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Thecontinuousdevelopmentofenergymanagementsystems,coupledwithagrowingpopulation,
and increasingenergyconsumption,highlights thenecessity todevelopadeepunderstandingof
householdenergyconsumptionbehaviorandinterventionsthatfacilitatebehavioralchange.Usinga
dataminingsegmentationtechnique,2,505NorthernIrelandhouseholdsweresegmentedintofour
distinctiveprofiles,basedontheirenergyconsumptionpatterns,socio-demographic,anddwelling
characteristics.Thechangeinattitudetowardsenergyconsumptionbehaviorwasanalyzedtoevaluate
theimpactofsmartmeterfeedbackaswell.Thekeyfindingwas81%oftrialparticipantsperceived
smartmeterstobehelpfulinreducingtheirenergyconsumption.Inaddition,wefoundthatthepotential
toreduceenergybillsandenvironmentalconcernswerethestrongestmotivationsforbehaviorchange.
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INTrodUCTIoN

TheEUhassetbindingtargetsofa40%reductionofdomesticgreenhousegasemissions(compared
to1990levels)tobereachedby2030andashareofrenewableenergyof32%(EC,2018).Theability
toaccuratelyforecastelectricityconsumptionisofgreatimportanceforutilityprovidersinorderto
predictfuturecosts,enhancethefinancialbottomlineandreducenegativeenvironmentalimpacts.
Utilityproviderstrytoachievethesegoalsbyusingthe‘smartgrid’and‘demand-sidemanagement’
(Corbett,2013).Demand-sidemanagementisfocusedonthedownstreamactivitiesrelatedtothe
consumption-endofthevaluechain,withtheobjectiveofunderstanding,influencing,andmanaging
consumerdemand(Caneveretal.,2008).Throughincentivesordifferentelectricityprices,demand
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response activities motivate behavior change (Albadi and El-Saadany, 2008). Smart meters are
increasingly becoming common, and they are expected to foster intelligent energy consumption
behaviorthroughtheflowofinformationbetweenusersandutilityproviders.

ThereareIS-enabledinformationprocessingcapacitieswithinsmartmetersthathaveasignificant
impactontheeffectivenessofdemand-sidemanagement(Corbett,2013).Mostofthedemand-side
researchhasfocusedonadoptionandoutcomeoftheadoptionofsmartmetersbyindividuals(see
Chouetal.,2017;Kuoetal.,2018;Murrayetal.,2018;Dehdarian2018;HackbarthandLöbbe,
2018; Wunderlich et al., 2019; Hielscher and Sovacool, 2019). Previous studies also have been
predominantlyrestrictedtofactorsthatcanbemanagedandmanipulatedbyutilitiesbutaresilent
onthefactorsspecifictoresidentialandhouseholdcharacteristics(Corbettetal.,2018).Wunderlich
etal.(2019)arguefewstudiesinISliteraturehaveexamined‘household’technologiesingeneral
andsmartmetersinparticular,resultingingapsinourunderstandingofwhyandhowhouseholds
adoptsuchnovelandoftencomplextechnologiesleadingtocallsformoreresearchonthistopicat
thehouseholdlevel(Venkateshetal.,2016).

‘Energypricing’and‘environmentalconcerns’havebeenidentifiedasthekeyinfluencingfactors
withregardstoenergyconsumptionbehavior(Karjalainen2011;Vassilevaetal.,2012c).However,
thepersistenceofthesefactorsovertimeandtheimpactofotherimportantfactorshavenotbeen
fullyinvestigatedbypreviousstudies(Loocketal.,2013).Hence,theobjectivesofthecurrentstudy
aretwofold.Thefirstobjectiveistosegmenthouseholdsbasedonsocio-demographicfactorsand
energyconsumptionbehavior.Identifyingdifferentclustersofhouseholdsiscentraltounderstanding
theconsumptionbehaviorandthehousehold’smotivationsforenergyconsumptionreductionand
participation in smart meter trial. Different clusters of households bring out specific contextual
nuancesthatcoulddevelopourunderstandingofconsumptionbehavior.Thesecondobjectiveisto
investigatetheimpactofsmartmeterinstallationonattitudechangetowardsenergyconsumption
behavior.Previousresearchhasfoundmotivationandattitudetowardsconservingenergyarepivotal
insavingenergy(Oltraetal.,2013;HackbarthandLöbbe,2018)soitisessentialtohaveadeep
understandingofhowattitudesandbehaviorstowardsenergyconsumptionareformedandchanged
inordertodevelopmoresuccessfulinterventionsbypolicymakers.

Theutilizationofdataminingtechniquestomodelresidentialelectricityconsumptionhassofar
beenlimitedininformationsystems(IS)literature.Fewstudiesinthepasthaveutilizeddatamining
segmentation techniques to identify factors influencing residential energyconsumptionbehavior
(BakerandRylatt,2008;VanRaajandVerhallen,1983).Acoupleofotherstudieshavealsoused
dataminingclassificationtechniques,namely,decisiontreesandneuralnetworks(Yuetal.,2010).

Moreover,previousresearchhasmainlyusedlow-resolutionandaggregatedenergyconsumption
dataduetolackofadvancedmeteringtechnologies.Weuseelectricityconsumptiondataobtained
viathesmartmetersandcombinewithsocio-economicandbehavioraldatatounderstanddifferent
groupsofelectricityconsumers.Forcustomersegmentation,itiscrucialtoobtaininformationon
the‘actualenergyconsumption’ofcustomersusingsmartmeters rather than lowresolutionand
aggregateddata,whichismainlyusedbypreviousresearch.

