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ABSTRACT

Everysingleday,amassiveamountofdataisgeneratedbydifferentmedicaldatasources.Processing
thiswealthofdataisindeedadauntingtask,anditforcesustoadoptsmartandscalablecomputational
strategies,includingmachineintelligence,bigdataanalytics,anddataclassification.Theauthors
canusetheBigDataanalysisforeffectivedecisionmakinginhealthcaredomainusingtheexisting
machinelearningalgorithmswithsomemodificationtoit.Thefundamentalpurposeofthisarticle
istosummarizetheroleofBigDataanalysisinhealthcare,andtoprovideacomprehensiveanalysis
ofthevarioustechniquesinvolvedinminingbigdata.ThisarticleprovidesanoverviewofBigData,
applicabilityofitinhealthcare,someoftheworkinprogressandafutureworks.Therefore,inthis
article,theuseofmachinelearningtechniquesisproposedforreal-timediabeticpatientdataanalysis
fromIoTdevicesandgateways.
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1. INTRoDUCTIoN

TheInternetofThings(IoT)isacomputingconceptthatdescribesafuturewhereeverydayphysical
objectswillbeconnectedtotheInternetandbeabletoidentifythemselvestootherdevices.This
paperpresentsareviewofliteratureonthesubjectoftheIoTtechnologiesandtheirapplications
domainsandthefuturisticresearchareas.Severalresearchstudieshaveaddressedanddevelopedthis
topicwithdetailedstudiessynthesisaboutthefieldsofapplicationofinternetofthings,andgeneral
visions(Gubbi,Buyya,Marusic,&Palaniswami,2013).Otherpaperssummarizetheapplications
ofIoTin thehealthcare industryandidentify theintelligentizationtrendanddirectionsoffuture
researchinthisfield(Yin,2016).

Overthelasttwodecades,wehaveseenanenormousamountofgrowthindata.Thedatahas
beendoublingeverytwoyearssince2011.Asaresultofthistechnologicalrevolution,bigdatais
becominganimportantissueinthesciences,governments,andenterprisesincreasingly.BigData
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isadataset,whichisdifficulttocapture,store,filter,share,analyzeandvisualizeonitwithcurrent
technologies(Young,Min,Wenixa,&Depeng,2015).

Byunderstanding,processingandutilizingtheknowledgeandinformationhiddeninBigData
concerninghealthissuesanddiseasetrendsincertainpopulation,wecanfindsolutions,withwhich,
wecan live longerandhealthier (Lloret,Parra,Taha,&Tomás,2017,2017).Bigdataanalytics
improvehealthcareinsightsinmanyaspectsshowninFigure1.

BenefitstoPatients:BigDatainhealthcareisbeingusedtopredictepidemics,curedisease,
improvequalityoflifeandavoidpreventabledeaths.Withtheworld’spopulationincreasingand
everyonelivinglonger,modelsoftreatmentdeliveryarerapidlychanging,anddataaredrivingmany
ofthedecisionsbehindthosechanges.Bigdatacanhelppatientsmaketherightdecisioninatimely
manner.Frompatientdata,analyticscanbeappliedtoidentifyindividualsthatneed“proactivecare”
orneedachangeintheirlifestyletoavoidhealthconditiondegradation.Forexample,patientsinearly
stagesofsomediseases(e.g.,heartfailureoftencausedbysomeriskfactorssuchashypertensionor
diabetes)shouldbeabletobenefitfrompreventivecarethankstoBigdata.

BenefitstoResearchersandDevelopers(R&D):R&Dcontributetonewalgorithmsandtools,
suchasthealgorithmsbyGoogle,Facebook,andTwitterthatdefinewhatwefindaboutthehealth
system.Google,forinstance,hasappliedalgorithmsofdataminingandmachinelearningtodetect
influenzaepidemicsthroughsearchqueries.R&Dcanalso:Enhancepredictivemodelstoproduce
moredevicesandtreatmentforthemarket,andcangivestatisticaltoolsandalgorithmstoimprove
theclinicaltrialdesignandpatientrecruitmenttobettermatchtreatmentstoindividualpatients,thus
reducingtrialfailuresandspeedingnewtreatmentstomarket.

BenefitstohealthcareProviders:cananalyzediseasepatternsandtrackingdiseaseoutbreaks
andtransmissiontoimprovepublichealthsurveillanceandspeedresponse,Turninglargeamountsof
dataintoactionableinformationthatcanbeusedtoidentifyneeds,provideservices,andpredictand
preventcrises,Captureandanalyzeinreal-timelargevolumesoffast-movingdatafromin-hospital
andin-homedevices,forsafetymonitoringandadverseeventprediction,alsoproviderscanApply
advancedanalyticstopatientprofilestoidentifyindividualswhowouldbenefitfromproactivecare
orlifestylechanges,forexample,thosepatientsatriskofdevelopingaspecificdisease(e.g.,diabetes)
whowouldbenefitfrompreventivecare(Sendra,Parra,Lloret,&Tomás,2018).

Therisingcostsofhealthcareandtheincreasingavailabilityofnewpersonalhealthdevicesare
theingredientsofthevisionoftheIoTintheconnectedhealthcare.Thevisionofconnectedhealthcare

Figure 1. Benefits in healthcare
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isgrowingbecauseoftheavailabilityofnewtechnologicaltools.BytheapplicationoftheIoTand
newtechnologies,itispossibletocreateahealthapplicationthatappearseverymorningtorequest
readingthelevelofglucoseinthebloodandcollectsdatafromthepatientautomatically(Bennett,
Savaglio,Luetal.,2014).Inthevisionofconnectedhealthcare,patientsarethosewhotakecontrol
oftheirhealthandbeingingoodphysicalandmentalhealthduetothisapplication.Inaddition,
thisleadstoagoodresponsibilityandcontrolofheathbyallowingarealscenariofortheIoTin
healthcare.IoTwillhelpdoctorstorespondquicklyinemergenciesandallowthemtocooperatewith
internationalhospitalstotrackthestatusofapatient.TherearealsootherapplicationsofIoTsuch
aspatientidentification;thisapplicationaimstoreduceadverseeventsforpatients,maintenanceof
comprehensiveelectronicmedicalrecords(Rghioui,Sendra,Lloret,&Oumnad,2016).

Thecontourofthecontributionsofthispapercomparedtootherdocumentsfromthefieldsurvey,
thissurveyprovidesadeepersummaryoftheBigDatainHealthcare,whichallowsustoknowwhat
thevalueofBigDataanalyticsinHealthcareisindetails.Wealsopresentthedifferentalgorithms
ofdataclassificationinhealthcarefields.

Theremainderofthisarticleisstructuredasfollows:SectionIIpresentsandexplainingother
surveysonbigdata inHealthcare.Section IIIcontainsconceptofBigData inhealthcare, their
technologies, architecture, and applications. The Big Data tools and platforms are discussed in
SectionIV,sectionVpresenttheBenefitsofBigDatatoHealthcare.HealthCareBigDataSources
aredescribedinSectionVI,andSectionVIIexplainsBigDataInitiativesinHealthcare.Wewillthen
presentourusecaseinDataClassificationwithWekatool.Finally,someremarksconcludethepaper.

