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ABSTRACT

Recentyearshavewitnessedprogressofpublicinstitutionsinmakingtheirdatasetsavailableonline,
freeofcharge,forre-use.Therehavebeenhoweverlimitedstudieswhichassesstheactualeffectiveness
ofdifferentcommunicationmediainmakingkeyfactsvisibletocitizens.Thisarticleanalysedand
systematicallycomparedtworepresentationswhicharerelevantinthecontextofopengovernment
data:geovisualizationsanddatatables.Anempiricaluserstudy(N=16)revealedthatbothtypesof
representationshavetheirstrengths:geovisualizationsmakespatialknowledgeandtheattractiveness
ofopengovernmentdatamorevisible,whiledatatablesaremoreadequateforthecommunication
ofnumericaldata.Theideaspresentedarerelevanttoopendatapublishersinterestedinstrategiesto
effectivelyputthehiddenknowledgeincurrentopengovernmentdatasetsintothehandsofcitizens.

KEywORDS
Geovisualization, Open Government Data, Smart Cities, Tabular Data, Transparency

1. INTRODUCTION

Thetopicofsmartcitieshasattractedgrowinginterestfromresearch,industryandlocalgovernments.
Manydefinitionsexist,reflectingthepluralityofperspectivesinthecontext.Withinthisarticle,asmart
cityisdefinedafterYinetal.(2015)as“asystematicintegrationoftechnologicalinfrastructuresthat
reliesonadvanceddataprocessing,withthegoalsofmakingcitygovernancemoreefficient,citizens
happier,businessesmoreprosperousandtheenvironmentmoresustainable”.Citizenparticipation(i.e.
gettingcitizenstotimelyvoicetheiropinionsandwishes)isakeyaspectofmakingcitygovernance
more efficient and citizens happier. Indeed, as Milakovich (2010) noted, “Citizen participation
provides a sourceof special insight, information, knowledge, and experience,which contributes
tothesoundnessofgovernmentsolutionstopublicproblems”.Improvedcitizenparticipation,in
turn,requiresgreatertransparencyascitizensmustknow(orbemadeknown)whatishappeningin
theircityandhowtheycanbestcontributetoit,inordertoeffectivelyparticipate.Asindicatedby
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previouswork(e.g.Janssen,CharalabidisandZuiderwijk,2012;Ubaldi,2013;Hossain,Dwivediand
Rana,2016),opengovernmentdataisakeyenableroftransparency.Thereareseveraldimensionsof
transparencydiscussedin(JohannessenandBerntzen,2018),butinthisworkthefocusisonwhat
JohannessenandBerntzen(2018)called‘benchmarkingtransparency’,i.e.theavailabilityofopen
data(e.g.resultsfromusersurveys,demographicinformation),whichcitizensandinterestedparties
canusetogetabetterideaofwhatishappeningwithingovernmententities.

Despiteagreateravailabilityofopendatasets,thereis“stillalongwaytogotoputthepowerof
datainthehandsofcitizens”(TheWorldWideWebFoundation,2015).Visualising-orgeovisualizing
-opendataseemsthenextlogicalsteptoputopendatainthehandsofcitizens.Brunetti,Auerand
García(2012)andBrunettietal.(2013)formalisedthewholeprocessofgettingfromarawdatasettoa
visualisationasaframeworkcalledtheLinkedDataVisualisationModel(LDVM).LODVisualization
(Brunetti,AuerandGarcía,2012)andLinkedPipesVisualisation(Klímek,HelmichandNečaský,
2016)aretwoexamplesoftoolswhichsupportLDVM.Thecurrentworkdiffersfromthesetwoin
mainlytwoways:(1)adeliberatefocusongeographicdatapreparation,visualisationandinteraction
(whilethetwoworksaforementionedtakeamoregenericapproachtowardsvisualisationofopendata
ontheweb);and(2)anaccountforthetransformationfromnon-RDFdatasourcestoRDF(which
thetwoothertoolsdidnotintendtoaddress).Themaincontributionsofthisarticlearetwofold:

• Anempiricalinvestigationofthemeritsoftable-basedandgeovisualization-basedrepresentations
forinformationsearchinthecontextofopengovernmentdata(OGD).Giventhatgeovisualization
creationon topofopengovernmentdatanecessitateshumaneffort,empirical investigations
ofthissortareneededtoincreaseourunderstandingofwhenmakingthatextrainvestmentis
sensible,andwhennot;

• Anarticulation,basedonexistingtheoreticalworkanddatacollectedfromparticipants,ofthe
distinguishingcharacteristicsofinteractivemapsandinteractivedatatables.Thevalueofthis
characterizationliesinagreaterunderstandingofthestrengthsandlimitationsofbothtypesof
representationswhenusedascommunicationmedia.

BackgroundispresentedinSection2,beforetheintroductionofsomeillustrativegeovisualizations
developedtoincreasetransparencyinthecontextofOGD(Section3).Section4presentsacontrolled
experiment done with 16 participants to assess the impact of both types of representations on
transparencyenablement.Section5discussestheimplicationsoftheresultsobtainedaswellasthe
overalllimitationsofthework,andSection6concludesthearticle.

2. BACKGROUND AND RELATED wORK

KamaruddinandMdNoor(2017)identifiedfourcomponentsofcitizen-centricitywhichareused
asastartingpointinthispaper:openness,transparency,responsivenessandparticipation.Inline
with(MichenerandBersch,2013),transparencyisviewedhereashavingtwodimensions:visibility
andinferability.Thevisibilitydimensionreferstotheextenttowhichinformationiscompleteand
easilylocated;theinferabilitydimensionpointstothedegreetowhichinformationcanbeusedto
drawaccurateconclusions.Conceptually,amapcanbeviewedasageometricstructure(Peuquet,
1988),agraphicalimage(Peuquet,1988)orasetofstatementsmadebyanauthoratapointintime
(Degbelo,2017).Takingtheviewpointofmapsasstatementsasastartingpoint,webmapsarehelpful
toenablegreatertransparencyinthattheycanmakevaluemorevisibleandinferable.Valueofwhat?
Ofactivities,processesandproductspertainingtothepublicsphere.Whyvalue?Becausegetting
andkeepingcitizensinterestedintheparticipatinginpublicdecisionsreliesuponanappropriate
communicationof thevalueof theirparticipation.Value,asusedhere, is inlinewithBenington
(2009)’sdefinitionof ‘publicvalue’, andencompasses“ecological,political, social, andcultural
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dimensionsofvalue”(orsimplysaid,allthataddsvaluetothepublicsphere).Theremainderofthe
articlewillnotdiscussallpossible(andnumerous)dimensionsofvaluesinthecontextofpublic
sphere.Instead,itfocusesongeovisualizationswhichenablegreatertransparencybymakingthe
valueofopen(government)datamorevisibleandinferable.Valueofopendatahasmanydimensions
(i.e.technical,economic,social,cultural,andpolitical)whichwerediscussedin(Attard,Orlandiand
Auer,2016).Thevaluecreationassessmentframeworkof(Attard,OrlandiandAuer,2016)listsno
lessthan19(mostlytechnical)aspectswhichshouldbeconsideredwhenevaluatingthepotentialof
anopengovernmentdatainitiativetoenablevaluecreation.Threeofthese19aspectswereaddressed
inthecurrentwork(seeSection3):

• Data usability:DatasetsinformatssuchasCommaSeparatedValues(CSV),PortableDocument
Format(PDF)orResourceDescriptionFramework(RDF)arenotnecessarilycitizen-friendly.
Visualisingthemisawayofaddingtotheirvalue;

• Background context:Linkingdatasetstorelateddatasets(orsimplymakingmorespecifictheir
semanticsthroughaconversionintoRDF)addsvaluetoexistingdatasetsbyreducingambiguities
regardingtheirinterpretation;

• Rate of reuse:Providinginformationaboutthere-userateofsomedatasetsisawayofunveiling
theiractualsocial value.

Insum,transparencyiskeyforincreasedcitizen-centricityontheroadtowardssmartercities.
Geovisualizationsofopengovernmentdatacanactastransparencyenablersinthattheyhelpmake
thevalueofexistingdatamorevisible.Thenexttwosubsectionsbrieflyreviewrelatedworkonopen
governmentdataaswellasgeovisualizationsinthecontextofsmartcities.Itisworthmentioninghere
thatthereisastrongconceptualoverlapbetweencitydataandopengovernmentdata.Forinstance,
Ubaldi(2013)definedopengovernmentdatatoincludemeteorologicaldata,socialdata(e.g.statistics
onemployment,health,population,publicadministration)andtransportationdata.Allthesetypes
ofdatasetsarealsocitydatasetsbyvirtueofthefactthattheirgeographicalcomponentistiedto
(oneormany)cities.Putdifferently,georeferencedopengovernmentdataisverylikelycitydata.