Finally,mostofthepreviousstudieshaveonlycollectedpartialdata.However,interactionsamong
differentcharacteristics(i.e.therelationshipbetweenageofresidentsandheatingapplianceusage)
offeragreaterpossibilityforunderstandingtheunderlyingdeterminantsofelectricityconsumption,
andsoimprovingenergyefficiencycampaigns(AbrahamseandSteg,2009).Inordertofillthegapsin
theliterature,wefocuson‘household’levelandapplyalargedatasetcomprisingofvariedhousehold,
socio-economic and behavioral characteristics, which is vital in modeling residential electricity
consumption.Thefindingsfromsegmentationanalysisprovideinsightintothecharacteristicsbehind
electricityconsumptionfordifferentgroupsofhouseholds.

Corbett(2013)positssmartmetersenableutilitiestocapturebillionsofdatapointsregarding
electricitydemandunderdifferentconditions,customersegments,andtimeofuse.Withthisadditional
information,utilitieswillbeabletodesignandimplementarangeofinnovativeprogramstargeted
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atdifferentcustomersegments(StruekerandDinther,2012,Valocchietal.,2007)ratherthanusing
aone-size-fits-allapproach(Corbett,2013).

Theremainingsectionsofthepaperareorganizedasfollows.Section2reviewstherelevant
literature.Section3andSection4presentthedataandanalysisrespectively.Thediscussionoffindings
andimplicationsappearinSection5andconcludingremarksarepresentedinSection6.

THE FACTorS IMPACTING ENErGy CoNSUMPTIoN 
ATTITUdE ANd BEHAVIor

Asmentionedearlierpreviousstudieshavefound‘energyprices’and‘environmentalconcerns’are
thetwomostsignificantmotivatingfactorsforenergyconsumptionreduction(Karjalainen2011,
Vassilevaetal.,2012b;ReuterandLoock2017).Previous researchalsosuggests ‘socialnorms’
embeddedinthelocalsocialimpactenergyconsumptionbehavior.Theyfoundthosehouseholds
thatwerenotpersuadedbypotentialmonetarysavingsbutfrequentlydiscussedelectricityusage
withtheirneighbors,becamemorewillingtochangeenergyconsumptionbehaviorover time.A
qualitativestudybyGram-Hanssenetal.(2004)foundthedistributionofelectricityconsumption
amongstkitchenappliancesdifferdependingonthenumberofoccupants.

Pricing Information and real-Time Feedback
There is strong evidence that pricing information leads to consumption reduction due to usage
adjustments(Brutscher2011;ReuterandLoock,2017;HackbarthandLöbbe,2018;Wunderlichet
al.,2019).Moreaccuratebillinginformationwasfoundtobehighlyvaluedbyhouseholds(Owenand
Ward,2006).Forcostreduction-orientedhouseholds,availabilityofpricingoptionscouldgivethe
desiredfeelingofcontrolonenergybillsviaselectingthemostrelevantpaymentplanandadjusting
energyusage.Consumersvarybetweenthosewhodonotknowtheirpaymenttypetothosewhoanalyze
theirbillsthoroughlyinordertoadjustenergybehaviortopricefluctuations(Borenstein,2009).

Shin(1985)foundwhenestimatedpriceswereslightlyhigherthanrealpricesandhouseholds
werereadytospendmoreonenergybills, theychosenot to limit themselves,whichled to total
consumptionincreaseincontradictiontogovernment’sobjective.FaruquiandSergici(2010)analyzed
15energy-savingpilotprogramsintheUStoexaminetheeffectsoftheimplementationofdynamic
electricitypricingonhouseholdenergyconsumptionandfoundCritical-Peak-Pricing(CPP)programs
reduceddomesticenergyconsumptioninpeakhour.

Hartway(1999)foundthatcustomersabletousereal-timeenergyconsumptioninformationshifted
theirconsumptionloadfromthepeakhoursbysimplyadjustingtheirhabits.Customerswhoobtained
theirhistoricalelectricityusagedataweremorewillingtochangetheirenergydemandandwere
encouragedbyothernumeroushealthandenvironmentalbenefits(Liddelletal.,2013).Existenceof
individualutilitycompaniesthatwouldhelphouseholdstoinstallsmartmetersandeducatecustomers
mayalsoencourageoccupantstochangeenergybehavior(LivingstoneandEnergy,2011).

Social Norms and regulations
Communicationbetweenneighbors,persuasionandtransferofknowledgearethemostcommonly
knowninformativepolicyinstrumentsthatareusedbypolicymakersandenergycompanies(Schultz
etal.,2007;Shipworthetal.,2009;EkandSöderholm.,2010;ReuterandLoock,2017;Hackbarth
andLöbbe,2018).Owen(2009)proposedthatfurtherresearchshouldexaminewhetherlowincome
andvulnerablehouseholdswouldbenefitfromflexibleenergytariffsandwhetheradditionalavailable
informationwouldforcethemtoreducecritical-for-livingenergyuseinpeaktime.However,atrial
inNorthernIrelandfoundtime-of-daytariffforpre-paymentmeteractuallyencouragedcustomersto
developandmaintainenergyconsumptionpatterns,basedonthenewinformation.A‘boomerang’
effectwasdiscoveredbyCleeandWicklund(1980)whofoundsmartmetertriggerednon-deliberate
households tomatch theirenergyusage toneighbors’byeitherreducingor increasingtheirown
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usage.Schultz(2007)foundthatboomerangeffectwasmostcommonamonglowenergyusers,which
indicateslowenergyusersaremostinfluentialconsumergroupsandhenceshouldnotbetargeted
individuallyforenergyefficiencycampaignsbutincombinationwiththeneighborhood.