2. RELATED woRK

Inthispart,wearegoingtoshowthemainresearchareasconsideredbymostsurveyspublishedin
thefieldoftheInternetofThingsandBigDatainHealth-care.

TherearemanyrelatedworksintheliteratureaboutBigDataandIoTandtheirusefulapplications
inmanylifeaspectsincludinghealthcare.Notneglectingtheimportantissueofclassificationdata,a
predictiveBigDataanalyticsinHealthcareisproposedin(Reddy&Kumar,2016).Thispapergives
anoverviewofstoringandretrievalmethods,BigDatatools,andtechniquesusedinhealthcareclouds.

ThereareseveraldocumentspublishedsurveycoveringdifferentaspectsofBigDatatechnology.
For example, the survey by (Thara, Premasudha, Ram, & Suma, 2016) presents the review of
variousresearcheffortsmadeinhealthcaredomainusingBigDataconceptsandmethodologies.In
(Wang,Kung,&Byrd,2018),theauthorsexaminethehistoricaldevelopment,architecturaldesign
andcomponentfunctionalitiesofbigdataanalytics.In(Dogaru&Dumitrache,2017),theauthors
presentbigdatafromtheperspectiveofimprovinghealthcareservicesandoffersaholisticviewof
systemsecurityandfactorsdeterminingsecuritybreaches.Abaselineforassessingtherapidgrowth
oftheimplementationofbigdataanalyticsintohealthcareandlifescienceaspectsthatassistsin
theunderstandingthebigdataapplicationsanditsimpactspresentedin(Zayeri,2017).In(Moreira,
Rodrigues,Furtadoetal.,2018),theauthorsuseofamachinelearningtechnique,knownasaveraged
one-dependenceestimators,isproposedforreal-timepregnancydataanalysisfromIoTdevicesand
gateways.Theauthors(Sterling,2017)provideanoverviewofbigdataanalyticsforhealthcare.

The IoTbig-data management andknowledge discovery is a key research challenge for the
real-timeindustrialautomationapplications.Therefore,westudysomeexistingsystem,models,or
frameworksthatareimplementedinIoTbig-datamanagementandknowledgediscoveryperspective.
The IoT big-data management includes several managerial activities such as data collection,
integrations,cleaning,storage,processing,analysis,andvisualizationsthathavebeenimplemented
throughvarioussystems,models,andframeworks(Zhou,Hu,Wang,Lu,&Zhao,2013)(Mozumdar,
Shahbazian,&Ton,2014).

Inaddition,(Lee,2017)sharesomesuccessesinhealthcare,defense,andservicesectorapplications
through innovation inpredictiveandbigdataanalytics through themodelingandcomputational
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advancesinintegerprogramming.Aframeworktohelporganizeandguidetheunderstandingofthe
applicationofbigdatatechnologiesforprocessinghealthandhealthcaredatapresentedin(Sheeran
&Steele,2017).Examinationoftheconceptofbigdatainhealthcare,itsbenefits,andattendant
challengesandimplementationofbigdatainhealthcarepresentedin(Olaronke&Oluwaseun,2016).
Aprobabilisticdatacollectionmechanismandthecorrelationanalysisofthosecollecteddataisgiven
by(Sahoo,Mohapatra,&Wu,2016).TheuseofArtificialNeuralNetworks(ANN)modelbasedon
clinicalandbiochemicalvariablesinpatientswithmoderatetoseveretraumaticinjury.Ispresented
in(Gholipour,Rahim,Fakhree,&Ziapour,2015).In(Moudani,Hussein,AbdelRazzak,&Mora-
Camino,2014),aproficientmethodologyfortheextractionofsignificantpatternsfromtheCoronary
HeartDiseasewarehousesforheartattackpredictionhasbeenpresented,andtheyproposetovalidate
theclassificationusingMulti-classifierdecisiontreetoidentifytheriskyheartdiseasecases.

Theworkin(Gazal&Kaur,2015)givesabriefresearchdirectionindatamanagementand
knowledgediscoveryprospectiveinIoTbig-datamanagementplatform,inwhichthreeactivitiesare
mainlyassociated,thatis,dataassociation,inference,andknowledgediscovery.

3. BIG DATA IN HEALTHCARE

DougLaney,ananalystofMETA(presentlyGartner),definedchallengesandopportunitiesbrought
aboutbyincreaseddatawitha3Vsmodel.(Gartner,2012)(Figure2).

Inthe“3Vs”model,Volumemeans,withthegenerationandcollectionofmassesofdata,data
scalebecomesincreasinglybig;Velocitymeansthetimelinessofbigdata,specifically,datacollection
andanalysis,mustberapidlyandtimelyconducted;Varietyindicatesthevarioustypesofdata,which
includesemi-structuredandunstructureddatasuchasaudio,video,webpage,andtext,aswellas
traditionalstructureddata.

Weexplainthemeaningsofthe3VsthatcharacterizeBigDataandmotivatetheirrelevanceto
healthcaredata:

• Volume:Healthcaredatagrowsdramatically.Healthcaresystemsdatarequireterabytesand
petabytes.Thesesystemsincludeinformationsuchaspersonalinformation,radiologyimages,
personalmedicalrecords,3Dimaging,genomics,andbiometricsensorreadings.Healthcare
systemscannowhavethepotentialtomanageandanalysethiscomplexdatastructure.Thanksto

Figure 2. Big Data: The three V’s
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theuseofcloudcomputing,manipulation,storageanduseofsuchacomplexdataisnowmade
possible.AccordingtoKPMGreport,thevolumeofhealthcaredatareached150Exabyte’sin
2013,anditisincreasingataprominentrateof1.2-2-4Exabyte’sayear;

• Variety:Healthcaredatasourcesandcomplexity,thisdimensionrepresentsabigchallenge
because of the variety of data: structured, unstructured and semi-structured. Structured
information,suchasclinicaldata,areeasytomanipulate,storeandanalysebymachine.However,
mostofhealthcaredata,suchasofficemedicalrecords,doctornotes,paperprescriptions,images,
andradiographfilms,areunstructuredorsemi-structured.Themostchallengingaspectofbig
datainhealthcareconsists-of-combiningtraditionaldatawithnewformsofdatatogetthecloser
totherightsolutionforaspecificpatient;

• Velocity:Bigdataanalyticstheinformationstoredinhealthcaresystemsisoftencorrect,but
notalwaysevenifitisupdatedonaregularbasis.Thus,bigdatamustberetrieved,analysed
andcomparedtomaketimeandaccuratedecisionsbasedonreal-timedataprocessing.Lifeor
deathofpatientscanrelyonrealtimedata.Therefore,bigdataanalyticsmustbedonetoprevent
anddetectinfectionsasearlyaspossibletomakebetterdecisionsandconsequentlysavelives.

