonSpark,andthethirdcyclefocusingonCloud-nativeSpark.
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ThefirstcyclewasthevalidationofaprototypebasedontheecosystemofNeo4J(neo4j.com),
aNoSQLdatabasemanagementsystem,andPython.Thisecosystemhaslimitedfunctionalitiesand
therefore,itwasnoteasyforstudentstoexperimentandcreatenewservices.

Thesecondcycleconcernedthevalidationofaprototype-basedHadoop&Sparkframework.
Thisprototypehasareallygoodecosystemandrichfunctionalities.Studentscanusedifferenttools
andsystemstoworkwiththeirservices.However,suchcomplexinfrastructureisstillahardchallenge
foranenterprise,especiallySMEs,sinceitrequiredagoodknowledgeabouttheITinfrastructure.

ThethirdcycleusedtheCloudcomputingservicesforimplementingtheSparkecosystem.Indeed,
newservicesprovidedbyAmazon,Google,andMicrosofthelpenterprisestosetupandmanagea
robustandcomplexinfrastructuresuchasHadoopandSpark.Thiscloud-nativeecosystemcanbe
integratedeasilywithend-usertoolssothatuserscancreatenewservicesandco-createmorevalue
withtheBDD-KMSsystem.

USE CASE

ThisusecaseisextractedfromaBDD-KMSarchitectureforaQuebecwineassociationthataimsat
performingbusinessenvironmentscanningfortheassociationandatimprovingthecustomerservice
foritsmembersbasedontheknowledgeaboutbusinessenvironmentandcustomers.

Environmentscanningisdefinedastheprocessofmonitoringandacquiringinformationabout
eventsandtheirrelationshipsinacompany’sinternalandexternalenvironments.Theimpressive
expansionoftheInternet,socialnetworks,mobileandmediatechnologieshavegeneratedalarge
numberofdigitaldataavailabletofirms.Meanwhile,environmentalscanningpracticesaregenerally
arealchallengeforSMEssincetheylacksufficientresourcesandcapacitiestosetupaformalsystem
toconductenvironmentalscanningortypicallylackthenecessaryinfrastructuretosearchforand
gatherinformationinasuitablemanner(Yoo&Sawyerr,2014).

AcustomerKMShelpsSMEstorenovate,conceiveideas,exploit thethinkingpotentialsof
customers, and fix their weaknesses due to lack of experiences in management and production
(Rababah,Mohd,&Ibrahim,2011).However,SMEshasstillnotreallyattachedspecialimportance
toandinvestedincustomerKMSsnortakentofollowadvantageoftheinformationfrombigdata
andsocialnetworktomanageandexpandsourcesofcustomers.Itisthisthathasresultedinalotof
restrictionsindevelopingthefullpotentialofSMEs.Inpractice,thereisalargenumberofSMEsstill
managinginformationaccordingtothemechanismforcollecting,analyzinginformation,particularly
customerinformationinaclassicalwaywhichtakesmanagersmuchtimewhenmakingdecisions,thus
increasingriskandreducingthepossibilitytooptimizeproductandservicequality(Oparaocha,2015).

Figure3presentstheBDD-KMSarchitectureforaQuebecwineassociation.Datafromdifferent
sources are extracted, organized and transformed into information and knowledge to develop
environmentandcustomerinsight.Severalbigdatatechnologieshavebeenlaunchedandcouldreplace
highlycustomized,expensivelegacysystemswithastandardsolutionthatisabletorunoncommodity
hardwareorthecloudenvironment.Mostoften,theopen-sourcetechnologiesareprominentcandidates
tobeusedinbigdataprojectsbecausetheycanbeimplementedfarlessexpensivethanproprietary
technologies.Besides,thesetechnologieshaveagreatsupportcommunityaswell.