Socio-Economic and demographic Factors
Socio-economicanddemographicfactorssuchashouseholdincome(Caylaetal.,2011,Vassileva
et al., 2012b,Vassileva et al., 2013), property location, numberof occupants, size andproperty
ownershipimpactenergyconsumptionbehavior(Martinssonetal.,2011;Biying2012).Forinstance,
youngerpeoplewithahighincomewouldpreferreadingnewsandcommunicatingontheinternet,
whiletheolderpeoplewithlowerhouseholdincomewouldoftenchooseprintedpresstoreceive
informationaboutworldaffairs,andhand-writtenletters,telephonecallsandface-to-facemeetings
forcommunication(Martinssonetal.,2011).Al-Ghandoor(2009)foundincomelevelandfuelprices
werethekeyconsumptionpredictors.Somestudiesfoundapositivecorrelationbetweenoccupants’
‘educationlevel’andenvironmentalconcern(FranssonandGärling,1999).Highereducationreduces
thecostsassociatedwithinformationacquisitionandthushouseholdswithhighereducationmore
easilyunderstandnewtechnologies(MillsandSchleich2010,2012).

Environmental Concerns
Variousstudiesfoundenvironmentalconcernsisastrongmotivationforhouseholdstoreduceenergy
consumption(CookandBerrenberg1981;WinettandKagel,1984;Stern,1992;Schultzetal.,1995;
KogerandScott,2007;AbrahamseandSteg,2009;Hargreavesetal.,2010;ReuterandLoock,2017;
HackbarthandLöbbe,2018).Thecitizenswhoaremoreworriedabouttheirpersonalnegativeimpact
ontheenvironmentweremorelikelytochangeenergyconsumptionbehavior(StegandVlek2009;
PaçoandVarejão2010;Martinssonetal.,2011).However,manycustomersdonotunderstandhow
theirenergyconsumptionhabitsimpactCO2emissions(Vassilevaetal.,2012a),yettheyfeelguiltyfor
livingtoowastefully(Hargreavesetal.,2010).Wunderlichetal.(2019)arguesmartmeteradoption
inresidentialsettingshasconceptsofinnovativetechnologyandenvironmentalawarenessembedded
initandthusislikelytoevokesomedifferentsetsofbehaviors(Frederiksetal.2015).

Privacy Concerns, Habits, and Climate Change
Somehavearguedthatpoliciesaimedatimprovinghouseholdenergyefficiencyshouldaddressan
individual’sdailyroutine(EllegårdandPalm,2011).However,thiscouldpotentiallybeperceived
bysomehouseholdsaspersonallyinvasiveandhencemakethemmorereluctanttochanges.Privacy
concernshavebeenraisedbynumerousresearchers(Owen,2009).Mainconcernsidentifiedwere:
burglarscouldfindoutwhenhouseswereunoccupied,advertisingcompaniescouldsendtargeted
advertising, landlordscouldhaveastrictercontroloveroccupantsnumber,parentscouldspyon
childrenwhenoutofhome,insurancecompaniescouldinvestigateifapplianceswereleftonwhen
nobodywasin(Mckennaetal.,2012).

Meanwhile,informationonitsownmaynotbeenoughtochangethehabitsthathouseholdshave
alreadyestablished(DahlstrandandBiel,1997).Energyconsumptionbehaviormightbetriggered
byunconscioushabitsdespitecontextchanges.Forinstance,whenafamilyrelocatesintoamore
environmentallyconsciousneighborhood,theymaynotrecyclewasteandconstantlykeeplightson
(Maréchal,2010).Energyconsumptionbehavioralsodependsonlifestyle,culturalhabits,comfort
expectations and standard of living (Schipper et al., 1982, Deering et al., 1993; Mullaly 1998;
Westergrenetal.,1999;Yohanis2012).Moreover,climatechangeaffectsenergyconsumption(Tso
andYau,2003;Kaygusuz2007;RanjanandJain,1999).Energyconsumptionroseby20%in2010
duetothecoldweatherandwentdownwhenitwaswarmerin2012.
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rESEArCH METHodS

data Collection and Pre-Processing
TheCommissionforEnergyRegulation(CER)establishedtheSmartMeteringProjectPhase1in
late2007withtheobjectiveofsettingupandrunningsmartmeteringtrialsandassessingtheircosts
andbenefitsandinformationrequiredforthefullrolloutofanoptimallydesignednationalsmart
meteringplan.Therewerethreedistinctstrandstowork:technologytrials,customerbehaviortrials,
andacost-benefitanalysisfortherolloutofsmartmeters.TheIrishCustomerBehaviorTrialisone
ofthelargestandmoststatisticallyrobustsmartmeteringbehavioraltrialsconductedinternationally
todateandthusprovidesawealthofinsightfulinformationontheimpactofsmartmeteringenabled
initiativesonelectricityconsumers.