Bigdatahasadvancednotonlythesizeofdatabutalsocreatingvaluefromit.Inotherwords,
bigdata,thatbecomesasynonymousofdatamining,businessanalyticsandbusinessintelligence,
hasmadeabigchangeinBIfromreportinganddecisiontopredictionofresults.Inhealthcare,this
valuecanbetranslatedintounderstandingnewdiseasesandtherapies,predictingoutcomesatearlier
stages,makingreal-timedecisions,promotingpatients’health,enhancingmedicine,reducingcost
andimprovinghealthcarevalueandquality(Stankovic,2014).

3.1. Existing Technologies
TheBigDatatechnologiesinvolvecommercialandopensourceplatformsandservicesforstorage,
security,accessandprocessingofdata,manyofthemarebasedonthewidelyusedopen-source
Hadoopframework.Itisanopen-sourceframeworkdesignedtodealwithlarge-scaledatausingclusters
ofcommodityhardware.Itconsistsofadistributedstoragecomponent:HadoopDistributedFile
System(HDFS)andaprocessingcomponent:MapReduceprogrammingmodel.HadoopDistributed
FileSystem(HDFS)isadistributedfilesystemanddataenginedesignedtohandleextremelyhigh
volumesofdatainanystructure.HadoopisanindependentJava-basedprogrammingframeworkthat
enhancesthecomputationoflargedatasetsinadistributedcomputingenvironment.Hadoophastwo
components(Narayan,Bailey,&Daga,2012):

• Hadoopdistributedfilesystem
• MapReduce

HDFSisadistributedfilesystemthatprovideshigh-performanceaccesstodatadistributedin
Hadoopclusters.LikeothertechnologiesrelatedtoHadoop,HDFShasbecomeakeytoolformanaging
BigDatapoolsandsupportinganalyticapplications.HDFSisusuallydeployedonlow-costso-called
convenienceservers.Breakdownsarefrequent.Thefilesystemisthereforedesignedtobeextremely
fault-tolerant,whilefacilitatingfastdatatransferbetweensystemnodes.WhenHDFScollectsdata,
thesystemsegmentstheinformationintoseveralbricksanddistributesthemonseveralnodesof
thecluster,whichallowsparallelprocessing.Thefilesystemcopieseachdatabrickseveraltimes
anddistributesthecopiesoneachofthenodes,placingatleastonecopyonaseparateserverinthe
cluster.Asaresult,thedata,storedonfailednodes,canbefoundelsewhereinthecluster.Treatment
cancontinuedespitethebreakdown.HDFSisdevelopedtosupportapplicationswithlargevolumes
ofdata,suchasindividualfileswhosequantitycanbecountedinterabytes(Ilakiyaa&Nalini,2017).

MapReduce is one of the most adopted frameworks in the field of batch processing, is a
programming model in which a MapReduce program can have two functions: the map and the
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reduction,whichrequiresmovingdataacrossthenodes.Themapandthereduction,eachdefining
amappingofonesetofkey-valuepairstoanother.MapReduceisanefficientsolutionforone-pass
computationbutwhenitcomestomulti-passcomputation,MapReduceisinefficientduetothehigh
latencyofdiskoperations.MapReduceprogramscanbewritteninvariouslanguages;Java,Ruby,
Python,andC++.Thesefunctionsworkthesameforanydatasize,buttheexecutiontimedepends
onthedatasizeandtheclustersize.Increasingdatasizecausesincreasedexecutionandincreasing
clustersizedecreasestheexecutiontime(Shah,Shukla,&Pandey,2016).

3.2. Big Data Architecture
In this section, we present the proposed Big Data architecture as shown in Figure 3. Given
thechallengesofBigDataanalysis, thereisaclearneedtoaggregateandorganizethisdata
tofacilitateanalysis.Tothisend,theproposedarchitectureisdesignedtomakethisanalysis
simpler,allowingfor focusonanalytics rather thandatamanagement,storageandcollection
(Din,Ghayvat,Pauletal.,2015):

• Data collection:Datacollectionistoutilizespecialdatacollectiontechniquesincludingdata
sensingusingmedicalsensors,dataacquisition,anddatabuffering.toacquirerawdatafroma
specificdatagenerationenvironment;

• Data storage:Thestoragesystemfunctionsasadecisionmodelintheproposedscheme,because
thestoragesystemcheckswhetherthedataisreal-timedataorofflinedata.

Inthecaseofreal-timedata,thedataistransmittedtoafiltrationsystem.Filtrationrequiresa
specialalgorithmthatfiltersthedata,soitisnecessarytopre-processthedatasincethereal-time
dataarrivesquicklyinthesystem.Therefore,thefiltrationsystemhelpseliminateunwanteddata.
Apparently,ifthedataisofflinedata,thedataissenttothestorageserver.Thestorageserverisused
tostoreamassivevolumeofdata.Thestorageserverperformsthefollowingtasks:

• Provideserverstoragecapabilities;
• Sharingthemassiveamountofdata;
• Equaldistributionofdatabetweendifferentprocessingservers;
• Queuingofprocessingefficiencyimprovingdata.

Figure 3. Big data architecture
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• Data processing:Isafundamentalcomponentthatreceivessequencefilesfromthecollection
unit.Itprocessesthedatawhileperformingnecessarystatisticalcalculationsbasedonthenature
of the data. For Big Data, to accomplish high efficiency, the overall data are disassembled
intosmallpieces,andeachofthepiecesisseparatelyprocessedinparallelusingHDFSand
MapReduce.Therefore,inordertoenableeffectivedataanalysis,weshallpre-processdataunder
manycircumstancestointegratethedatafromdifferentsources,whichcannotonlyreducestorage
expensebutalsoimproveanalysisaccuracy;

• Data analysis:Dataanalysisisthefinalandthemostimportantphaseinthevaluechainofbig
data,withthepurposeofextractingusefulvalues,providingsuggestionsordecisions.Thislayer
deliversconnectivitytotheend-usertoaccessvariousfacilities,suchashospitals,emergency
treatment.Furthermore,doctorscanalsomonitorthepatientbycontinuousanalysisofhisor
hermedicalhistory.Theseservicesenableadoctortoconnecttoafacilitytoobtainapatient’s
presenthealthstatus.

Differentlevelsofpotentialvaluescanbegeneratedthroughtheanalysisofdatasetsindifferentfields.

4. BIG DATA PLATFoRMS

TherearethousandsofBigDatatoolsoutthere,wehavecompiledalistofafewofdatatoolsinthe
areasofextraction,storage,cleaning,mining,visualizing,analysingandintegrating.Herearethe
topopensourcetoolsforbigdata.

Table 1 gives the different platforms and corresponding tools in handling the big data
(import.io,2015).

There are other tools used in large data, namely Hortonworks, hypertable, CouchDB, Grid
Gain.Itisusedtoimprovethevariousfactorsinthedevelopmentoflargedataandfunctionalityof
acomputersystem.

BelowiscomparisonTable2,consistingofvariousBigDatatoolsandthekeyfeaturesorfacilities
theysupport.WenotethatallBigDatatoolsareopensourceexceptCloudera,asallthesetoolsare
scalable,soitdiffersjustwiththeprogramminglanguageanddatastorageformat.