TechnicalspecificationsforimplementingtheservicelayersoftheBDD-KMSsaredescribed
asfollows:

• The Data Sources Layer:Thebatchdatasourcescomefromfiles,databases,orinformation
systems. Incaseof thisdemontrstaion, it is recommended that themembersofassociations
implementandusetheopen-sourcesystemssuchasWordpress(wordpress.org)forE-commerce
andEnterpriseContentManagement,SugarCRM(sugarcrm.com)forCustomerRelationship
ManagementandOdoo(odoo.com)forEnterpriseResourcePlanningsystems.Besides,relational
DBMSorNoSQL-basedsystemscanbeusedforstorageandretrievalofdatasourcessuchas
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log filesandclick-throughofwebapplicationsand feeds, events, comments,messages, and
imagesofsocialnetworks;

• The DaaS Layer:HadoopDistributedFileSystem(HDFS)isselectedasthedatarepositoryof
thesystem.Itisawell-knownfault-tolerantdistributedfilesystemofApacheHadoop(hadoop.
apache.org),adominantframeworkforbigdataprocessingwiththelargeinfrastructurebeing
deployedandusedinmanifoldapplicationfields.Concerningdatacapturetools,ApacheSqoop
(sqoop.apache.org) is widely used for efficiently exporting or importing bulk data between
HDFSandstructureddatastoragesuchasrelationaldatabases.ETL(Extract,Transform,and
Load)toolscanbeusedtobulkloaddatafromfilesorNoSQLtoHDFS.Ontheotherhand,
Apache Kafka (kafka.apache.org), which is a distributed, reliable, high-throughput and low
latencypublish-subscribemessagingsystem,isusedforstreamprocessing.Thedataserviceis
executedbyWebHDFSforHadoopthatenablesusersandsystemstoaccessdatainHDFSusing
anindustry-standardmechanism;

• The IaaS Layer:TheIaaSisimplementedbasedonCloudnativeApacheHbaseandSpark.
ApacheHBase isadistributedcolumn-orientedNoSQLdatabasebuilton topofHDFSthat
supports random, real-time read/write access to HDFS, and the bulk loading feature. Since
HBase can provide web service gateways, this technology has been used to implement the
informationservicesrelatedtotheknowledgerepository.UnlikeaconventionalKMSarchitecture
designedforstructuredandinternaldata,thebigdata-drivenKMSarchitectureworkswithraw
unstructuredandstructureddataaswellasinternalandexternaldatasources.Sincetheability

Figure 3. A Use Case of a Service-Oriented BDD-KMS
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tohandlebatchand(near)real-timedataisrequired,ApacheSparkisselectedforboththebatch
andreal-timedataprocessing.Sparkhasemergedasthenext-generationbigdataprocessing
enginebecauseitworkswithdatainmemorythatisfasterandbettertosupportavarietyof
compute-intensivetasks(Shanahan&Dai,2015).Notably,Spark’scomponents,includingstream
processing(Streaming),machinelearninglibrary(MLlib),structureddataquerying(SQL),and
GraphXgraphprocessing,arebuiltonthesamecorearchitecture(Core/Engine)fordistributed
analytics.SparkCoreworkswiththebatchdatafromthedatarepository(HDFS)toorganize
contentaccordingtotheirsemanticsandtocreateandmaintaintheknowledgebase.Indeed,
according toservicescienceperspective,customersareconsideredasco-producersorvalue
co-creators.Therefore,theknowledgebasecontainstheknowledgeforcustomers(focusingon
knowledgeaboutproductsandservices),knowledgefromcustomers(focusingontheinteraction
betweencustomers,theorganizationandsocialnetworks),andknowledgeaboutthecustomer
(focusingoncustomerprofiles,segmentation,andactivityhistory).Concerningthebusiness
environment, theknowledgebasealsoconcerns theknowledgeabout technologies,partners,
suppliers,competitors,policiesandlaws;

• The KaaS Layer:Fromatechnicalperspective,thesystembuiltuponSOA(Service-oriented
architecture)principlesisconstitutedfromtheservicesasmentionedearlier.Theyaredefinedby
adescriptionlanguagewithcallableinterfacestosupportbusinessprocessesandareimplemented
indifferent programming languages.As a result,we found an appropriate technology,Web
services(WS),includingRESTfulWebservices,suitingtotheimplementationoftheknowledge
services.Webservicesarethemostpopularandwell-knowntechnologytoimplementSOA,
bothintheindustryandtheacademia(Chollet&Lalanda,2011).Knowledgeobjectsarebuilt
basedoncustomers,products,services,technologies,partners,suppliers,competitors,policies
and laws (know-what), activities (know-how) and understanding of the situation related to
customers,suppliers,products,servicesandtheiractivities(know-why).Servicesatthislayer
aimatcreatinganewknowledgeobject,modifyingpropertiesandrelationshipsofaknowledge
object,orconsultingcontentresourcesofknowledgeobjects;