Ataprimarylevel,apre-trialsurveywascarriedoutofparticipantsintheTrial.Theinformation
gainedfromthissurveyprovidedinsights,whichinformedtheparticipantallocationandprovideda
benchmarkforanysubsequentchangeinbehavior,whichmightbemeasuredattheendofthetrial.
Apost-trialsurveywascarriedoutofthesameparticipantsinJanuary2011,comparingthechange
inattitude,equipmentorelectricityusetothepre-trialfindings.Thedatasetusedinthecurrentstudy
coveredresidentialpre-trialandpost-trialsurveys.Theresidentialsurveycomprisedofquestions
coveringfiveareasincludingdwellingcharacteristicsdescribingpropertyfeatures;socioeconomic
information;applianceinformationsectioncollecteddataonwhatelectricalappliancesandinwhat
quantitybelongedtothehouseholds;usageinformationsectionofthesurveyshowedusagefrequency
ofappliances;andattitudestowardsenergy-savinginitiatives,aswellasmotivationtochangeenergy
consumptionbehavior.

Theelectricityconsumptiondatacollectedviasmartmetersincludetotal,highestandlowestdaily
energyconsumptionrecordedduringa2-weekperiod,whichwasmadeavailableinananonymized
format.Hence,nopersonalorconfidentialinformationiscontainedinthedataset.Toachievethe
researchobjectives,theanalysiswasdividedintotwoparts:householdclassificationandinvestigating
attitudechangetowardsenergyconsumptionbehavior.Toachievethesecondobjective,answersto
thepre-trialandpost-trialsurveyquestionswerecompared.72questionsrelatedtoattitudetowards
energyconsumptionbehaviorthatwereinbothsurveys,wereidentifiedandcompared(AppendixA).
Themainsoftwareweusedtoperformdatacleaning,preparationandmodellingprocesswasIBM
SPSSModeler.Itisadataminingandtextanalyticssoftwaretobuildpredictiveandprescriptive
modelsandcontainsmodellingoptionsforclusteranalysisandruleminingfunctions.

Segmentation for Examining Change in Attitude and Behavior
Weuseclusteringanalysis for segmenting2,505Northern Irelandhouseholds intogroupsbased
on their energy consumption patterns, socio-demographic and dwelling characteristics. Energy
consumptionpatternsweregeneratedfroma2-weekperiodofelectricuseofthehouseholds.Total
energyconsumptionsweresplitinto4binsbasedthenegativeandpositivedistancesmeasuredby
thestandarddeviation,andrespectivelylabeledas“low,”“medium,”“high,”and“veryhigh.”Other
variablesareavailablewiththeresponsesofthe2,505households.

Clustering is an exploratory data analysis, which typically works by grouping objects with
similarcharacteristicsandhenceitiswidelyusedforsegmentation.K-meansareamongthemost
well-knownclusteringalgorithms,anditerativelyrelocateusersamongclusterstogeneratestable
clusters. Ingeneral, toomanyvariables in clustering analysis tend to reduce the stability of the
clustersandmakestheinterpretationsofthesegmentsmoredifficult(AyramoandKarkkainen,2006).
Therefore,wefirstusedanartificialneuralnetwork(ANN)analysis toeliminatenon-significant
variables.Then,theremainingkeyfactorswereusedinclusteranalysisusingK-meanstechnique
forsegmentingthehouseholds.AnANNmodeliscomposedofanumberofparallelinterconnected
neuronnetworksystemswhereaneuronoperatesamathematicalfunctionrelatinginputstooutputs.
Byparallelprocessingofmultipleinputs,thenetworkdeterminesastructureoftherelationships
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betweenvariables(Hamzacebietal.,2009).OursegmentationprocedureusingANNandK-Means
algorithmsfollowsaniterativeapproachdescribedinTable 1.

TheattributesetwasselectedbasedontheliteraturereviewandtheANNanalysis.Thehighest
dailyandlowestdailyenergyconsumptionandpropertybuildyearwerealsoexcludedduetonon-
significanceandhighautocorrelation.WehavemeasuredthequalityoftheclustersbySilhouette
coefficient.ThehigherSilhouettecoefficient suggestsbetterclusterquality.Our4and5cluster
solutions demonstrated similar coefficient values around 0.5, suggesting significant differences
betweenidentifiedclusters.Despitebeingmoderate,avalueof0.5wasthebestpossibleresultfor
theresidentialhouseholdclassificationbasedonenergyconsumptionbehavior(SwanandUgursal,
2009).Ontheotherhand,thetwoclustersscenarioswerehighlysimilar,excepttheadditionalcluster
withaverysmallproportion(0.8%)ofthe5-clusterscaseasshowninFigure1.Therefore,considering
boththevisualinspectionsoftheclusterdistributionandtheachievedclusterquality,wechosethe
4-clustersolution.Thisprocessensuresthatourclusteringresultsarestableandconsistent.

Furthermore,weconductedaposthocanalysiswithArtificialNeuralnetworks(ANN)usinga
classificationanalysis.Thefinalkeypredictorsofthemodelwere‘occupanttype’,‘internetaccess’,
‘otheroccupant’sinternetusage’,‘otheroccupantsdonotwanttoreduceenergyusage’and‘number
ofoccupantswhoworkforpay’.VaryingsegmentationscenariosweretestedbyANNandthescenario
withthe4-clusterachievedthehighestaccuracy.

Table 1. Segmentation Procedure Using ANN and K-Means Algorithms

Step1 Input:ThenumberofclustersK,andhouseholddatabasewithnobjectsOutput:AsetofKclusterswhich
minimizethecriterionfunctionofk-Means

Step2 Beginwithrunningallinputvariablesthroughintoneuralnetworkanalysis

Step3 Retainonlythevariablesthataresignificant

Step4 ContinuewithremainingvariablesandarandomKclustercentersastheinitialsolution.