5. HEALTHCARE BIG DATA SoURCES

Healthcarebigdataisarevolutionarytoolinthehealthcareindustryandisbecomingvitalincurrent
patient-centriccare.Diversedatasourceshavebeenaggregatedintothehealthcarebigdataecosystem.
Thesedatasourcesarediscussedbelow:

1. Physiological data:Thesedataarehugeintermsofvolumeandvelocity:
a. Volume:Avarietyofsignalsiscollectedfromheterogeneoussourcestomonitorpatient

characteristics,includingbloodpressure,bloodglucose,andheartrate;
b. Velocity:Thegrowthrateofdatagenerationfromcontinuousmonitoringrequiresthesedata

tobeprocessedinreal-time,fordecision-making.Efficientandcomprehensivemethods
arealsorequiredtoanalyzeandprocessthecollectedsignalstoprovideuseabledatatothe
healthcareprofessionalsandotherrelatedstakeholders;

2. EHRs:Orelectronicmedicalrecords(EMRs)aredigitizedstructuredhealthcaredatafroma
patient.TheEHRsarecollectedfromandsharedamonghospitals,andinsurancecompanies.
Security,integrityandprivacyviolationsofthesedatacancauseirremediabledamagetothe
health,orevendeath,oftheindividualandlosstosociety.Thus,bighealthcaredatasecurityis
nowakeytopicofresearch;
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3. Medical images:Theseimagesgenerateahugevolumeofdatatoassisthealthcareprofessionals
foridentifyingordetectingdisease.MedicalimagingtechniquessuchasX-rayscanplayacrucial
roleindiagnosis.Owingtothecomplication,dimensionalityandnoiseofthecollectedimages,
efficientimageprocessingmethodsarerequiredtoprovideclinicallysuitabledataforpatientcare;

4. Sensed data:Collectedfrompatientsusingdifferentwearableorimplantabledevices.Sensed
datamustbecollected,pre-processed,stored,sharedanddeliveredcorrectlyinareasonabletime
tobeofusetohealthcareproviderswhenmakingclinicaldecisions.Itisachallengetocollect
andcollatemultimodalsenseddatafrommultiplesourcesatthesametime;

5. Clinical notes: Its claims, recommendations, and decisions constitute one of the largest
unstructured sources of healthcare big data. Owing to the variety in format, reliability,
completeness,andaccuracyoftheclinicalnotes,itischallengingtoensurethehealthcareprovider
hasthecorrectinformation.Efficientdataminingandnaturallanguageprocessingtechniques
arerequiredtoprovidemeaningfuldata.

Table 1. Platforms and tools for big data

Platform/Tool Description

HadoopDistributed
FileSystem(HDFS)

Hadoophasthepotentialtoprocessextremelylargeamountsofdatamainlybyallocating
partitioneddatasetstonumerousservers(nodes)

MapReduce

OriginallydevelopedbyGoogle,asoftwareframeworkfordistributedprocessingoflargedata
setoncomputingclustersofcommodityhardware.MapReduceprovidestheinterfaceforthe
distributionofsub-tasksandthegatheringofoutputs,thesequenceofthenameMapReduce
implies,thereducejobisalwaysperformedafterthemapjob.

Cassandra
DevelopedbyFacebook,andbuiltonAmazonDynamoandGoogleBigTable,it’sdesignedto
handlelargeamountsofdataacrossmanycommodityservers.Itworksondistributedservers
whereitrequiresreliableserviceandnofailure.

MongoDB

Across-platformdocument-orienteddatabasethatsupportsdynamicschemadesign.It’sa
NoSQLdatabasewithdocument-orientedstorageandfullindexsupport.MongoDBcanbeused
asafilesystem.It’sgoodformanagingdatathatchangesfrequentlyordatathatisunstructured
orsemi-structured.

Zookeeper

Opensourceserviceformaintainingandconfigurationserviceforlargedistributedsystems.
ZooKeeperprovidesaninfrastructureforcross-nodesynchronizationandcanbeusedby
applicationstoensurethattasksacrosstheHadoopclusterareserializedorsynchronized.A
ZooKeeperserverisamachinethatkeepsacopyofthestateoftheentiresystemandpreserves
thisinformationinlocallogfiles.

Hive

HivewasinitiallydevelopedbyFacebookbutisnowbeingusedanddevelopedbyother
companieslikeNetflixandAmazon.ItisaquerylanguageitrunsonHadooparchitecture,their
creation,calledApache®Hive™,allowsSQLdeveloperstowriteHiveQueryLanguage(HQL)
statementsthataresimilartostandardSQLstatements,butitisbuiltontopofHadoopand
MapReduceforprovidingdatasummarization,query,andanalysisoperationswithseveralkey
differences.

Cloudera

ClouderacreatesacommercialversionofHadoopwithsomeadditionalservices.Theycan
helpyourbusinesscreateacorporatedatacentersothatpeopleinyourorganizationcanaccess
thedatayoustore.Clouderaismainlyandabusinesssolutiontohelpcompaniesmanagetheir
Hadoopecosystem.AlthoughHadoopisafreeandopensourceprojectforstoringlargeamounts
ofdataoninexpensivecomputingservers,thefreeversionofHadoopisnoteasytouse.

HBase

Traditionaldatabasesarerow-orienteddatabasemanagementsystemsbutHBaseisacolumn-
oriented.HBaseprovidesrandom,realtimeaccesstoyourdatainHadoop.Itisknownfor
providingstrongdataconsistencyonreadsandwrites,whichdistinguishesitfromotherNoSQL
databases.ItcombinesthescalabilityofHadoopbyrunningontheHadoopDistributedFile
System(HDFS),withreal-timedataaccessasakey/valuestoreanddeepanalyticcapabilitiesof
MapReduce.
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6. BIG DATA INITIATIVES IN HEALTHCARE

ThereareseveralinitiativesutilizingthepotentialofBigDatainhealthcare.Someoftheexamples
arelistedbelow:

• Asthmapolis:Launchedin2010tohelpfindasolutionbyleveragingtheadvancesinsensor
technology(andthereducedcostsofproducingsaidsensors)andmobiledatamonitoringtohelp
peoplemanagetheirasthmamoreeffectively,inturnreducingthecostsbothforthosesuffering
fromasthmaandfortheU.S.healthcaresystemitself.

Whenapatientissufferingfromanasthmaattackandisrequiredtousehisorherinhaler,the
littledevicerecordsthetimeandplacethattheinhalerwasusedandtransmitsthisinformationto
awebsite.ThisdataisthencombinedwithinformationavailablethroughtheCenterforDisease
Control(CDC).