2.1. Open Government Data
OpenGovernmentandOpenGovernmentDatahaveattractedsignificantattentionfromresearchin
the recentyears.Criado,Ruvalcaba-GómezandValenzuela-Mendoza (2018) found transparency
andparticipationtobestronglytiedtoopengovernmentintheirreviewofaninternationalliterature
coveringtheperiodof2011-2015.OtherreviewsoftheliteraturehavepointedoutthatOGDincludes
awiderangeoftopics,bothtechnologicalandnon-technologicalones(Charalabidis,Alexopoulosand
Loukis,2016),thatmostcommonapproachestoOGDcurrentlyincludedataportals,datacatalogues,
andservices(Attardet al.,2015),andthatpotentialusersofopengovernmentdataincludedevelopers,
activists, non-governmental organizations and citizens (Safarov, Meijer and Grimmelikhuijsen,
2017).Factorsinfluencingcitizens’participationinopengovernmentprojectsincludetheperceived
enjoymentoftheproject,theextenttowhichtheybelievetheycanactuallychangetheirenvironment,
andtheirattitudetowardscivicduties(seeWijnhoven,EhrenhardandKuhn,2015).

Jetzek,AvitalandBjørn-Andersen(2013)pointedoutthatOGDhasthepotentialtoincrease
socialwelfarethroughthegenerationofeconomicandsocialvalue.Alongthesamelines,Geiger
andvonLucke(2012)indicatedthatOGDcomeswithseveralopportunitiessuchasthemodernizing
ofpublicadministrationsinanincreasinglyopenworld,thestrengtheningofanactivecitizenship,
andinnovationsforcitizensandpublicadministrations.Despitethesepromises,anumberofstudies
(e.g. Zuiderwijk et al., 2012; Beno et al., 2017; Benitez-Paez et al., 2018) have indicated some
obstaclesontheroadstowardsreapingthesebenefits.SolutionstofacilitateOGDre-useinclude
frameworks,ontologiesaswellastools.Benitez-Paez,Comber,etal.(2018)proposedaframework
toimprovere-useofopengeodataincities.Theframeworkincludedfourcomponents:user-focused
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metadata, communityof re-use,datausers’ identification, aswell as re-use focused legal terms.
Anotherframeworkproposedinpreviousworkisthe‘LinkedGovernmentDatapublishingpipeline’
(Maali,CyganiakandPeristeras,2012),whichisbasedonGoogleRefine,andaimsatenablingdata
consumerstoconvertgovernmentdataoftheirchoiceintolinkeddata.Withrespecttoontologies,
Muñoz-Soroetal.(2016)developedPPROC,anontologytosupportthesemanticdescriptionof
publicprocurementprocessesandcontracts.MockusandPalmirani(2017)presentedtheOGDL4M
ontology,acollectionoftermsforthedescriptionoflegalrules,copyrightanddatabaserightsin
thecontextofOGD.Regardingtools,Futiaetal.(2017)presentedalinkeddatadrivenapproach
(aswellasasystem)tointegrateItalianprocurementdatasetsandenhanceinformationcoherence
inopenItalianpublicprocurementdatasets.Matheus,JanssenandMaheshwari(2018)arguedthat
dashboardscan improve transparencyandaccountability,andpresented twodashboardsre-using
opengovernmentdatasetsfromthecityofRiodeJaneiro,Brazil.Degbeloetal.(2019)presented
theOCTTransparencyTool,aprototypewhichaimsatincreasingtransparencybyinformingabout
opendatasetusageinapplications,placesfromwhichanapphasaccesseddatasets,andplacesfrom
whichdatasetswerecalled.TheIESCITIESplatform(López-de-Ipiñaetal.,2013;Aguileraetal.,
2017)takesadvantageofexistingopengovernmentdataandcombinesitwithurbandatagenerated
bysensorsaswellasuser-generateddata,toofferavarietyofservicespertinenttourbanlife.

2.2. Geovisualizations for Open Government Data and Smarter Cities
Ageovisualizationcanbedefinedasthe‘mappingofgeographicinformationtovisuals’(definition
adaptedfromMurray,2013).Inlinewith(Roberts,2008),geovisualizationscanbeofoneofseven
types:Maps/Cartograms,Networks,Charts/Graphs,Tables,Symbols,DiagramsandPictures.Thatis,
anymapisageovisualization,butageovisualizationneednotbeamap.Geovisualizationisaform
ofinformationprocessing,acompellingformofrhetoricalcommunication,andismoreaprocess
ofcreatingthanaprocessofrevealingspatialknowledge(seeDodge,McderbyandTurner,2008).

Theimportanceofgeovisualizationsfortherealizationofthevisionofsmartercitieshasbeen
acknowledged in previous work. As Dykes et al. (2010) indicated, the quantity, complexity and
heterogeneityof thecitydatasetsposeaseriesof researchchallenges,andgeovisualizationscan
playavitalroleinmakingsenseofthesedatasets.Degbelo,Granell,etal.(2016)listedsixcitizen-
centricchallengesforsmartcities(i.e.engagementofcitizens,theimprovementofcitizens’data
literacy,thepairingofquantitativeandqualitativedata,theneedforopenstandards,thedevelopment
ofpersonalservices,andthedevelopmentofpersuasiveinterfaces),andpointedoutthatmapsare
ahelpfultoolinaddressingallsixchallenges.FechnerandKray(2014)andMarzoukietal.(2017)
argued that geovisualizations can facilitate citizen engagement. In particular, Fechner and Kray
(2014)proposedthatmapscanbeusefulinpubliconlinedialogplatforms,andpresented‘Dialog
Map’,aninteractivemapwhichdisplaysengagementopportunitiesforsustainabilityprojectsand
openissues.Iftheconjecturesongeovisualizationsandcitizenengagementintheliteraturepainta
positivefuture,onemustnotforgetthatinvolvingcitizenscomeswithits’ownbunchofissues.For
instance,Ballatore(2014)listedanumberofissuesincollaboratively-generateddigitalcartographic
artefacts(e.g.intentionalorunintentionaldefacement),andtheseissuesarelikelytoresurface,should
geovisualizationsbeadoptedasmediumduringparticipatoryprocessesincities.

Geovisualizationshavebeenusedasatooltosupporttheanalysisofcriminalactivity(Roth,
RossandMacEachren,2015;GodwinandStasko,2017),urbanchangesoveraperiodof250years
(Tucci,GiordanoandRonza,2010), publichealth (Robinson,Roth andMacEachren,2011) and
urbanemissions(Ahlerset al.,2018),tonamebutafew.Recentworkhasalsobeguntoexplorethe
useofsocial-mediagenerateddatasetsforagreaterunderstandingofcityprocesses.Godwin,Wang
andStasko(2017)usedgeotaggedtweetstoconstructrepresentationsofneighbourhoodtopicsas
typographicmaps.Robinson(2018)presentedaframeworktoevaluatethedesignofmapsthatreach
rapidpopularityviasocialmediadissemination.GravesandHendler(2013,2014)providedinsights
intousers’wishesinthecontextofvisualizationofopengovernmentdata.Theyreportedforinstance
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thatusersfinditimportantto(1)knowwherethedatausedinavisualizationcomesfrom,(2)know
howthedatawasprocessedtoyieldavisualization,and(3)begiventhepossibilityofmodifying
existingvisualizationsabit,and(4)bringintheirowndata,andhaveavisualizationwhichtheyhave
seenontheWebbere-createdforthem.

Collectionsof(geo)visualizationsforcitydataontheWebhavebeguntoemerge.Examples
include DataMade (https://datamade.us/), CityViz (https://cityfutures.be.unsw.edu.au/cityviz/).
Visualizing Cities (https://cityvis.io/), CityLab (https://www.citylab.com/) and Data-Smart City
Solutions(https://datasmart.ash.harvard.edu/)1.Adrawbackofnumberofthesegeovisualizationsis
thatre-usingthemindifferentcontextsisstillachallenge.DegbeloandKray(2018)suggestedthat
increasingtheintelligenceofthesegeovisualizationscouldhelpmitigatethatissue.

2.3. Summary
ThisbriefsummaryofpreviousworkillustratesthattransparencyisanimportanttopicforOGD,
andthatsolutionsarecomingforthtohelpmitigateopendatare-useissues.Geovisualizationsare
crucialforOGD.Theirimportancehasbeenrecognizedforthebroadervisionofsmartercities,and
theyarekeytooforOGD,sincegeoreferencedOGDiscitydata.Despitetheuseofgeovisualizations
inseveralsmartcitiesusecases,thereisstillaneedforempiricalinvestigationsclarifyingtheactual
roleofgeovisualizationsinenabling(ornot)transparency,atopicofimportanceforbothOGDand
smartcitiesvisions.Thisgapisaddressedintheremainderofthepaper(seeSection4).

3. EXAMPLE wEB MAPS ENABLING GREATER TRANSPARENCy

Asdiscussedin(Degbelo,2017),twotechniquesareparticularlysuitabletoenablegreatertransparency
inthecontextofopengovernment,namelyLinkedDataandvisualisation.LinkedDataincreases
transparencyformachines,andvisualisationsdosoforhumans.Toillustratetheidea,36students
(dividedintogroupsofthreetosixmembers)wereaskedtotakeexistingopendata,transformit
intolinkedopendata,andgeovisualiseit.Thestudentswerepartoftwoclassesorganizedattwo
consequentyears(oneclasstookplacewith19peopleinthewinterterm2015/2017,andthesecond
tookplacewith17peopleinthewinterterm2016/2017).