Step5 Computemembershipsofthedatapointstothecurrentclustercenters

Step5 Updateclustercenterswithrespecttonewmembershipsofthedatapoints

Step6 Repeatthepreviousstepsuntilnochangetothecriterionfunctionofk-Meansornodatapointschange
cluster

Figure 1. Four and Five Cluster Solutions
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Oncetheclusterswerevalidated,weexaminedthechangeinhouseholdattitudeandbehavior
towardsenergyconsumptionforclusters.Acomparisonofpre-surveyandpost-surveyquestionnaires
identified41questionsthatwereasked‘before’and‘after’thesurvey.Thequestionswereanalyzed
toevaluatethechangeinattitudeandconsumptionbehaviorofparticipants.Thesamplesizewas
reducedto2,505frominitial3,834duetomissingvalueswiththemain97surveyquestions.For
theanalysisofthechangeinattitudeandconsumptionbehavior,thesamplesizefurtherreducedto
703participantswhoansweredthesamequestionsbeforeandafterthesmartmetertrial.Thenext
sectionprovidesthedetailsoftheanalysisanddiscussesthefindings.

research Findings
Totalenergyconsumptionwassplitinto4levelslow,medium,high,andveryhightotalconsumption
groups.Figure2demonstratesthedistributionofenergyconsumptionduringthetrialperiodamong
the2,505participants.FromFigure2wecanseeinterestingtrendsamongthedifferentclusters,for
example,thelowbincluster1isthelargestgroupbutinthelowconsumptionlevelwhenmovingto
mediumthenumberofparticipantsfromthesameclusterdropstoalmosthalf,andthedropcontinues
whenmovingtothehigherconsumptionlevel.Thesametrendisevenmoreobviouswhenitcomes
tocluster4.Incluster2and3,weobserveoppositetrends.Cluster2grewfrombeingthesmallest
groupinthelowconsumptiontoabiggergroupinthehigherlevelofconsumption.WhereasCluster
3grewinsizefrombeingthesmallestgroupinthelowconsumptiontobeingthebiggestclusterin
theveryhighconsumptionwithconsistentgrowthineachhigherlevel.

Motivation to reduce Energy Consumption
The results show that 83.79% of the sample wanted or strongly wanted to reduce their energy
consumption,withCluster2beingthemostmotivatedtodosuch.Theleastinterestedinchanging
behaviorwasCluster1with13.21%ofthemnotwantingorstronglynotwantingchangescompared
to7.11%,6.88%and4.85%fromClusters4,3and2,respectively.AlthoughthemajorityofCluster
2stronglywantedtoreduceenergyconsumption,only36.75%ofthemwereveryconfidentthatthey
haddonealottodoso.Allclusterspredominantlysaid‘No’whenaskedifitwasinconvenientto

Figure 2. The Distribution of the Consumption Levels by Cluster
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changeenergyconsumption.ThosefromCluster4werethemostaccepting(65.20%versus61.75%
ofCluster2,59.80%ofCluster1and56.36%ofCluster3).Clusters1and3werefoundtobethe
onesneedingadditionalinformationabouthowenergycouldbereduced.55.07%ofthemexpressed
astrongwishtobeadvisedabouthowtoreduceenergyconsumption.Energycompaniesshoulduse
thisinformationwhentargetingcustomersfornewenergy-savingpolicies.

Majorityofallclustersreportedthatpotentialbillreductionstronglymotivatedthemtoreduce
their energyusage,particularly inCluster2 (81.72%).Only4.87%of the respondentsdisagreed
orstronglydisagreedwith thestatement thatbill reductionmotivated themtoreduce theenergy
consumption,50.02%of thembelonged toCluster1.54.65%of thesamplestronglyagreed that
changingenergyusagereducedbills.Cluster2householdswerethemostconfidentwith61.57%
ofthecluster,thenCluster3with55.78%,Cluster1with50.99%,andlastlyCluster4with49.51%
ofthecluster.Interestingly,despitethatfactthatCluster2wasthemostmotivatedbythepotential
billreduction,itwasCluster1thathadthehighestproportionofhouseholdsthatmadesignificant
reductionsinenergyconsumptiontoreducetheirbills.

Moving Energy Usage to off-Peak Times
Whenitcomestomovingenergyusagefrompeaktimes,77.52%ofthesampleansweredthequestion
ofwhethertheymadeordidnotmakeeffortstomovetheenergyusagetooff-peaktimes.68.90%
ofthosewhoansweredthatquestionindicatedthattheydidnottrytomovetheirenergyfrompeak
timeswithCluster2being the leastpro-active.All remaining surveyquestionsaboutpeak time
wererespondedbyonly19.64%ofthesample.However,theproportionofthesmallsamplethatdid
respondtothequestionabouttheconvenienceofmovingenergyusagetooff-peaktimesshoweda
similarpatternwith54.47%admittedthatitwasveryinconvenienttomovetheenergyusage,whilst
31.71%disagreed.