• Battling the Flu:TheBigDataanalysishasbecomeaweaponfortheCDCtofighttheflu,
whichclaimsmillionsoflivesayear.Eachweek,theCDCreceivesover700,000reportson
influenza.These reports includedetails about thedisease, the treatment thatwasgivenand
whetherthetreatmentwasunsuccessful.TheCDChasmadethisinformationavailabletothe
generalpublicunderthenameFluView,anapplicationthatorganizesandanalyzesthisvast
amountofdatatogivedoctorsaclearerpictureofthespreadofthediseaseinnearreal-time.In
additiontoprovidingthepreciselocationofpatientswhoarestrugglingwiththeflu(Marjani,
Nasaruddin,Ganietal.,2017);

• GNS Healthcare and Aetna:GNSHealthcareisaprivatelyhelddataanalyticscompanybased
inCambridge.Hascome togetherwith thehealth insurancecompanyAetna tohelpcombat
peopleatriskoralreadywithmetabolicsyndromes.Foundedin2000byCornellphysicistsColin
HillandIyaKhalil,GNSHealthcareusesproprietarycausalBayesiannetworkmodelingand
simulationsoftwaretoanalyzedataforclientsinthepharmaceutical,biotechnology,healthcare
provider,healthinsurance,pharmacybenefitmanagementandhealthinformaticsindustries;

• Diabetes and Big Data:Diabetesisamajorpublichealthproblemaffectingmorethan400
millionpeopleworldwideandcauses1.5milliondeathseachyear,accordingtotheWorldHealth
Organization(WHO).Withmorethan9%oftheadultpopulationnowlivingwithdiabetes,the
recentWHOWorldDiabetesReportcallsformoreinitiativestoimprovethemanagementand

Table 2. Big data tools comparison table

Big Data Tool Open 
Source

Programming 
Language Scalable Data Storage Format

HadoopDistributedFileSystem
(HDFS) Yes Java Yes Structured/Semi-Structured

MapReduce Yes Java/C#/C++ Yes Structured

Cassandra Yes Java Yes Structured/Semi-Structured/
Unstructured

MongoDB Yes C++ Yes semi-structured/unstructured

Zookeeper Yes Java Yes Structured

Hive Yes SQL Yes Structured/Unstructured

Cloudera No Python Yes Semi-Structured

HBase Yes ManyLanguage Yes Structured
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treatmentofthisdisease.DiabetespatientscanalsobenefitfromtheBigDatarevolutioninhealth
care.AcompanynamedCommonSensinghasproducedGoCap,acapforprefilledinsulinpens
thatcannotonlyrecordtheamountofinsulinadministereddailybutalsothespecifictimesthe
dosageswereadministered.Thisinformationisthentransmittedeithertoamobilephonewhere
anapplicationrecordsthisdataortoaconnectedglucometer.Thisdataistheneasilyavailable
tohealthcareprofessionalsandallowsthemtoidentifyproblemsbeforetheybecomesevereand
totweakdosagesifrequired;

• USC Medical Monitor:ComputerscientistsattheUniversityofSouthernCalifornia(USC)
are teamingupwithneurologists,kinesiologists andpublichealthexperts to fight against
Parkinson’sdisease.Theteamusesvariousdevicestotrackthemovementofthepatientand
gatherlargeamountsofdataincludingdatafrom3DsensorsofMicrosoftKinect,patient’s
smartphone,andadditionalbodysensors.Thenthedataisfedintoanalgorithmthatanalyzes
thedatatoidentifyanysignificantchangesinmovementandmonitordiseaseprogressionand
theeffectivenessoftreatmentsinreal-time.”Theteamhopestoextendthistechnologybeyond
Parkinson’sdiseaseinthefuture.

7. CLASSIFICATIoN DATA IN HEALTHCARE

Dataclassificationisaprocesswithmanytypesofexistingdatasetsforanalysis,thedevelopment
ofclassificationtechnologyhasmadegreatachievements.Ingeneral,wecanclassifytheminto
twocategories:oneistheuseofstatisticalprinciples,suchasKNN,supportvectormachine,
regressionmodel,maximumentropymodelBayesiannetworksandothermethods;Anotheris
basedontheprincipleofclassifyingcertainrules,suchasroughsettheory,associationrules,
anddecisiontreesandsoon.

Diabetescomesfromnocommunicablediseases(NCDs),andmanypeoplesufferfromthem.
Nowadays, for developing countries like Morocco, diabetes has become a big health problem.
Diabetesisoneofthecriticaldiseasesthathasassociatedlong-termcomplicationsandalsofollows
withvarioushealthproblems.Withthehelpoftechnology,it isnecessarytobuildasystemthat
storesandanalyzesdiabetesdataandtopredictpossiblerisksaccordingly.Thisworkwillbeableto
predictwhattypesofdiabetesareprevalent,futurerisksrelatedanddependingonthelevelofrisk
ofthepatient,thetypeoftreatmentcanbeprovided.

TherearesixmainclassificationmodelsintegratedinrecentWekatools;namely,decisiontree,
ripperrule,neuralnetworks,naiveBayes,k-nearestneighborandsupportvectormachine:

1. DecisionTree(J48)isoneofthetreeclassificationtechniquesinwhichaparticulartreewillbe
generatedasattributes,leavesasclassesandedgesastestresults;

2. RipperRule(JRIP)isusedtogeneratevariousrulesbyaddingrepetitivedatasetsuntiltherules
coveralldataconfigurationsaccordingtothesetoflearningdata.Inaddition,oncealltherules
aregenerated,someofthemwillbemergedtoreducethesize;

3. Neural Networks (MLPs - Multilayer Perceptron) have a distinctive feature as a three-layer
feed-forwardneuralnetwork:aninputlayer,ahiddenlayer,andanoutputlayer.Inordertolink
eachnodeineachlevel,itmayincludeadditionalweighttoproperlyadjustthetraversingpath
selectionprocess;

4. NaïveBayesisderivedfromBayes’theorembyapplyingtheprobabilisticlearningknowledge
forclassification,assumingthatthepredictiveattributeisconditionallyindependentaccording
toeachindividualclass;

5. k-Nearest-Neighbor(IBK)isusedtoperformtheclassificationconsideringksubsetsofdata,
eachofthemhassimilarcharacteristicsbyapplyingtheEuclideandistancetounderstandthe
group,andhere,IBKistheoneofthek-Nearest-Simplified-NeighborClassifiers;
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6. VectorSupport(SequentialMinimalOptimization(SMO))isbasicallyalinearclassifier(two
classes)used todetermine the largestdistancebetween twosets,andSMOis theminimum
sequentialoptimizationalgorithmforSVMtrainingusingpolynomialorGaussiankernels.

7.1. Use Case
Continuousglucosemonitors(CGMs)generatedatastreamsthathavethepotentialtorevolutionize
thepossibilitiesofreducingextremebloodglucoselevels(BGs)thatcharacterizebloodsugarlevels
indiabetesmellitus.Thesedata,however,arebothlargeandcomplex,andtheiranalysisrequires
anunderstandingofthephysicalandphysical,biochemicalandmathematicalprinciplesinvolvedin
thisnewtechnology.AccordingtotheInternationalDiabetesFederation(IDF),in2015,418million
peoplehadDiabetesMellitus(DM)intheworld.