Wedesignedbothclassesaroundtheideaofblendedlearning,thuscombiningactivitiesonline
withthoseattheclassroom.Wesharedreadingsandvisualizationexamplesonline.Thiswasdone
inaflipped(orinverted)classroomfashion(seee.g.Mason,Shuman,andCook2013).Eachgroup
also presented their progress in online sessions aired between University of Münster and Aalto
University(inFinland).Weusedclassroomsessionsforagileco-creationofsketchesofdatamodels
andvisualizationsbygroups.Differentphasesoftheworksbystudentswerepresentedviagallerywalk
forgettingfeedbackfromothergroups,andtosupportimprovingtheirownwork.Forclassdesigns,
weprioritizedactivelearningmethodsoverpassivelearningonesforbothonlineandclassroom.

In the first class, open data from Münster was used as raw data; in the second class,
participantswereaskedtoworkwithopendataoftheirchoice.Theywereallnon-familiarwith
LinkedData,andhadvariousdegreesoffamiliaritywithwebtechnologies(likeHTML5,CSS,
JavaScriptorNode.js).Theappsbasedonexistingopendata,andbuiltaspartofthepractical
workwithintheclassesare:CrimeMapper(A1):awebappforcitizensandtouriststogeta
betteroverviewofthecrimesinGreaterLondon;MünsterHouseholds(A2):aninteractivemap
for citizens andcity councils to seehouseholdsdata fromMünsterbetween2010and2014;
MünsterMigration(A3):aninteractivemapforcitizensandcitycouncilstogothroughmigration
statisticsfromMünsterbetween2010and2014;MünsterPopulation(A4):aninteractivemap
forcitizensandcitycouncilstobrowsepopulationdatafromMünsterbetween2010and2014;
MünsterSocialInsurance(A5):aninteractivemapforcitizensandcitycouncilstogetanidea
aboutthenumberofemployeessubjecttosocialinsurancecontributionsinMünsterbetween
2010and2014;MünsterUnemployment(A6):aninteractivemapforcitizensandcitycouncils
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toexploreunemploymentdatafromMünsterbetween2010and2014;ReferendumMapMünster
(A7):an interactivemapforcitizensandcitycouncils tosee resultsof the2016referendum
regardingopeningshopsintheMünstercitycentre;andWildlifeColumbia(A8):awebappfor
policymakersandresearcherstoseeinformationaboutprotectednaturalreservesinColumbia,
andspeciesthatinhabitthesereserves.

Besides increasingdatausability andprovidingbackgroundcontext about thedatasets
intrinsically,anovel featureof thewebmaps is theprovisionof informationof therateof
opendatausage.Technically,allwebmapsusethesemanticAPIfrom(Degbelo,Trilles,et
al., 2016)which enables app anddataset usage tracking, resulting in greater transparency.
Degbelo,Trilles,etal.(2016)suggestedthatAPIswhichreturndataitemsaccordingtotheir
types-whattheycalledsemanticAPIs-wouldleadtogreatertransparency(fordevelopers)
inanopengovernmentcontext,andidentifiedrecurrentcategoriesofopendatasetsbasedon
asurveyof40Europeanopendatacatalogues.EachofthewebmapsusingthesemanticAPI
getsa‘transparencybadge’(seeFigure1,bottomleftcorner),whichindicatestheirsupport
fordatasetusagetracking.Byclickingonthisbadge,theuserisredirectedtoadashboard-like
platformwhichprovidesinformationaboutallapplicationsavailable,theopendatasetsneeded
fortheirfunctioning,andtheiraccessratesofthesedatasets(seeFigure2).Theinformation
potentialofusersregardingwhatishappeningwithopendatasets(i.e.howtheseareusedin
oneormanyapps)istherebyincreased.Onecanalsovisualisemostdemandeddatasetsusing
the‘Datasets’tab(seeFigure2).

The transparencybadge ismainlyusefulhere to informabout rateofdatasetusage.Yet, its
conceptualscopeshouldnotbelimitedtothis.Onecouldenvisionfurtherusefulinformationprovided
tocitizensafteraclickonatransparencybadge.Exampleofrelevantinformationinthecontextof
opendatavisualisationinclude(thelistisfarfromexhaustive):

Figure 1. Münster unemployment - Application with visualises open data from Münster as a web map. The transparency badge 
signals greater transparency support (i.e. the presence of extra, useful contextual information) for users of the visualisation.
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• Estimated interaction time to get most out of the visualization:Thisestimatecouldbeprovided
bythecreatorofthevisualizationandherexperienceusingit,orcomputedbasedonfeedback
providedbypastusersofthevisualization;

• Source datasets of the visualisation:Accordingtothesurveyfrom(GravesandHendler,2013,
2014),thisisamostdesiredinformationbyparticipants;

• Trustworthiness of the visualisation, and of the dataset:AsTimBernersLeerecentlyreminded,
“It’stooeasyformisinformationtospreadontheweb”(Berners-Lee,2017).Thetransparency
badgecould,forexample,saywhetherthedata(and/oritsvisualisation)hasbeenverifiedbya
publicinstitution;

• Hints about data completeness: Participants from (Beno et al., 2017) mentioned data
incompletenessasoneofthemostseverebarrierstoopendataadoption.Informingaboutdata
completenessmaynotsolvetheissue,butisalreadyawayforward;

• Hints about data currency:Thelackofupdatesofpublishedopendataappearsatthetopofthe
listofparticipantsfrom(Benitez-Paez,Degbelo,etal.,2018)whenitcomestomajorbarriers
toopendatare-use.Herealso,informingaboutdataupdatingpoliciesdoesnotsolvetheissue,
butcan,atleast,helpcitizensknowwhattoexpect;

• Licensing information about the dataset, and the visualisation:Thisismostlyrelevantto
developersinterestedinre-use;

• Purpose of the data and the visualisation:Whythedatasethasbeencollected,andwhythe
visualisationhasbeencreated;

• Adoption examples:Howthedatasethasbeenadoptedelsewhere,andhowithasbeenusedin
that(orthese)scenario.

Figure 2. Dashboard-like visualisation of available applications as well as their access rates to existing applications
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Thefinallistofthetransparencybadge’sinformationalitemsmaybedecidedbyitsprovider.This
beingsaid,experiencefromthefoodindustry(wherenutritionfactslabelsforpackagedfoodshave
provensimpleandinformativetoconsumers)suggeststhatstandardisationoftheinformationalitems
ofatransparencybadge(e.g.throughtheW3C)couldbehelpfulforthewebasawholeatsomepoint.

Thedetailedanalysisofthewebmapsusingthetaxonomyofinteractionprimitivesfrom(Roth,
2013a)andcurrentvisualvariables(Roth,2017)waspresentedin(DegbeloandKauppinen,2018).
Table1summarizestheresults.AsGriffin(2017)indicated,theuseof‘coloursaturation’asvisual
variableinitsownrightisuncommon.Inaddition,assessing‘coloursaturation’withthehuman
eyeiserror-prone.Thus,‘coloursaturation’wasnotincludedintheanalysis.Thevisualvariableof
‘location’ispresentinallvisualizations,andthereforenotmentionedinthetable.Finally,theanalysis
tookonlythemapcomponentofthegeovisualizationsintoaccount(i.e.othercomponentssuchas
histograms,whenpresent,werenotincluded).

Table 1. Features of the web maps from (Degbelo and Kauppinen, 2018) - NT: Number of triples; NV: Number of vocabularies 
used; CV: custom vocabulary

NT NV 
(CV)

Open Dataset 
Used

Visual 
Variables

Operands // 
Objectives 
Supported

Work 
Operators

A1 485,331 10(1) crimedata colourhue

space-alone,
attributes-in-space,
space-in-time//
identify

pan,zoom,
retrieve,
resymbolize,
overlay,
calculate

A2 31,162 21(1) households
countdata

colourhue,
colourvalue

space-alone,
attributes-in-space,
space-in-time//
identify

pan,zoom,
retrieve

A3 1,391 4(1) migrationdata -

space-alone,
attributes-in-space,
space-in-time//
identify

pan,zoom,
retrieve,
resymbolize,
overlay

A4 6,668 9(1) populationdata colourhue,
colourvalue

space-alone,
attributes-in-space,
space-in-time//
identify,compare

pan,zoom,
retrieve,
resymbolize,
overlay,
calculate

A5 1,869 8(1)
socialinsurance
contribution
data

colourvalue

space-alone,
attributes-in-space,
space-in-time//
identify,compare

pan,zoom,
retrieve,
calculate

A6 4,399 6(1) unemployment
data colourhue

space-alone,
attributes-in-space,
space-in-time//
identify

pan,zoom,
retrieve,
overlay

A7 1,327 5(1) electiondata colourhue
space-alone,
attributes-in-space
//identify

pan,zoom,
retrieve,
overlay

A8 2,432 16(1)

endangered
speciesdata,
deforestation
data,social
indexdata

colourhue
space-alone,
attributes-in-space
//identify

pan,zoom,
retrieve,
resymbolize,
overlay,search
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4. COMPARING GEOVISUALIZATIONS AND DATA TABLES FOR 
THE PURPOSE OF TRANSPARENCy ENABLEMENT

Giventhewebmapsgeneratedin theprevioussection, thequestioniswhether theytrulyenable
transparency as advanced by previous work (e.g. Degbelo, 2017). A controlled experiment
was performed to collect some empirical evidence for this question. The experiment used the
geovisualizationsA4andA6fromTable1andtheirrespectivetable-baseddatasourcesfromthecity
councilofMünster2.Thestudyhassimulatedinformationsearchbycitizensinthecontextofopen
government,andrestedonthefollowingkeyassumptions:

• A table-based rendering of some data, and a geovisualization-based rendering of the same
dataare,infact,tworepresentationsofthesamedata.Representationisusedhereinthesense
of(MocnikandFairbairn,2018):‘Representationsaresubstitutesfor,andtransformationsof,
realityandreal-worldphenomena:theyarelayersbetweenourunderstandingandtherealworld,
intendedtobeusedassurrogatesforexperiencingtherealworld’;

• Asourcedatasetanditsgeovisualizationcanbeconsideredinformationallyequivalentinthe
senseof(LarkinandSimon,1987):‘Tworepresentationsareinformationallyequivalentifallof
theinformationintheoneisalsoinferablefromtheother,andviceversa’;

• ArepresentationAissaidtoenablegreatertransparencythananotherrepresentationB,ifand
onlyifAprovidesfasteraccesstosomeinformationthanB;

• ‘Informationisthereplytoaquestion’(Bertin,1981,page11).