Ontheotherhand,thequestionaboutmovingenergyusagetonighttimewasrespondedbyless
thanhalfofthesample.Amongthosewhoanswered,morethanhalf(52.17%)agreedandstrongly
agreedthatitwasveryinconvenienttomovetheirenergyusagetonighttime.Cluster3wasfound
tobetheleastmotivatedtomovingenergyusagetonighttimewith17.45%oftheclusterversus
16.00%ofCluster1,10.81%ofCluster2and7.91%Cluster4.Themainreasonsforthiswere:they
veryconcernedaboutsafetyimplications(43.07%)andthenoisethatapplianceswouldmakeduring
thenight(36.70%).Thedifferencebetweennightanddaytimepriceswasveryimportantto31.48%
%of thesub-group,anditwasveryinconvenientfor29.20%of thosewhoansweredthesurvey.
Eventhoughthemajorityofeachclusterstronglyfeltmovingenergyconsumptiontonighttimewas
inconvenient,22.95%ofCluster1stronglydisagreedwiththatcomparedtoonly14.98%ofCluster
2.Cluster4showedasimilarpatterntoCluster1inopiniondistribution.

Internet Access and Environmental Concerns
Wefoundthemajorityofthesamplewhohadinternetaccesswantedtoreducetheirenergyusage.
Internetaccessanditsusagebyhouseholdoccupantswasthemostsignificantpredictorofahousehold
energyconsumptionbehaviorgroups.However, the internet accessdidnot influenceoccupants’
knowledgeaboutenergyconsumptionreductionmethods;energyconsumptionofelectricalappliance;
andenergyusageatpeaktimesordifferenttimesoftheday.Finally,regardingenvironmentalconcerns,
amongallclusters,thosefromCluster2werethemostenvironmentallyconcernedand75.19%wanted
tochangetheirenergyconsumptiontohelptheenvironment.Nevertheless,about71%ofalltheother
clusterssharedthesamestrongmotivation.

discussion of Findings
Steg andVlek’s (2009) argueknowledge about electric appliances energy consumption changes
consumers’attitudesandconsequently,theirconsumptionbehavior.Wefoundsupportforsuchan
assumptionwiththemajorityofthesamplestatingsmartmetertrialimprovedtheirwillingnesstopay
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moreattentiontotheamountofelectricityconsumed.Yetwefounddifferentclustersofconsumers
didnotreactsimilarly.Fromanalyzingthedata,wefoundthat,forexample,cluster1and4where
themostsusceptibletochangeconsumptioncomparedtootherclusters.Inaddition,morethanhalf
oftheparticipantreportedimprovedknowledgeonhowtoreduceenergyconsumptionduetothe
trial,yetonlythethirdexpressedincreasedmotivationforlifestylechangesinordertoreduceenergy
consumption.Ontheotherhand,almosthalfoftheobservedsampledidnotwanttoberestrictedin
theirelectricityconsumption,andalmostthethirdfeltmorereluctanttochangetheirenergyusage
habits,whichcouldbeexplainedbyfindingsofthepreviousresearch(EllegårdandPalm,2011)that
showedsomehouseholdsfoundimposedenergy-savingpoliciesdemotivating.

Attitude and Behavior Change
Householdsexpressedmixedattitudetowardsshiftingtheirenergyusagetooff-peakandnighttime.
Ontheonehand,mostoftheconsumersreporteditbecameeasiertoreducetheirenergyconsumption
ofpeakhours,whichwastriggeredbythetariffinformation.Thisisinlinewiththefindingsofthe
previousresearch(FaruquiandSergici,2010).Theanalysisshowed72%oftheparticipantsmoved
theirusagetonighttimeinordertoreduceenergyconsumptionandlowerbills.Thisimplieshouseholds
wereexpectingmoreefficiencyfromusingthesmartmeterandthereforedidnotmindhavingless
comfort(Olmosetal.,2011).

Previous literature indicates that feedback and information raise consumer awareness and,
consequently,encouragebehaviorchange(Hargreavesetal.,2010).Gansetal.(2013)foundconsistent
and informative feedback influences energy consumption habits. Participants stated that energy
usage statements helped them reduce electricity usage during the trial. When participants were
givenadditionalinformation,49%ofthemrealizedthattheydidnotknowenoughaboutdifferent
electricalappliancesusages.Hence,monitoringdeviceonlyprovideda‘visualincentive’totrigger
behaviorchangesbutitdidnotimprovetheknowledgemuch.Consumersshouldunderstandthat
energysavingsresultfromacombinationofadoptionofsmartmetertechnology,behaviorchange,
andimprovedusagehabits.

Energy Pricing and Environmental Concerns
Thefindingsofthecurrentstudyareinlinewiththefindingsofpreviousresearch(Karjalainen2011,
Vassilevaetal.,2012a,2012b).Energyconsumptionbehaviorispredominantlyinfluencedbyenergy
pricingandenvironmentalconcerns.Thesmartmetertrialresultsdemonstratedtheconsistencyof
energy-savingbehaviorovertime.Trialparticipantsmostlyusednon-renewableenergysourcesto
heatbothwaterandtheirproperties.Theystatedtheywouldreduceenergyconsumptionifithelped
theenvironment,particularlyhouseholdsinCluster2thathadstrongenvironmentalconcernsand
werefullyawareofthefactthatcoalwasdirectlyresponsibleforglobalwarming.Informationonhow
energyconsumptionimpactingtheenvironment,aswellasenergy-savingtipsshouldbeprovidedby
utilitiesandpolicymakers.Specifically,Cluster2,whichhasthestrongestenvironmentalconcerns
andbillreductionmotivationsandhencewesuggestpolicymakersusethisclusterforfurthertrials.
DespitethefactthatgreenenergyproductionintheUKhasbeengrowing,thetrialidentifiedthat
lessthan2%usedittoheatwaterortheirproperty.Thisshouldbereflectedinfuturegreenenergy
supply-demandregulations.