AsshowninFigure4,theGlucosesensorisusedtosensetheglucosevaluesinthebloodof
thediabeticpatient,andtransfer thesenseddataovershort-rangewirelesscommunicationtothe
patient’sAndroidsmartphone.Thesmartphonethenaggregatesandstoresthesenseddata,provides
thehealthcaremonitoringinterfacetothepatientsforloggingandalsosendsthephysiologicaldata
tothemedicalserverataspecifiedtimeintervalwherebythephysicianscandirectlyhaveaccessfor
furtheranalysis,diagnosisandintervention.

Aglucoseconcentrationvalue≤70mg/dlisdefinedashypoglycemicandaglucoseconcentration
value≥180mg/dlisdefinedashyperglycemic.Ifeverthethresholdsetisreached,analarmistriggered
wherebythepatientwillreceiveawarningmessageonhismobilephoneandsimilarlythephysician
willreceiveawarningmessageontheremoteserver.

5.2. Tool Used
WEKA3.6.12(Hall,Frank,Holmesetal.,2009)isusedforanalysispurpose;thistoolprovidesalarge
rangeofclassifierslikeBayes,Functions,Meta,andTree-based.Itcanbealsousedforclustering
andassociationofdata.WEKAprocesses“.arff”filesinitsexplorertoperformclassification.It
alsoprovidesdifferenttestoptionssuchaspercentagesplit,cross-validation.anditalsogenerates
thegraphicalresultslikevisualizedclassifierserrors,visualizedmargincurve.

Themain limitationof thisstudy is thedatasource ismostlyhere inMorocco, thenational
hospitalsdonotcontainanydatabaserelatingto thediabeticpatient.Also, thechallengesof the

Figure 4. Illustration of blood glucose measurement
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healthcareindustryisthatusesinformationtechnologyinamannergenerallyinferiortothatofother
industries,makingitdifficulttofindthesedata.ThedatasetmeasuredwithCGMisusedasdatato
testtheindividualandensembleclassifier.Thisstudyenrolled20diabetesmenwhowereatleast45
yearsoldwith3measurementsperday,for20days.Theformatofthisdatasetcontainsfivecolumns
designatedbyDate,Day,GlucoseLevel,andRequest.TheGlucosedatasetisimplementedandtested
onfourclassifiers.Threeoutoffourclassifiersareindividualclassifiers,namely:theNaiveBayes
classifier,theJ48classifier,ZeroRclassifierandtheBayesNetclassifier.

Theseresultsprovethattheusedclassifiersgivegoodresultsofclassificationaswellasattest
thebeneficialuseofTreesRandomForestcomparedtoRandomTrees.TheROCcurveisoftenused
todeterminetheoptimalthresholdinclassificationproblems.TheareaundertheROCcurve(AUC)
givesagoodestimateofthesystem’srejectioncapability,Figure5and6showtheROCcurve(%)
fortheTrueandFalseClassifiers.

TheROCwhichisreceiveroperatingcharacteristiccurveforthetoohighwhichindicategood
performanceofthetechniques,therefore,itcanbeusedforprediction,Figure6showsthecomparison
ofFalseClassifiersBasedonAreaunderROC,PRCArea,andPrecisionofROCArea,forJ48,
NaivBayes,RandomTree,andZeroRalgorithms.

Whenthedatasetistestedonfourclassifiers,weobtaintheprecisionandF-measuressummarized
inTable3usingthe“recall”approach.TheaccuracyoftheNaiveBayesclassifieris88.78%,the
accuracyoftheJ48classifieris99.21%,theaccuracyoftheBayesNetclassifieris93.48%,andthe
accuracyoftheZeroRclassifieris69.6078%.

Theprecisioncorrespondstotheaveragesuccesspercentageforkiterations(Moreira,Rodrigues,
Kumaretal.,2018).Inpractice,cross-validationwithkequaltotenisthemostcommonlyused
method.ThisstudyalsousedtheF-measureforindicatingtheimbalanceamongtheclasses.Table4
comparestheperformanceoftheproposedmethodwithsimilarworksinliterature.Allthesestudies
usedthesamedatabase,butwithdifferenttreatmentsforthedata.Theresultsshowthatfortheleading
indicator,namelytheF-measure,themethodproposedinthisworkprovidesexcellentperformance
incomparisonwithothermethodsinliterature.Regardingprecision,theBayesNetalgorithmhasa
performancethatisveryclosetothatoftheJ48tree-basedclassifier.

Figure 5. Comparison of true classifiers based on area under ROC, PRC area, and precision
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ThegraphsrepresentationinFigure7showsthedifferenceofcorrectlyandincorrectlyclassified
instancesusingfouralgorithms.ThefouralgorithmsareNaïveBayes,BayesNet,ZeroR,andJ48.
WefoundthattheJ48algorithmwasthebestasithad99.21%correctlyclassifiedinstancesandonly
0,79%wereincorrectlyclassifiedinstances.

Figure8showsthetimegraphofvariousclassificationalgorithms.Thelongesttimeistakenby
ZeroRconsumingatimeof0.05secondsandtheshortesttimeistakenbyRandomTreeconsuming
0.01secondsonly.

Figure 6. Comparison of false classifiers based on area under ROC, PRC area, and precision

Table 3. Accuracy of classifications algorithms

Algorithms Correctly Classified 
Instances

Incorrectly 
Classified Instances F-Measure Precision

NaïveBayes 88.78% 11.22% 0,970 0,946

BayesNet 93.48% 6.52% 0,994 0,993

ZeroR 69.60% 30.40% 0,821 0,696

J48 99.21% 0.79% 0,994 0,992

Table 4. Precision and F-measure values in recent research using the diabetes database

Authors Method F-Measure Precision

Habibi,Ahmadi,&
Alizadeh,2015 J48 0,705 0,717

Sa’di,Maleki,Hashemiet
al.,2015

BayesNet 0,767 0,768

J48 0,786 0,771

Rghioui,Sendra,Lloret,&
Oumnad,2016

BayesNet 0,994 0,993

J48 0,994 0,992
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Figure9showsanexampleofWeka’svisualizationofadecisiontreeregardingtheseed-size
attributefromtheGlucoseLevel.arfffile.OncetheinformationhasbeenclassifiedwiththeWeka
algorithmJ4.8,thedecisiontreeshowninFigure9wasobtainedattheoutput.

6. CoNCLUSIoN

Todaythehealthcareindustryisjustbeginningtounderstandalltheinnovativethingsthatcanbedone
withBigData.Theintersectionofdatafrommultiplesources,tools,andtechnologieswillpromote
informativeextrapolationsofBigData,allowingtheinformationtogeneratenewandinnovative
solutionstohealthcare.WhileBigDatatechnologiesareimprovingdaybydaythisalsomeansthat,
thevolumeofdataalongwiththerateatwhichdataisflowingintoenterprisestodayisincreasing.The
healthcaresystemtodayisonatrajectorythatisunsustainable.Inthispaper,classificationtechniques
areusedforpredictiononthedatasetofpatient’sdata,toanalyzeoveralldiabeticperformanceand

Figure 8. The graph for training time for top four classifiers

Figure 7. The graph of correctly and incorrectly classified instances of algorithms
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predictsomerelative’sdisease.Inthisstudy,amongalldata,miningclassifiersJ48performsbest
with99.21%accuracyandthereforeJ48provestobepotentiallyeffectiveandefficientclassifier
algorithm.Themaincontributionofthisstudyisthatitprovidesthepossibilityofhandlingalarge
amountofdatatofindusefulresultsthatsupporthealthexpertsinthedecision-makingprocess.In
thefuture,somenewfactorscanbeappliedtoimprovethepatient’sperformanceandresultscanbe
obtainedbasedonstationdata.Inaddition,moredataminingtechniquessuchask-means,clustering
algorithmsandotherclassificationalgorithmscanbeappliedtothisdata.Thus,afocusinthefuture
shouldbeonpreventivecareaswellaspopulationhealthmanagementandoverallwellness.With
BigData,healthmanagementofapopulationcanbeunderstoodbetter.