4.1. The Spirits of Map-Based and Table-Based Representations
A spirit of a representation is “the important set of ideas and inspirations that lie behind (and,
significantly,areoftenlessobviousthan)theconcretemachineryusedtoimplementtherepresentation”
(Davis,ShrobeandSzolovits,1993).Table2presentsanoverviewofmostimportantunderlying
assumptionsofgeovisualization-basedandtable-basedrepresentations.TheideaspresentedinTable
2areadaptedfromMocnikandFairbairn(2018),whoprovidedadetailedcomparisonofmap-based
andtext-basedrepresentationsforthepurposeofstorytelling.Itisworthmentioningherethat‘table-
basedrepresentation’denotesthepresentationofadatasetpresentedintheformofatableinaPDF
file(asisoftenthecaseofopendatainthecontextofopengovernment).Aspectstoucheduponin
Table2addresscharacteristicsofgeovisualizationsandtableswhentheyplay(Davis,Shrobeand
Szolovits,1993)’sfifthroleofknowledgerepresentations,thatis,whentheyareusedasmediaof
humanexpressionandcommunication.Sincetheexperimentdescribedlaterprimarilyfocusedon
themapcomponentofthegeovisualizations,thebriefcomparisonthatfollowsonlyexposesthecore
similaritiesanddifferencesbetweendatatablesandmaps:

Table 2. Similarities and differences between maps and data tables when used as media of human expression and communication

Aspect Map-Based Representation Table-Based Representation

Nature Spatiallyorderednetwork Matrix

Numberofdimensions Two-dimensional Two-dimensional

Interactivity LowtoHigh Low

Dependency Dependentonadatatable Standalone

Levelofgeographicdetail Restricted Boundless

Modellingofspatialrelations
Spatialrelationsimplicitly
represented;incoherencieshardly
possible

Spatialrelationsneedtobeexplicitly
represented;incoherenciespossible
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• Nature:Following(Bertin,1981;Ermilov,AuerandStadler,2013),atableisamatrix,where
dataitemsareorderedaccordingtosomecharacteristics;amaponthecontraryisaspatially
orderednetwork(seeBertin,1981,1983).Thenodesofthisnetworkarepoints,andtheedges
areconnectinglinesbetweentwopoints;

• Number of dimensions: It follows from their nature that both tables and maps have two
dimensions.Sincethecontexthereisthatofdigitalrepresentations,thesetwodimensionsare
thoseofthescreen;

• Interactivity: Both types of representations are interactive, albeit with some noticeable
differences.Interactivemaps,whicharemostcommoninthedigitalage,area‘dialoguebetween
ahumanandamapmediatedthroughacomputingdevice’(Roth,2013b).DatatablesinaPDF
fileareprimarilystatic,butaffordinteractivitythroughtheuseofthesearchfunction.Interactivity
inthecontextofPDFdatatableswillarguablyremainlow;incontrast,interactivemapssupport
arangeofinteractionpossibilitiesfrom‘low’to‘high’asthecartographycube(seeforexample
Roth,2013b)suggests;

• Dependencies:Asmentionedin(Bertin,1981),‘anygraphicconstructionoriginateswithadata
table’.Thatis,amapisnecessarilydependentonanothertypeofrepresentation,namelytheone
fromwhichitderives;adatatable,onthecontrary,canstandonitsown.Thus,adatatableisa
standalonerepresentation,whilethemapisadependentrepresentation;

• Level of geographic detail:Asdiscussedin(MocnikandFairbairn,2018),geographicdetails
cannotbeaddedtomapsad infinitum.Amapusuallyhasafixednumberofpredefinedlevels
ofdetails(e.g.afixednumberofzoomlevels),butthisistypicallynotthecasefordatatables,
wheretheuseoftextenablesboundlesslevelsofgeographicdetails(atleastintheory);

• Modelling of spatial relations: A map shows relative locations, spatial hierarchies, spatial
patternsandspatialarrangements,representingtherebyspatialrelationsimplicitly(Mocnikand
Fairbairn,2018).Since these spatial relationshipsareexactly similar to spatial relationships
betweenobjectsintherealworld,spatialincoherenciesarehardlypossible.Data-tablescannot
implicitlyimposespatialrelations(thesecanthenbeinferredthroughacloserscrutinyofthe
table),andthisimpliesthatspatialincoherencies/contradictionsarepossible.

4.2. User Study
Themain researchquestionexaminedduring the study is ‘what aredifferences, if any,between
geovisualization-based and table-based representation for transparency enablement in the OGD
context’?Datatoanswerthequestionwasgatheredduringauserstudy,inwhichparticipantswere
askedtocompleteasetofinformationsearchtasks(seeTable3):

• Tasks:Thesixinformationsearchtasksweredefinedbasedonpreviouswork(Roth,2013a;Roth
andMacEachren,2016).Roth(2013a)presentedanempiricallyderivedtaxonomyofinteraction
primitives.Theprimitiveswerearrangedacross thedimensionsofoperand (physical/virtual
objectwithwhichtheuserinteracts),goal(ill-definedtaskmotivatingtheuseofavisualization),
objective(well-definedtasksupportingthegoal),andoperator(actionsupportingthegoal).Roth
identifiedfiveprimitiveobjectives(identify,compare,rank,associateanddelineate)andthree
primitiveoperands(space-alone,attributes-in-space,space-in-time),andusedobjective-operand
pairingstodefineandtestbenchmarktasksforgeovisualanalyticsin(RothandMacEachren,
2016).Tominimizetheeffectofparticipants’fatigue,thefocuswasonlyonthe‘identify’and
‘compare’objectiveprimitivesinthisstudy.Definitionsofbothobjectiveandoperandsforthe
study,adaptedfrom(Roth,2013a),are:
◦ Identify objective:Examineanindividualdataelement;
◦ Compare objective:Determinethesimilarityanddifferencebetweentwodataelements;
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◦ Space-alone operand:Interactionswiththegeographiccomponentofthevisualizationonly;
◦ Attributes-in-space operand:Interactionswiththemappedattributestounderstandhow

characteristicsorqualitiesofgeographicphenomenavaryinspace;
◦ Space-in-time operand:Interactionswiththetemporalcomponentofthemaptounderstand

howgeographicphenomenachangeovertime;
• Procedure:  A within-group design, where par ticipants were exposed to both

representationswasused.Tominimize learning effects, theorder of exposure to the
representationswascounterbalanced,andtheparticipantswererandomlyassignedtoone
offourgroups:Group1(A4,D6),Group2(A6,D4),Group3(D4,A6)andGroup4(D6,
A4).First,participantswerewelcomedandprovidedgeneralbackgroundinformation
about themselves using a background questionnaire. Second, they performed the six
informationsearchtasks.Afterthecompletionofthesetasks,theywereaskedtolistpros
andconsforeachformofrepresentation,andrateeachofthetworepresentationsusing
thescaleintroducedin(Lohseetal.,1994).Allinteractiontaskswererecordedusing
Camtasia9.MousemovementandkeyboardinputwererecordedusingRUI-Recording
UserInput3.Theparticipantstookinaverage35minutestocompletethetasksandfill-
in thequestionnaires.Thestudywasapprovedbythe institutionalethicsboardat the
InstituteforGeoinformaticsandranfromJuly24thtillAugust2nd,2018.Screenshotsof
therepresentationsusedduringthestudyareprovidedintheAppendix;

• Participants:17participants(sevenfemale),fromdiversebackgrounds,tookpartinthestudy.
Oneparticipanttookmuchmoretime(requiringmuchassistanceduringthestudy)andhisdata
wasremovedfromtheanalysis.Figure3showsbackgroundinformationabouttheremaining
16participants(9male,7female).

As the figure illustrates, theparticipantsweremostlyyoung,buthadaquiteheterogeneous
backgroundwithrespecttoprofession,useofOGD,interactionwithgeovisualization,placeofliving,
andfamiliaritywiththecitydistrictsofMünster.