rESEArCH ANd PoLICy IMPLICATIoNS

research Implications
Thisstudycontributestoresearchindifferentways.First,wecontributetoresearchonsmartmeters
andenergyconsumptionbehavioratthe‘household’level,whichislimitedinISliterature.Second,
theutilizationofdataminingtechniquestomodelresidentialelectricityconsumption,whichisthe
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focusofthecurrentstudyhassofarbeenlimitedinISliterature.Thefindingsfromsegmentation
analysisprovideinsightintothecharacteristicsbehindelectricityconsumptionfordifferentgroups
of households. Third, previous research has mainly used low-resolution and aggregated energy
consumptiondataduetolackofadvancedmeteringtechnologies.Weuseelectricityconsumptiondata
obtainedviathesmartmetersandcombinewithsocio-economicandbehavioraldatatounderstand
differentgroupsofelectricityconsumers.Forcustomersegmentation,itiscrucialtoobtaininformation
onthe‘actualenergyconsumption’ofcustomersusingsmartmetersratherthanlowresolutionand
aggregateddata,whichismainlyusedbypreviousresearch.

Fourth,previousstudieshaveonlycollectedpartialdata.However,interactionsamongdifferent
characteristicsofferagreaterpossibilityforunderstandingtheunderlyingdeterminantsofelectricity
consumption, and so improving energy efficiency campaigns. In order to fill the gaps in the IS
literature,weapplyalargedatasetcomprisingofvariedhousehold,socio-economicandbehavioral
characteristics,which isvital inmodeling residential electricity consumption.We laya stronger
focusonattitudes,environmentalawareness,opennesstochange,andweanalyzetheimpactofpeer
effectsandsocialnorms.Thesefindingsprovideadeeperunderstandingofthehouseholdenergy
consumptionandbehaviorchangesandtherefore,leadstoimplicationsforpractice.

Practical Implications
Whencreatingnewpoliciespositionedat specifichouseholdgroups,werecommendusing
classification model to allocate residential households into identified clusters and develop
‘tailored’energy-savingincentivesandenergyefficiencycampaigns,basedonthecluster’s
energyusage informationand theirattitude.Analyzingenergyconsumptionandhousehold
behaviorchangesbysegmentscanguidepolicymakerstomakebetterdecisionsbasedoneach
householdgroupsandassisttheminimplementingchangesmoreeffectively.Corbett(2013)
argues smart meters enable utilities to capture billions of data points regarding electricity
demandunderdifferentconditions,customersegments,andtimeofuse.Withthisadditional
information,utilitieswillbeable todesignand implementa rangeof innovativeprograms
targetedatdifferentcustomersegments.Ratherthanusingaone-size-fits-allapproach,better
collectionofdatawillallowutilitiestodesignamoresegmentedandeffectiveportfolioof
demand-sidemanagement.

Sodenkampetal.(2015)arguethattheclassificationofutilitycustomersbasedonelectricity
consumption data solves a well-known business problem of a large industry, and improves the
effectivenessof energy conservation campaigns. Similarly, Loock et al. (2013) have shown that
informationsystemsprovidingspecificfeedbackonindividualhouseholdsareextremelyvaluable
forenergycompaniesinordertodesigntargetedmotivationalpoliciesthatengagecustomerswith
energyefficiencycampaigns.

Energysuppliersshouldidentify‘themostreluctant’groupsandexplainthebenefitsofreducing
energyconsumptiontothesegroups.Thisshouldincludeadvisinghowtodoit,aswellasproviding
extensivesupportandincentives.Forexample,householdsthatfittheprofileofCluster1shouldbe
contactedviamail,astheyareunlikelytohaveInternetaccess.Inaddition,thesehouseholdsshould
receivehelptoimprovedwellinginsulationtoescapefuelpoverty.Moreaffluenthouseholds(such
ashouseholdsinCluster2)shouldbeencouragedtoreduceenergyusagebyenvironment-related
incentives.Allrespondentsdemonstratedastrongacceptanceofelectronicmonitoringdevicesalong
withtheadditionalinformationresourcesandtools(likefridgemagnet).Furthermore,aseparate
programshouldbeimplementedsupporting‘fuelpoor’householdsduetothehighnumberofsuch
householdsinNorthernIrelandinordertoimproveinsulationinthedwellingsandprobablyoffer
betterpriceincentives.
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CoNCLUSIoN

ThisstudyfounditispossibletosegmenthouseholdcustomersinNorthernIrelandintofourdistinct
clusters.Themostinfluencingfactorswhendefiningthesesegmentsweretotalenergyconsumption,
internetaccess,otheroccupant’sinternetusage,occupanttype,willingnesstoreduceenergy,and
thenumberofoccupantswhoworkforpay.Thetrialparticipantslargelydemonstratedapositive
attitudetowardsthetrial.Majorityofrespondentsinitiallydidnotbelieveinmakingenergysavings.
However, they triedusing thefeedbackon theirelectricityusage,andsomewereencouragedby
thepotentialtoreduceenergybillsorhelptheenvironmentandweremorewillingtochangetheir
lifestyle.Respondentsdidnotchangehowtheycooked.However,someofthemchangedthetiming
ofusingtheirappliancetonighttimedespiteconcernstowakeupneighborsorcauseafire.Atthe
sametime,somefeltmorereluctanttoadoptthenewtechnology,astheyfelttheydidnothavetobe
toldhowandwhentouseenergy.