Figure 9. Visualize tree with random tree



International Journal of E-Health and Medical Communications
Volume 11 • Issue 2 • April-June 2020

35

REFERENCES

Bennett,T.R.,Savaglio,C.,Lu,D.,Massey,H.,Wang,X.,Wu,J.,&Jafari,R.(2014,August).Motionsynthesis
toolset(most):atoolsetforhumanmotiondatasynthesisandvalidation.InProceedings of the 4th ACM MobiHoc 
workshop on Pervasive wireless healthcare(pp.25-30).ACM.

Dogaru,D.I.,&Dumitrache,I.(2017,June).Holisticperspectiveofbigdatainhealthcare.InProceedings of 
the 2017 E-Health and Bioengineering Conference (EHB)(pp.418-421).IEEE.

Gartner.(2012).3DDatamanagementcontrollingdatavolumevelocityandvariety.Retrievedfromhttps://
blogs.gartner.com/doug-laney/files/2012/01/ad949-3D-Data-Management-Controlling-Data-Volume-Velocity-
and-Variety.pdf

Gazal,&Kaur,P.D.(2015).Asurveyonbigdatastoragestrategies.InProceedings of the 2015 International 
Conference on Green Computing and Internet of Things (ICGCIoT)(pp.280-284).IEEE.

Din,SGhayvat,H.,Paul,A.,Ahmad,A.,Rathore,M.M.,&Shafi,I.(2015).Anarchitecturetoanalyzebigdata
intheInternetofThings.9th International Conference on Sensing Technology (ICST).

Gholipour,C.,Rahim,F.,Fakhree,A.,&Ziapour,B.(2015).Usinganartificialneuralnetworks(ANNs)model
forpredictionofintensivecareunit(ICU)outcomeandlengthofstayathospitalintraumaticpatients.Journal 
of Clinical and Diagnostic Research: JCDR,9(4),OC19.

Gubbi,J.,Buyya,R.,Marusic,S.,&Palaniswami,M.(2013).InternetofThings(IoT):Avision,architectural
elements,andfuturedirections.Future Generation Computer Systems,29(7),1645–1660.

IHTT.(2013).Transforming Health Care through Big Data Strategies for leveraging big data in the health 
care industry.

Ilakiyaa,R.N.,&Nalini,N.J.(2017).SupervisedLearningBasedHDFSReplicationManagementSystem.In
Proceedings of theInternational Conference on Technical Advancements in Computers and Communications 
(ICTACC)(pp.116-120).AcademicPress.doi:10.1109/ICTACC.2017.38

import.io.(2015).Allthebestbigdatatoolsandhowtousethem.Retrievedfromhttps://www.import.io/post/
all-the-best-big-data-tools-and-how-to-use-them

Lee,E.K.(2017,December).Innovationinbigdataanalytics:Applicationsofmathematicalprogrammingin
medicineandhealthcare.InProceedings of the 2017 IEEE International Conference on Big Data (Big Data)
(pp.3586-3595).IEEE.

Liu,J.,Li,Y.,Chen,M.,Dong,W.,&Jin,D.(2015).Software-definedinternetofthingsforsmarturbansensing.
IEEE Communications Magazine,53(9),55–63.

Lloret,J.,Parra,L.,Taha,M.,&Tomás,J.(2017).AnarchitectureandprotocolforsmartcontinuouseHealth
monitoringusing5G.Computer Networks,129,340–351.

Marjani,M.,Nasaruddin,F.,Gani,A.,Karim,A.,Hashem,I.A.T.,Siddiqa,A.,&Yaqoob,I.(2017).BigIoT
dataanalytics:Architecture,opportunities,andopenresearchchallenges.IEEE Access: Practical Innovations, 
Open Solutions,5,5247–5261.

Moreira,M.W.,Rodrigues,J.J.,Furtado,V.,Kumar,N.,&Korotaev,V.V.(2018).Averagedone-dependence
estimatorsonedgedevicesforsmartpregnancydataanalysis.Computers & Electrical Engineering.

Moreira,M.W.,Rodrigues,J.J.,Kumar,N.,Al-Muhtadi,J.,&Korotaev,V.(2018).Evolutionaryradialbasis
functionnetworkforgestationaldiabetesdataanalytics.Journal of Computational Science,27,410–417.

Moudani, W., Hussein, M., AbdelRazzak, M. & Mora-Camino, F. (2014). Heart disease diagnosis using
fuzzysupervisedlearningbasedondynamicreducedfeatures.InternationalJournalofE-HealthandMedical
Communications,5(3),78-101.doi:10.4018/ijehmc.2014070106

Mozumdar,M.,Shahbazian,A.,&Ton,Q.(2014).AbigdatacorrelationorchestratorforInternetofThings.
In Proceeding of the IEEE World Forum on Internet of Things (WF-IoT ’14), 304–308. doi:10.1109/WF-
IoT.2014.6803177

http://dx.doi.org/10.1109/ICTACC.2017.38
https://www.import.io/post/all-the-best-big-data-tools-and-how-to-use-them
https://www.import.io/post/all-the-best-big-data-tools-and-how-to-use-them
http://dx.doi.org/10.4018/ijehmc.2014070106
http://dx.doi.org/10.1109/WF-IoT.2014.6803177
http://dx.doi.org/10.1109/WF-IoT.2014.6803177


International Journal of E-Health and Medical Communications
Volume 11 • Issue 2 • April-June 2020

36

Narayan,S.,Bailey,S.,&Daga,A.(2012,November).Hadoopaccelerationinanopenflow-basedcluster.In
Proceedings of the 2012 SC Companion: High Performance Computing, Networking Storage and Analysis(pp.
535-538).IEEE.

Olaronke, I., & Oluwaseun, O. (2016). Big Data in Healthcare: Prospects, challenges and resolutions. In
Proceedings of theFuture Technologies Conference (FTC).AcademicPress.doi:10.1109/FTC.2016.7821747

Reddy,A.R.,&Kumar,P.S.(2016,February).Predictivebigdataanalyticsinhealthcare.InProceedings of the 
2016 Second International Conference on Computational Intelligence & Communication Technology (CICT)
(pp.623-626).IEEE.