Table 3. Information search tasks given to the participants during the study

Dataset Objective
Information Search Questions

Space-Alone Attribute-in-Space Space-in-Time

Population

Identify
Inwhichdistrictisthecity
districtof‘BergFidel’
located?[T1]

Howmanypeoplelivein
thecitydistrictof‘Berg
Fidel’?[T2]

Whatwasthe
populationofthecity
districtof‘BergFidel’
in2013?[T3]

Compare

Among‘Sentrup’,
‘Aaseestadt’and
‘Geist’whichoneisthe
northernmostcitydistrict?
[T4]

Among‘Nord’and‘West’
whichdistricthasthe
largerpopulation?[T5]

Hasthepopulation
in‘Mitte’increased
between2013and
2014?[T6]

Employment

Identify
Inwhichdistrictisthe
citydistrictof‘Herz-Jesu’
located?[T1]

Howmanyemployees
areinthecitydistrictof
‘Herz-Jesu’?[T2]

Howmanyemployees
ofthecitydistrictof
‘Herz-Jesu’werein
2013?[T3]

Compare

Among‘Handorf’,‘Geist’
and‘Rumphorst’which
oneisthenorthernmost
citydistrict?[T4]

Among‘Südost’and
‘Hiltrup’whichdistrict
hasthemostemployees?
[T5]

Hasthenumberof
employeesin‘Mitte’
increasedbetween2013
and2014?[T6]
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4.3. Results
• Accuracy:Table4presentstheoverallaccuracyratesobtainedforbothrepresentations.Accuracy

heredenotes theproportionofcorrectanswersprovidedby theparticipants,andasonecan
see,theaccuracyrateswerehigh,andsimilarinbothconditions.Ananalysisofalmost1200
usability tasks showed that theaverage task-completion rate is78% (Sauro,2011).The fact
thataccuracies(andthustask-completionrates)werehighinbothconditions(andbeyondthat
benchmarkvalue)suggeststhatbothrepresentationsareusable(i.e.appropriate)forthegiven
OGDinformationsearchtasks;

• Time-based efficiency:Time-basedefficiencyreferstothetimetakenbytheparticipantsto
completetheinformationsearchtasks.Table5presentstheaveragedurationspertasksandFigure
4informsaboutthevariationspertaskandparticipants.Randlme44wereusedtoperformalinear
modelanalysisoftherelationshipbetween‘representation’and‘time’takentofindanswersto
thequestions.First,totestfortheinterdependenciesbetweenthetwovariablesofrepresentation

Figure 3. Background information about the participants



International Journal of Electronic Government Research
Volume 14 • Issue 4 • October-December 2018

51

andtask,alinearmixedmodel,withfixedeffectsbeingrepresentationandtask,andsubjects
(i.e.participants)asrandomeffectwasused(seebelow):

InfoSearch.model=lmer(time~representation*task+(1|subject),data=….)

Theinteractionbetweenrepresentationandtaskwassignificant(χ2(15)=31.605,p=0.0072),
indicating that the timetakenfor infosearch in thecontextofOGDisa factor of both task and 
representation.Next,sixlinearmodels(onepertask)oftimeasafunctionofrepresentationwere
built,toshedsomelightonthewithin-representationdifferenceswhenitcomestotaskperformance.
ThemodelswerenotsignificantforT1,T2,T3,andT5.OnthecontrarytheyweresignificantforT4
(F(1,26)=4.65,p=0.04)andT6(F(1,29)=9.648,p=0.004).Inparticular,participantsusingthe
geovisualizationswere59%fasterforT4(95%confidenceinterval[3%,115%]),whileparticipants
usingthedatatableswere46%fasterduringT6(95%confidenceinterval[16%,76%]).

• User-ratings of the two representations:Lohseetal.(1994)used10scalestoaskusersto
rate11differenttypesofrepresentations.Allrepresentationswerestatic,thatis,thereisstilla
needofreplicatingtheirstudytounveilpropertiesofrepresentationsinthedigitalage,which
aremostlyinteractive.Sincethe10scalestheyusedintheirworkwereindependent,theywere
re-used to assess the differences between the two types of representations examined in this
work.Table6presents theresults.ICC(intra-class-correlation)valueswerecomputedusing
theiccpackageinR5,togetanideaofthepercentageofagreementsbetweenthetwogroupsof
participants(oursandthosefrom(Lohseetal.,1994)).ICCisoneofthemostcommonly-used
statistics forassessing inter-rateragreements forordinal, interval,andratiovariables,and is

Table 4. Accuracy per task and representation (in percentage)

T1 T2 T3 T4 T5 T6 Average Overall 
Accuracy

Geovizualization1(A4) 100 100 100 87.5 87.5 100 95.8

Geovisualization2(A6) 87.5 87.5 87.5 87.5 100 100 91.7

Average accuracy per Task 93.75 93.75 93.75 87.5 93.75 100

Table1(D4) 87.5 100 100 87.5 100 100 95.8

Table2(D6) 75 100 100 87.5 87.5 100 91.7

Average accuracy per Task 81.25 100 100 87.5 93.75 100

Table 5. Time-based efficiency per task and representation in seconds (values in the table are rounded to the first decimal place)

T1 T2 T3 T4 T5 T6 Average Overall 
Efficiency

Geovizualization1(A4) 37.3 15.6 10.3 40.0 18.5 18.0 23.3

Geovisualization2(A6) 63.8 13.1 8.7 76.9 51.7 16.7 38.5

AverageefficiencyperTask 50.6 14.4 9.5 58.4 35.1 17.4

Table1(D4) 32.4 14.7 9.9 155.6 25.2 11.5 41.6

Table2(D6) 42.4 17.3 16.1 128.6 22.8 12.4 39.9

AverageefficiencyperTask 37.8 16.0 13.0 142.1 24.0 11.9
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thusappropriateforthisstudy(the10scalesareonanordinallevel).FortheICCcomputation,
theunitofanalysisis‘average’(theratingsareaveragedovertheparticipantsinbothstudies
respectively),andthetypeofmodelis‘two-way’(thesamesubjectsratedallrepresentations)
in line with recommendations from previous work (Hallgren, 2012). The ICC values were
computedfor‘absoluteagreement’andwere0.431(confidenceinterval[-0.805,0.849])forthe
geovisualizationsand0.679(confidenceinterval[-0.275,0.92])forthedatatables.

Table 6. User ratings reported in Lohse et al (maps/tables), and those from the participants in the study (Geovisualizations, 
table-based representation)
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Figure 4. Variations of the times taken by the participants, per task and representation
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Alinearmixedmodelanalysisoftherelationshipbetweenrepresentationandratingswasdone
toassessthedifferencesbetweenthetworepresentationsfromtheparticipants’pointofview.10
models(oneperratingdimension)werebuilt,withrepresentationasfixedeffect,andtheparticipant
asrandomeffect.Themodelsweresignificantonfivedimensions(eachofthesedimensionswere
originallydefinedin(Lohseet al.,1994)asthetypeofknowledgeconveyedbytherepresentation):
spatial(χ2(1)=55.014,p<0.001),attractive(χ2(1)=18.624,p<0.001),part-whole(χ2(1)=5.006,
p=0.026),numerical(χ2(1)=40.502,p<0.001)anddynamic(χ2(1)=97.494,p<0.001).The
modelswerenotsignificantontheotherfivedimensions(i.e.temporalknowledge,understandability,
degreeofabstraction,expressionofcontinuousrelationships,andamountofinformation).

• User-feedback about the two representations:Table7 summarizes the feedbackprovided
by the users on the pros and cons of both types of representations. The clear layout of the
geovisualizationanditseasingofthecomparisonofdistrictsweremostfrequentlymentioned
bytheusersaspositivefeatures.Onthecontrary,theuserspointedoutthatthestructureofthe
geovisualizationislessclear(i.e.notaspredictableasthatofthetable),andreportedtheneed
tousethemousetoseesomemaplabelsasnegative.Positivefeaturesmostoftenmentionedfor
thetableincludetheeasycomparisonofattributevaluesandtheclearstructure,whilenegative
featuresmostfrequentlylistedweretheabsenceofspatialinformation(boththelocationsofthe
districtsandthespatialrelationshipsbetweendistricts)andtheorderingofdistricts/citydistricts
(whichwasnotdeemedmostintuitive).

5. DISCUSSION

From the preceding section and the accuracy values obtained, both geovisualization and table-
basedrepresentationsaresuitablefor informationsearchin theOGDlandscape.Giventhatboth
representationsperformeddifferentlywhenitcomestothetimeneededtofindinformation,onecan

Table 7. Participants’ positive and negative feedback about the two representations, with their respective frequencies

Geovisualizations Data Table

Positive Negative Positive Negative

Clearlayout(8) Structurelessclear(4) Comparisonofattribute
informationiseasy(7) Nospatialinformation(8)

Easycomparisonofthedistricts(5) Needsmousehovertodisplay
names(3) Clearstructure(6) Arrangement/Orderingofcity

districtsanddistricts(7)

Appealingvisuals(4)

Searchingtakesmoretime
whenonedoesnothavelocal
knowledgeaboutthelocations
ofthedistricts(2)

Allinformationatonelook(6) Tendenciesarenotevidentona
firstlook(2)

Userfriendly/Intuitive(4) Precisenumbersnot
immediatelyvisible(2) Italicandboldemphasis(3) Nointeractionpossibletosort

thedata(1)

Selectionofspecific
informationpossible(3) Searchfunctionmissing(2) Easytounderstand(2) Boringpresentation(1)

Tendenciesmoreaccessible(2) Comparisonofattribute
informationmorelaborious(2) Uniformdata(1) Theamountofnumbersis

overwhelming(1)

Interactivity(1) Bubblemapdoesnothelpif
attributevaluesaresimilar(1) SearchfunctionofPDFfile(1)

Comparisonofyearsmissing(1)

Scrollingofthemapnecessary
toseemore(1)
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concludethattheymakedifferenttypesofinformationmorevisible.Bothtypesofrepresentation
seemtopresentnodifferencewhenitcomestospace-alone,attributes-in-space,andspace-in-time
questionsattheelementarylevel(i.e.identifyquestionsinTable3).Geovisualizationsseemtobe
moreappropriateforspace-alonequestionswhichacomparisonobjective,whiledatatablesseemto
bemoreadequateforspace-in-timecomparisonquestions.Thatthetablesperformedbetterhereis
abitsurprisingsinceonecomponentofthegeovisualizationswashistograms,whichaccountedfor
temporalvariationsinthedata(seeFigures5-8intheAppendix).Noneofthetworepresentations
couldofferasignificantgainintimewhenitcomestoattributes-in-spacecomparisonquestions.In
some,geovisualizationsmakespace-alonecomparisonknowledgemorevisible,whiledatatables
makespace-in-timecomparisoninformationmorevisibletousers[Takeaway1].