• The BPaaS Layer: The primary mechanisms for knowledge applications can be directives
andorganizationalroutines.Directivesrefertothespecificsetofrulesdevelopedthroughthe
conversionof tacitknowledgetoexplicitknowledgeforefficient;meanwhile,organizational
routinesrefertothedevelopmentofprocessspecificationsthatallowsindividualstoapplyand
integratetheirspecializedknowledgewithouttheneedtocommunicatewhattheyknowtoothers
(LeDinhetal.,2013).ThankstotheexperimentationwithMBAstudents,asetofscorecards
and KPIs (Key Performance Index) have been developed to help enterprises to build their
directives.Forthetimebeing,theusecasefocusesonthebusinessprocessessuchasbusiness
development, and sales and marketing process and then to use the workflow application to
supporttheautomatizationoforganizationalroutines(Minor,Tartakovski,&Schmalen,2008),
whichisbasedontheservicesattheBPaaSlayersuchasdecision-makingandcontrolservices.
Besides, therationalizationoforganizationalroutinesaswellastheintegrationofdirectives
intoprocessestofacilitateorganizationallearningandintelligentcapitaldevelopmentcanbe
carriedoutthankstotheknowledgediscovery,collaboration,andlearningservices.Forinstance,
theknowledgediscoveryserviceallowstoaskawhat-questiontofindinformationrelatedtoa
knowledgeobject,toaskahow-questiontoknowhowtouseafunctionortocarryoutanactivity,
ortoaskawhy-questiontounderstandaparticularsituation.

CONCLUSION

Intheeraofbigdata,oneofthemostimportantcharacteristicsofknowledgemanagementsystems
(KMSs) shouldbebigdata-driven to leverageall availabledataasacompetitiveadvantage.We
presented a service-oriented architecture for implementing big-data driven KMSs (BDD-KMS).
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Accordingtoourknowledge,itisoneofthefirstservice-orientedarchitecturesthatconcentrates
onreconciliationofbigdataandKMSstofacilitateorganizationallearningandco-creationprocess
basedontheconceptofknowledgeobjects.ComparedwiththerelatedworksuchasCerchione&
Esposito(2017),X.Wangetal.(2015),Olivoetal.(2016),ourapproachnotonlyconcentrateson
theIT-basedlevelbutalsoonthewholeknowledgemanagementprocess.

Ourapproachaimsataddingmorebusinessvaluefrombigdataandatfacilitatingknowledge
development,co-creation,andorganizational learning.Bigdatahas transformedenterprises into
data-drivenorganizations,whichrequirethefoundationtotransformdataintoknowledge,optimize
decisions, and maximize profits. The approach helps data-driven organizations to build a new-
generation of KMSs based on the service-oriented perspective that supports the organizational
knowledgedevelopmentprocess,andtheunificationofknowledgederivedfromdiverse(big)data
sources.Byapplyingservice-orientedprinciples,anorganizationcanmanageandgovernbusiness
anddigitaltransformation,settingthemapartfromtheircompetitors.Thebenefitsincludeseamless
integration,cloudenabledsolutions,holisticbusinessinsightandorganizationalagility.Inparticular,
the approach can help SMEs, which have limited resources, to develop their own BDD-KMS
architecturebasedonopen-sourcesystemsandcloud-basedservicestoobtainmorebusinessvalue
frombigdata.

Theevaluationof theproposedarchitecture isstill limited in theacademicenvironment,we
intendtoperformotheranalyticaldesignevaluationssuchasoptimizationalanddynamicanalysisto
evaluatetheefficacyofthearchitectureinthefuture.Currently,anongoingprojectisbeingcarriedout
todeployanarchitecturefortheQuebecwineassociationsandsomeselectedmembersforbusiness
environment scanning and customer knowledge management. This project uses the BDD-KMS
approachtobuildaBDD-KMSbasedonCloud-nativeSparkandthenintegratesthissystemwith
otherinformationsystemsandservicestocaptureandorganizeenvironmentandcustomerknowledge
inacoherentway.Afterthisevaluation,webelievethattheproposedarchitecturecanbeusedwidely
todevelopanddeploytheBDD-KMSsinpractice.

Finally,therearesomecriticalresearchdirectionstoincreasethebusinessvalueofourBDD-
KMSapproach:Aworkflowengineforautonomousandrun-timeexecutionofbusinessprocesses
intheBPaaSlayeranduser-centriccontextawareservicesco-operatingwiththisworkflowengine.
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