Rghioui,A.,Sendra,S.,Lloret,J.,&Oumnad,A.(2016).Internetofthingsformeasuringhumanactivitiesin
ambientassistedlivingande-health.Network Protocols and Algorithms,8(3),15–28.

Sa’di,S.,Maleki,A.,Hashemi,R.,Panbechi,Z.,&Chalabi,K.(2015).Comparisonofdataminingalgorithms
inthediagnosisoftypeIIdiabetes.International Journal on Computational Science & Applications,5(5),1–12.

Sahoo,P.K.,Mohapatra,S.K.,&Wu,S.L.(2016).AnalyzingHealthcareBigDatawithpredictionforfuture
Healthcondition.IEEE Access,4,9786–9799.doi:10.1109/ACCESS.2016.2647619

Sendra,S.,Parra,L.,Lloret,J.,&Tomás,J.(2018).Smartsystemforchildren’schronicillnessmonitoring.
InformationFusion,40,76-86.

Shah,M.,Shukla,P.K.,&Pandey,R.(2016).Phaselevelenergyawaremapreduceschedulingforbigdata
applications.InProceedings of theInternational Conference on Signal Processing, Communication, Power and 
Embedded System (SCOPES),pp.532-535.doi:10.1109/SCOPES.2016.7955884

Sheeran,M.,&Steele,R.(2017).Aframeworkforbigdatatechnologyinhealthandhealthcare.IEEE 8th Annual 
Conference Ubiquitous Computing, Electronics and Mobile Communication (UEMCON).

Stankovic,A.J.(2014).Researchdirectionsfortheinternetofthings.IEEE Internet of Things Journal,1(1),3–9.

Sterling,M.(2017,October).Situatedbigdataandbigdataanalyticsforhealthcare.InProceedings of the 2017 
IEEE Global Humanitarian Technology Conference (GHTC).IEEE.

Thara,D.K.,Premasudha,B.G.,Ram,V.R.,&Suma,R.(2016,December).Impactofbigdatainhealthcare:A
survey.InProceedings of the 2016 2nd International Conference on Contemporary Computing and Informatics 
(IC3I)(pp.729-735).IEEE.

Hall,M.,Frank,E.,Holmes,G.,Pfahringer,B.,Reutemann,P.,&Witten,I.H.(2009).TheWEKADataMining
Software:AnUpdate.SIGKDD Explorations,11(1),10–18.doi:10.1145/1656274.1656278

Habibi,S.,Ahmadi,M.,&Alizadeh,S.(2015).Type2diabetesmellitusscreeningandriskfactorsusingdecision
tree:Resultsofdatamining.Global Journal of Health Science,7(5),304–310.PMID:26156928

Wang,Y.,Kung,L.,&Byrd,T.A.(2018).Bigdataanalytics:Understandingitscapabilitiesandpotentialbenefits
forhealthcareorganizations.Technological Forecasting and Social Change,126,3–13.

Yuehong,Y.I.N.,Zeng,Y.,Chen,X.,&Fan,Y.(2016).Theinternetofthingsinhealthcare:Anoverview.
Journal of Industrial Information Integration,1,3–13.

Zaveri, C. (2017, February). Use of big-data in healthcare and lifescience using hadoop technologies. In
Proceedings of the 2017 Second International Conference on Electrical, Computer and Communication 
Technologies (ICECCT)(pp.1-5).IEEE.

Zhou,J.,Hu,L.,Wang,F.,Lu,H.,&Zhao,K.(2013).AnefficientmultidimensionalfusionalgorithmforIoT
databasedonpartitioning.Tsinghua Science and Technology,18(4),369–378.

http://dx.doi.org/10.1109/FTC.2016.7821747
http://dx.doi.org/10.1109/ACCESS.2016.2647619
http://dx.doi.org/10.1109/SCOPES.2016.7955884
http://dx.doi.org/10.1145/1656274.1656278
http://www.ncbi.nlm.nih.gov/pubmed/26156928


International Journal of E-Health and Medical Communications
Volume 11 • Issue 2 • April-June 2020

37

Amine Rghioui was born in Morocco, in 1989. He received a B.S. degree from Faculty of Sciences, Fez, Morocco 
in 2012 and M.S from Faculty of Sciences, Kenitra, Morocco in 2014. He is currently a member of the Electronic 
and Communication laboratory at Mohammadia School of Engineering. His research interests include wireless 
sensor network, Internet of Things and connected objects, Big Data.

Jaime Lloret (jlloret@dcom.upv.es) received his B.Sc.+M.Sc. in Physics in 1997, his B.Sc.+M.Sc. in electronic 
Engineering in 2003 and his Ph.D. in telecommunication engineering (Dr. Ing.) in 2006. He is a Cisco Certified 
Network Professional Instructor. He worked as a network designer and administrator in several enterprises. 
He is currently Associate Professor in the Polytechnic University of Valencia. He is the Chair of the Integrated 
Management Coastal Research Institute (IGIC) and he is the head of the “Active and collaborative techniques and 
use of technologic resources in the education (EITACURTE)” Innovation Group. He is the director of the University 
Diploma “Redes y Comunicaciones de Ordenadores” and he has been the director of the University Master “Digital 
Post Production” for the term 2012-2016. He was Vice-chair for the Europe/Africa Region of Cognitive Networks 
Technical Committee (IEEE Communications Society) for the term 2010-2012 and Vice-chair of the Internet 
Technical Committee (IEEE Communications Society and Internet society) for the term 2011-2013. He has been 
Internet Technical Committee chair (IEEE Communications Society and Internet society) for the term 2013-2015. 
He has authored 22 book chapters and has more than 450 research papers published in national and international 
conferences, international journals (more than 200 with ISI Thomson JCR). He has been the co-editor of 40 
conference proceedings and guest editor of several international books and journals. He is editor-in-chief of the 
“Ad Hoc and Sensor Wireless Networks” (with ISI Thomson Impact Factor), the international journal “Networks 
Protocols and Algorithms”, and the International Journal of Multimedia Communications. Moreover, he is Associate 
Editor-in-Chief of “Sensors” in the Section sensor Networks, he is advisory board member of the “International 
Journal of Distributed Sensor Networks” (both with ISI Thomson Impact factor), and he is IARIA Journals Board 
Chair (8 Journals). Moreover, he is (or has been) associate editor of 46 international journals (16 of them with ISI 
Thomson Impact Factor). He has been involved in more than 450 Program committees of international conferences, 
and more than 150 organization and steering committees. He has led many local, regional, national and European 
projects. He is currently the chair of the Working Group of the Standard IEEE 1907.1. He has been general chair 
(or co-chair) of 40 International workshops and conferences. He is IEEE Senior, ACM Senior and IARIA Fellow.

Abdelmajid Oumnad Professor in the Department of Electrical Engineering at Mohammadia School of engineering 
(EMI) and member of the Laboratory of Electronics and Communication (EMI). He received his Ph.D. in electronics 
of the Claude Bernard University in Lyon, He is a professor in Electronic and Communication Technology at the 
Department of Electrical Engineering in Mohammadia School of engineering in Rabat.