• User-ratings:Theprevioussystematiccomparisonbetween(static)geovisualizationsand(static)
datatablesfrom(Lohseetal.,1994)isvaluable,buttheiccvaluesobtainedwhencorrelatingthe
staticandinteractiverepresentations(0.7fortable,and0.4forgeovisualization)areanindication
thattheconclusionsreachedbyLohseandcolleaguesneedtobere-examinedinthelightof
recent technological developments [Takeaway1]. An icc of 0.7 indicates ‘good’ agreement,
whileaniccof0.4means‘fair’agreement(Hallgren,2012).Inaddition,theratingsthemselves
arevaluableforresearchoneffectivemediafordatacommunication.Inparticulartherelevance
ofsuchratingsisthattheyareawayofelucidatingthementalrepresentationsusersintuitively
associatewithacertaintypeofrepresentation.

Lookingattheuserratings,onecanseethateachrepresentationhasitsareasofstrengthsand
weaknesses.Accordingtotheusers’assessments[Takeaway3],geovisualizationsseem,intrinsically,
tomakespatialknowledge, theattractivenessofopengovernmentdata,dynamicknowledgeand
holisticknowledgemorevisible.Onthecontrary,datatablesseemtomakenumericalknowledge
more visible. The user ratings are in general consistent with the time-based measurements, and
thetime-basedmeasurementsactuallyhelptorefinesomeoftheclaims.Takingintoaccountthe
observationsfromthepreviousparagraph,onecanconjecture[Takeaway4]thatgeovisualizations
wouldmakeholisticknowledgemorevisibleifthatknowledgeisoftypespace-alonecomparison.
Theymaynotbemoresuccessfulinmakingholisticknowledgemorevisiblethaninteractivetables,
ifthetypeofknowledgeisspace-in-timecomparison.

• Implications for open data publishing:Theuser ratingscanbeused to formulategeneral
recommendations to open data publishers6. For instance, Table 6 suggests that spatial data
shouldbepresentedasgeovisualizationstocitizens(peopleintuitivelyassociatetheproblemof
communicatingspatialknowledgewithgeovisualizations)andthatnumericaldatashouldbetter
bepresentedastable.Arecommendationtoopendatapublishersthatcanbedrawnfromthis
[Takeaway5]isthatgeovisualizationsrepresentingnumericaldatashouldofferanalternative
viewofthedataastabletousers.Numericaldatainvolvingspatialinformationshould,whenever
possible,beaccompaniedbygeovisualizations.Interestingly,manyoftheparticipantsmentioned
theabsenceofspatialinformationasoneofthedrawbackofthedatatable(seeTable7),when
infactthespatialinformationwasinthetable.Thatis,datatablesmaynotsimplyfailtoconvey
spatialinformation,theycanalsoobscuretheveryfactthatspatialinformationispresent.

Anotherrecommendationtoopendatapublishersthatcanbeextractedfromthetable[Takeaway6]
isthatpublisherscantakeadvantageofgeovisualizationstostresstheattractivenessofopendatato
thegeneralpublic.Inaddition(andconsistentwithintuition),greaterunderstandability,appropriate
degreeofabstraction,andadequateamountofinformationseemmuchlessintrinsictoeithertype
ofrepresentation(seeSection4.3).Opendatapublishersshouldthusdevisestrategiestomaximize
thesefeaturesonacase-by-casebasis.
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• Methodical aspects of representation comparison:Asindicatedbythecognitivefittheory
(Vessey,1991),matching(a)problemrepresentationtomentalrepresentationand(b)mental
representationtotask,couldpredict theperformanceofinformationpresentationformatson
specific tasks. ‘Problem representation’denotes theway the information ispresented to the
user(i.e.geovisualizationordatatable),while‘task’referstothespecifictasktheuserhasto
perform(i.e.inthiscase,informationfinding);‘mentalrepresentation’,accordingto(Vessey,
1991),isthewaytheproblemisrepresentedinhumanworkingmemory.Theuserratingsare
primarilyusefulforabetterunderstandingof(a)andtheycanhelptopredicttheperformanceof
informationpresentationformatsontasks.Sincetheuserratingstouchuponelevendimensions,
theyenableamuchhighernumberofpredictionsthanthespatial-symbolicdichotomysuggested
byVessey(i.e.graphsareexpectedtoperformbetterthantablesonspatialtasks,tablesexpected
toperformbetterthangraphsonsymbolictasks).

Userratingsneedtobecomplementedbyempiricalinvestigationsofthesortdoneinthiswork,
basedonempiricallyderivedtaxonomiesastheoneproposedin(Roth,2013a),togetacomplete
picture of the merits of a representation. For instance, the ratings suggest that users intuitively
associategeovisualizations(morethantheydowithdatatables)tothecommunicationofholistic
spatial knowledge, yet, space-in-time comparison information was retrieved faster through data
tables.Thatis[Takeaway7],theframeworkUserRatings+BenchmarkTasksisusefultogather
furtherinsightsondifferenttypesofrepresentations,ontheroadstowardsgeneraltheoriesofmedia
effectiveness in theOGDcontext.Asdiscussed in (Whetten,1989), a complete theoryhas four
components:the‘what’(i.e.relevantconcepts),the‘how’(i.e.relationshipsbetweentheconcepts),
the‘why’(i.e.underlyingfactorsjustifyingtherelationshipsbetweenconcepts)andthe‘who,where
andwhen’(i.e.boundariesofgeneralizabilityofthetheoreticalpropositions).Inthiswork,theUser
Ratingshavehelpedtopartiallyformulatethe‘what,howandwhy’(e.g.geovisualizationsmake
holisticspatialknowledgemorevisibletousersthandatatables,becausetheyprovideabetterfitto
theirmentalrepresentations).TheBenchmarkTaskshelpedtospecifythesensitivitytocontext(e.g.
geovisualizationsmaybemoresuccessfulinmakingholisticknowledgemorevisiblethaninteractive
tables,ifthetypeofknowledgeisspace-alonecomparison).TheUserRatings+BenchmarkTasks
frameworkusedinthisworkisthusapromisingtechniqueforafurtherinvestigationofstrengths
andweaknessesofmediaintheOGDcontext(andbeyond).

• Interaction as an important dimension of graph vs table comparison: Previous work
(Coll,CollandThakur,1994)hascomparedtherelativeefficiencyoftablesandgraphs(i.e.
barcharts)andarrivedattheconclusionthattheuseofdatainagraphformissuperiorthan
theuseofdata in table form,when the task involves the retrievalof relational information.
Useoftableismoreefficientwhenthetaskinvolvestheretrievalofspecificvalue(Coll,Coll
andThakur,1994).Theresultsshowthatthisconclusiondoesnotextrapolateentirelytothe
caseofinteractivegeovisualizationvsinteractivedatatables.Apossiblereasoncouldbethat
interactionasadimensionwasleftoutofthestudyaforementioned.Researchontheoveralleffect
ofinteractivityoncognitionintheWebisstilllackingconsensus(seeYangandShen,2017),
butinteractivityisadimensionwhichcanpotentiallyinfluenceinformationsearchresults.Put
differently[Takeaway8],findingsinthegraphvstableliteratureshouldberefinedinlightof
therecentdevelopmentsintheinformationera(andtheensuantpossibilitiesforinteractivity),
withacontrolledassessmentoftheimpactofinteractivity.Evidenceforthisneedinthecurrent
work7isthesubstantialdifferencebetweenuserratingsfromLohseetalandthoseprovideby
usersinthecurrentwork,onthe‘dynamicknowledge’dimension.AsTable6shows,therewas
nodifferenceperceivedbyusersregardingthetworepresentationsbackin1994,butthereisa
gulfbetweenthetwowheninteractionisadded(usersratedgeovisualizationassignificantly
more‘dynamic’thandatatables).
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• Limitations: Wang, Bretschneider and Gant (2005) pointed out that information seeking
performanceisaco-resultofcitizens’characteristics,informationtaskattributes,andtheweb-
basedapplication.Therelativelyhomogeneousgroupwithrespecttoage(i.e.youngpeople),
limitsthegeneralizabilityoftheresultstothewholepopulationofcitizens.Additionalevidenceis
needed(whichmorediverseagegroups,andahighernumberofparticipants)beforeadefinitive
statementcanbemadeontheobservationsmadeinthiswork.Inaddition,thestudyhasonly
coveredtwoofthesixmapinteractiongoalsproposedby(Roth,2013a),anditislikelythatthe
resultsvaryifnewtypesoftasks(i.e.rank,associateordelineate)areincluded.Contrasting
thefindingsofsubsequentstudiesonthesefourtypesoftaskswithfindingsfromtheexisting
literature(whichmostlytouchedon‘associate’tasks,e.g.SmelcerandCarmel,1997;Dennisand
Carte,1998)wouldbenecessarytoformulategeneralconclusionsontherespectiveproperties
ofbothtypesofmedia.