Thisstudyisnotfreefromlimitations.Weprimarilyfocusedonenergyconsumptionrecords
andrespondentopinions.Variousexternalfactors,likeweather,timeoftheyear,inflation,household
incomewasunknown,hence,theirimpactontheenergyconsumptionbehaviorwasnotanalyzed.
Itwasimpossibletoestimatehouseholdenergysavingsresultedafterthetrial,asnoinformation
waspubliclyavailableabouthowmucheachhouseholdpaidfortwo-weekenergyusagebeforeand
duringthetrial.

Previous research has also found consumption behavior depends on whether occupants are
propertyownerortenants.Thepropertyownersmightbemorewillingtomakelong-terminvestments
indwellingenergyefficiency,whiletenantsaremorelikelytochangetheirenergyhabitstoreduce
bills(Davis,2010;Dillahuntetal.,2010).Thereisaneedformoresophisticatedproactivepolicies
thatwouldregulateconsumers’expectationsconcerningthebenefitsandchallengesofsmartmeter
installation.Moreover,relevantcommunicationstrategiesfordifferentclustersshouldbeidentified.
Futureresearchshouldalsoexaminetheinformationqualityandusefulnesstoconsumers.Thiswould
improvethequalityoffeedbackprovidedtotheend-users.
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Table 2. Energy Consumption Behavior Part 1

Construct Corresponding Items Items Sources

Performance
Expectancy(PE)

PE1.Ifindm-governmentserviceusefulinmydailylife.
(Hoque&Sorwar,
2017;Venkatesh
etal.,2003)

PE2.Usingm-governmentservicehelpsmeaccomplishthingsmorequickly.

PE3.Usingm-governmentserviceincreasesmyproductivity.

PE4:Usingm-governmentserviceimprovesmyqualityofwork.

EffortExpectancy
(EE)

EE1.Learninghowtousem-governmentserviceiseasyforme.
(Hoque&Sorwar,
2017;Venkatesh
etal.,2003)

EE2.Myinteractionwithm-governmentserviceisunderstandable.

EE3.Ifindm-governmentserviceeasytouse.

EE4.Itiseasyformetobecomeskillfulatusingm-governmentservice.

SocialInfluence
(SI)

SI1.PeoplewhoareimportanttomethinkthatIshouldusem-government
service.

(Hoque&Sorwar,
2017;Venkatesh
etal.,2003)

SI2.PeoplewhoinfluencemybehaviorthinkthatIshoulduse
m-governmentservice.

SI3.PeoplewhoseopinionsthatIvaluepreferthatIusem-government
service.

Facilitating
Condition(FC)

FC1.Ihavetheresourcesnecessarytousem-governmentservice.
(Hoque&Sorwar,
2017;Venkatesh
etal.,2003)

FC2.Ihavethesupportnecessarytousem-governmentservice.

FC3.M-governmentiscompatiblewithothertechnologiesIuse.

Technology
Anxiety(TA)

TA1.Usingm-governmentserviceswouldmakemeverynervous.
(Hoque&Sorwar,
2017;Xueetal.,
2012)

TA2.Usingm-governmentservicesmakemeworried.

TA3.Usingm-governmentservicesmaymakemefeeluncomfortable.

TA4.Usingm-governmentservicesmaymakemefeelconfused.

Resistanceto
Change(RC)

RC1.Idon’twanttousem-governmentservicestochangethewayIdeal
withpublicservice-relatedproblems.

(Bhattacherjee&
Hikmet,2008;R.
Hoque&Sorwar,
2017)

RC2.Idon’twantthem-governmentservicestochangethewayIkeep
myselfactive.

RC3.Idon’twantthem-governmentservicestochangethewayIinteract
withotherpeople.

Self-actualization
(SA)

SC1.Learningm-governmentservicesgivesmetheopportunityforpersonal
development.

(Phangetal.,
2006;Porter,
1963)

SC2.Learningm-governmentservicesincreasemyfeelingsofself-
fulfillment.

SC3.Learningm-governmentservicesgivemeafeelingofaccomplishment.

Declining
psychological
conditions(DPC)

DPC1.Irequiremorephysicalandmentalefforttoperformm-government
services.

(Phangetal.,
2006)DPC2.Ifoundtousem-governmentserviceslimitmyabilitythatIcan

performedearlier.

DPC3.Itisdifficultformetooperatem-governmentservices.

Behavioral
Intention
(BI)

BI1.Iintendtousem-governmentserviceinthefuture.
(Hoque&Sorwar,
2017;Venkatesh
etal.,2003)

BI2.Iwillalwaystrytousem-governmentserviceinmydailylife.

BI3.Iplantousem-governmentservicefrequently.
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Table 3. Energy Consumption Behavior Part 2

Variable Description Frequency Percentage

Gender
Male 188 64%

Female 106 36%

Age

60–64 155 53%

65–69 90 31%

70–74 30 10%

Morethan75 10 3%

EducationalQualification

SSCorbelow 32 11%

HSC 116 39%

Bachelor 104 35%

Higher 42 14%

OwnMobilePhone
Yes 204 69%

No 90 31%

Mobilephoneusage
experience

1-3years 33 11%

4-7years 176 60%

8-10years 65 22%

Morethan10 20 7%