6. CONCLUSION

Thisarticlehaspresentedasynthesisofthedistinguishingcharacteristicsbetweengeovisualizations
anddatatablesforthepurposeofgreatertransparencyenablementinthecontextofopengovernment
data(OGD).Transparencywasdefinedasmakinginformationmorevisibleandthearticlehasassessed
thecapacitiesofbothtypesofrepresentationinmakingsixtypesofinformationvisible:space-alone
identify,attributes-in-spaceidentify,space-in-timeidentify,space-alonecompare,attributes-in-space
compare,andspace-in-timecompare.Auserstudywith16participantsledtotheobservationthat
bothtypesofrepresentationsdonoexhibitsignificantdifferencesonfourofthetypesofinformation
(i.e.space-aloneidentify,attributes-in-spaceidentify,space-in-timeidentifyandattributes-in-space
compare).Onthecontrary,geovisualizationsseemtomakespace-alonecompareinformationmore
visible,whilethetablesmakespace-in-timecompareinformationmorevisibletousers.Theempirical
datacollectedcanbeusedbyopendatapublisherstodecideonwhentogoforonerepresentationor
theother,dependingontheinformationsearchtaskstheyintendtoprimarilysupport.

ACKNOwLEDGMENT

Auriol Degbelo gratefully acknowledges funding from the European Union through the GEO-C
project(H2020-MSCA-ITN-2014,GrantAgreementNumber642332,http://www.geo-c.eu/).Tomi
KauppinengratefullyacknowledgesAaltoOnlineLearning(A!OLE),astrategic initiativeof the
AaltoUniversity,theprojectwhichheservesasaprojectleader.



International Journal of Electronic Government Research
Volume 14 • Issue 4 • October-December 2018

57

REFERENCES

Aguilera,U.,Peña,O.,Belmonte,O.,&López-de-Ipiña,D.(2017).Citizen-centricdataservicesforsmarter
cities.Future Generation Computer Systems,76,234–247.doi:10.1016/j.future.2016.10.031

Ahlers,D.,Kraemer,F.A.,Braten,A.E.,Liu,X.,Anthonisen,F.,Driscoll,P.A.,&Krogstie,J.(2018)‘Analysis
andvisualizationofurbanemissionmeasurementsinsmartcities.InM.H.Böhlen,R.Pichler,N.,May,Rahm,
E.,Wu,S.-H.,andHose,K.(Eds.),Proceedings of the 21st International Conference on Extending Database 
Technology (EDBT),Vienna,Austria(pp.698–701).OpenProceedings.org.

Attard, J., Orlandi, F., & Auer, S. (2016). Value creation on open government data. In 2016 49th Hawaii 
International Conference on System Sciences (HICSS), Koloa, HI (pp. 2605-2614). IEEE. doi:10.1109/
HICSS.2016.326

Attard,J.,Orlandi,F.,Scerri,S.,&Auer,S.(2015).Asystematicreviewofopengovernmentdatainitiatives.
Government Information Quarterly,32(4),399–418.doi:10.1016/j.giq.2015.07.006

Ballatore,A. (2014).Defacing themap:cartographicvandalism in thedigitalcommons.The Cartographic 
Journal,51(3),214–224.doi:.10.1179/1743277414Y.0000000085

Benington, J. (2009). Creating the public in order to create public value? International Journal of Public 
Administration,32(3–4),232–249.doi:10.1080/01900690902749578

Benitez-Paez,F.,Comber,A.,Trilles,S.,&Huerta,J.(2018).Creatingaconceptualframeworktoimprove
there-usabilityofopengeographicdataincities.Transactions in GIS,22(3),806–822.doi:10.1111/tgis.12449

Benitez-Paez,F.,Degbelo,A.,Trilles,S.,&Huerta,J.(2018).Roadblockshinderingthereuseofopengeodata
inColombiaandSpain:Adatauser’sperspective.ISPRS International Journal of Geo-Information,7(1),6.
doi:10.3390/ijgi7010006

Beno,M.,Figl,K.,Umbrich,J.,&Polleres,A.(2017).Opendatahopesandfears:determiningthebarriers
ofopendata.InP.Parycek&N.Edelmann(Eds.),2017ConferenceforE-DemocracyandOpenGovernment
(CeDEM),Krems,Austria(pp.69-81).IEEE.doi:10.1109/CeDEM.2017.22

Berners-Lee,T.(2017).TimBerners-Lee:Iinventedtheweb.Herearethreethingsweneedtochangetosave
it.The Guardian.Retrievedfromhttps://www.theguardian.com/technology/2017/mar/11/tim-berners-lee-web-
inventor-save-internet

Bertin,J.(1981).Graphics and graphic information processing(W.J.Berg&P.Scott,Trans.).Berlin,Germany:
WalterdeGruyer.doi:10.1515/9783110854688

Bertin,J.(1983).Semiology of graphics: diagrams, networks, maps(W.J.Berg,Trans.).Madison:TheUniversity
ofWisconsinPress.

Brunetti,J.M.,Auer,S.,&García,R.(2012).Thelinkeddatavisualizationmodel.InB.Glimm,andD.Huynh
(Eds.),Proceedings of the ISWC 2012 Posters & Demonstrations Track,Boston,MA.CEUR-WS.org.

Brunetti,J.M.,Auer,S.,García,R.,Klímek,J.,&Nečaský,M.(2013).Formallinkeddatavisualizationmodel.
InE.R.Weippl,M.Indrawan-Santiago,&M.Steinbaueretal.(Eds.),Proceedings of International Conference 
on Information Integration and Web-based Applications & Services - IIWAS ’13,Vienna,Austria(pp.309–318).
ACMPress.doi:10.1145/2539150.2539162

Charalabidis,Y.,Alexopoulos,C.,&Loukis,E.(2016).Ataxonomyofopengovernmentdataresearchareas
andtopics.Journal of Organizational Computing and Electronic Commerce,26(1–2),41–63.doi:10.1080/10
919392.2015.1124720

Coll,R.A.,Coll,J.H.,&Thakur,G.(1994).Graphsandtables:Afour-factorexperiment.Communications of 
the ACM,37(4),76–86.doi:10.1145/175276.175283

Criado, J. I.,Ruvalcaba-Gómez,E.A.&Valenzuela-Mendoza,R. (2018).Revisiting theopengovernment
phenomenon. A meta-analysis of the international literature. JeDEM - eJournal of eDemocracy and Open 
Government,10(1),50-81.doi:.10.29379/jedem.v10i1.454

Davis,R.,Shrobe,H.,&Szolovits,P.(1993).Whatisaknowledgerepresentation?AI Magazine,14(1),17.
doi:10.1609/aimag.v14i1.1029

http://dx.doi.org/10.1016/j.future.2016.10.031
http://dx.doi.org/10.1109/HICSS.2016.326
http://dx.doi.org/10.1109/HICSS.2016.326
http://dx.doi.org/10.1016/j.giq.2015.07.006
http://dx.doi.org/10.1080/01900690902749578
http://dx.doi.org/10.1111/tgis.12449
http://dx.doi.org/10.3390/ijgi7010006
http://dx.doi.org/10.1109/CeDEM.2017.22
https://www.theguardian.com/technology/2017/mar/11/tim-berners-lee-web-inventor-save-internet
https://www.theguardian.com/technology/2017/mar/11/tim-berners-lee-web-inventor-save-internet
http://dx.doi.org/10.1515/9783110854688
http://dx.doi.org/10.1145/2539150.2539162
http://dx.doi.org/10.1080/10919392.2015.1124720
http://dx.doi.org/10.1080/10919392.2015.1124720
http://dx.doi.org/10.1145/175276.175283
http://dx.doi.org/10.1609/aimag.v14i1.1029


International Journal of Electronic Government Research
Volume 14 • Issue 4 • October-December 2018

58

Degbelo,A.(2017).Linkeddataandvisualization:twosidesofthetransparencycoin.InH.T.Vo&B.Howe
(Eds.),Proceedings of the 3rd ACM SIGSPATIAL Workshop on Smart Cities and Urban Analytics - UrbanGIS’17,
LosAngeles,CA(pp.1–8).ACMPress.doi:10.1145/3152178.3152191

Degbelo,A.,Granell,C.,Trilles,S.,Bhattacharya,D.,Casteleyn,S.,&Kray,C.(2016).Openingupsmartcities:
Citizen-centricchallengesandopportunitiesfromGIScience.ISPRS International Journal of Geo-Information,
5(2),16.doi:10.3390/ijgi5020016

Degbelo,A.,Granell,C.,Trilles,S.,Bhattacharya,D.,&Wissing,J.(2019).Tellmehowmyopendataisre-
used:increasingtransparencythroughtheOpenCityToolkit.InS.Hawken,H.Han,&C.Pettit(Eds.),Open 
Data Open Cities: Collaborative Cities in the Information Era.PalgraveMacmillan.

Degbelo,A.,&Kauppinen,T. (2018). Increasing transparency throughwebmaps. InP.-A.Champin,F.L.
Gandon,M.Lalmasetal.(Eds.),Companion of Proceedings of the Web Conference 2018 - WWW ’18,Lyon,
France(pp.899-904).ACMPress.doi:10.1145/3184558.3191515

Degbelo,A.,&Kray,C.(2018)‘Intelligentgeovisualizationsforopengovernmentdata(visionpaper).InF.Banaei-
Kashani,E.G.Hoel,R.H.Gütingetal.(Eds.),26th ACM SIGSPATIAL International Conference on Advances in 
Geographic Information Systems,Seattle,WA(pp.77–80).ACMPress.doi:10.1145/3274895.3274940

Degbelo,A.,Trilles,S.,Kray,C.,Bhattacharya,D.,Schiestel,N.,Wissing,J.andGranell,C.(2016).Designing
semanticapplicationprogramminginterfacesforopengovernmentdata.eJournal of eDemocracy and Open 
Government, 8(2),21-58.doi:10.29379/jedem.v8i2.420

Dennis,A.R.,&Carte,T.A.(1998).UsingGeographicalInformationSystemsfordecisionmaking:Extending
cognitivefittheorytomap-basedpresentations.Information Systems Research,9(2),194–203.doi:10.1287/
isre.9.2.194

Dodge, M., Mcderby, M., & Turner, M. (2008). The power of geographical visualizations. In M. Dodge,
M.Mcderby,&M.Turner (Eds.),GeographicVisualization:Concepts,ToolsandApplications (pp.1–10).
doi:10.1002/9780470987643.ch1

Dykes, J., Andrienko, G., Andrienko, N., Paelke, V., & Schiewe, J. (2010). Editorial – GeoVisualization
and the Digital City. Computers, Environment and Urban Systems, 34(6), 443–451. doi:10.1016/j.
compenvurbsys.2010.09.001

Ermilov,I.,Auer,S.,&Stadler,C.(2013).User-drivensemanticmappingof tabulardata. InM.Sabou,E.
Blomqvist, T. Noia et al. (Eds.), Proceedings of the 9th International Conference on Semantic Systems - 
I-SEMANTICS ’13,Graz,Austria(pp.105–112).ACMPress.doi:10.1145/2506182.2506196

Fechner,T.&Kray,C.(2014).Georeferencedopendataandaugmentedinteractivegeo-visualizationsascatalysts
forcitizenengagement.eJournal of eDemocracy and Open Government, 6(1),14–35.

Futia,G.,Melandri,A.,Vetrò,A.,Morando,F.,&DeMartin,J.C.(2017).Removingbarrierstotransparency:
Acasestudyontheuseofsemantictechnologiestotackleprocurementdatainconsistency.InE.Blomqvist,D.
Maynard,A.Gangemietal.(Eds.),The Semantic Web:14th International Conference, ESWC 2017,Portoroz,
Slovenia(pp.623-637).SpringerInternationalPublishing.doi:10.1007/978-3-319-58068-5_38

Geiger,C.P.,&vonLucke,J.(2012).Opengovernmentand(linked)(open)(government)(data).eJournal of 
eDemocracy and Open Government,4(2),265–278.Retrievedfromhttp://www.jedem.org/article/view/143

Godwin, A., & Stasko, J. T. (2017). Nodes, paths, and edges: using mental maps to augment crime data
analysis inurban spaces. InB.Kozlíková,T.Schreck&T.Wischgoll (Eds.),Eurographics Conference on 
Visualization, EuroVis 2017, Short Papers,Barcelona,Spain(pp.19-23).EurographicsAssociation.doi:10.2312/
eurovisshort.20171127

Godwin,A.,Wang,Y.,&Stasko,J.T.(2017).TypoTweetMaps:characterizingurbanareasthroughtypographic
socialmediavisualization.InB.Kozlíková,T.Schreck&T.Wischgoll(Eds.),Eurographics Conference on 
Visualization, EuroVis 2017, Short Papers,Barcelona,Spain(pp.25–29).EurographicsAssociation.doi:10.2312/
eurovisshort.20171128

Graves,A.,&Hendler,J.(2013).Visualizationtoolsforopengovernmentdata.InS.Mellouli,L.F.Luna-Reyes
&J.Zhang(Eds.),Proceedings of the 14th Annual International Conference on Digital Government Research 
- DGO ’13,Quebec,Canada(p.136).ACMPress.doi:10.1145/2479724.2479746

http://dx.doi.org/10.1145/3152178.3152191
http://dx.doi.org/10.3390/ijgi5020016
http://dx.doi.org/10.1145/3184558.3191515
http://dx.doi.org/10.1145/3274895.3274940
http://dx.doi.org/10.1287/isre.9.2.194
http://dx.doi.org/10.1287/isre.9.2.194
http://dx.doi.org/10.1002/9780470987643.ch1
http://dx.doi.org/10.1016/j.compenvurbsys.2010.09.001
http://dx.doi.org/10.1016/j.compenvurbsys.2010.09.001
http://dx.doi.org/10.1145/2506182.2506196
http://dx.doi.org/10.1007/978-3-319-58068-5_38
http://www.jedem.org/article/view/143
http://dx.doi.org/10.2312/eurovisshort.20171127
http://dx.doi.org/10.2312/eurovisshort.20171127
http://dx.doi.org/10.2312/eurovisshort.20171128
http://dx.doi.org/10.2312/eurovisshort.20171128
http://dx.doi.org/10.1145/2479724.2479746


International Journal of Electronic Government Research
Volume 14 • Issue 4 • October-December 2018

59

Graves,A.,&Hendler,J.(2014).AstudyontheuseofvisualizationsforOpenGovernmentData.Information 
Polity,19(1,2),73–91.doi:10.3233/IP-140333

Griffin,A.L.(2017).Colortheory.InD.Richardson,N.Castree,M.F.Goodchild,A.Kobayashi,W.Liu,&R.
A.Marston(Eds.),International Encyclopedia of Geography: People, the Earth, Environment and Technology
(pp.1–14).Oxford,UK:JohnWiley&Sons,Ltd.doi:10.1002/9781118786352.wbieg0766

Hallgren,K.A.(2012).Computinginter-raterreliabilityforobservationaldata:Anoverviewandtutorial.NIH 
Public Access,8(1),23.

Hossain,M.A.,Dwivedi,Y.K.,&Rana,N.P.(2016).State-of-the-artinopendataresearch:Insightsfrom
existing literatureanda researchagenda.Journal of Organizational Computing and Electronic Commerce,
26(1–2),14–40.doi:10.1080/10919392.2015.1124007

Janssen,M.,Charalabidis,Y.,&Zuiderwijk,A.(2012).Benefits,adoptionbarriersandmythsofopendataand
opengovernment.Information Systems Management,29(4),258–268.doi:10.1080/10580530.2012.716740

Jetzek,T.,Avital,M.,&Bjørn-Andersen,N.(2013).Generatingvaluefromopengovernmentdata.In34th 
International Conference on Information Systems (ICIS),Milan,Italy.

Johannessen, M. R., & Berntzen, L. (2018). The transparent smart city. In M. P. R. Bolívar (Ed.), Smart 
Technologies for Smart Governments(pp.67–94).SpringerInternationalPublishing.doi:10.1007/978-3-319-
58577-2_5

Kamaruddin,K.,&MdNoor,N.L.(2017).‘Citizen-centric demand model for transformational government 
systems’, in 21st Pacific Asia Conference on Information Systems.Langkawi,Malaysia:PACIS.Retrievedfrom
http://aisel.aisnet.org/pacis2017/139%0A%0A

Klímek,J.,Helmich,J.,&Nečaský,M.(2016).LinkedPipesvisualization:simpleusefullinkeddatavisualization
usecases.InH.Sack,G.Rizzo,&N.Steinmetzetal.(Eds.),ESWC 2016 Satellite Events -Revised Selected 
Papers, Heraklion, Crete, Greece(pp.112–117).Cham:Springer.doi:10.1007/978-3-319-47602-5_23

Larkin,J.H.,&Simon,H.A.(1987).Whyadiagramis(sometimes)worthtenthousandwords.Cognitive 
Science,11(1),65–100.doi:10.1111/j.1551-6708.1987.tb00863.x

Lohse, G. L., Biolsi, K., Walker, N., & Rueter, H. H. (1994). A classification of visual representations.
Communications of the ACM,37(12),36–49.doi:10.1145/198366.198376

López-de-Ipiña,D.,Vanhecke,S.,Peña,O.,DeNies,T.,&Mannens,E.(2013).Citizen-centriclinkeddata
appsforsmartcities.InG.Urzaiz,S.F.Ochoa,&J.Bravoetal.(Eds.),Ubiquitous Computing and Ambient 
Intelligence. Context-Awareness and Context-Driven Interaction (UCAmI 2013),Guanacaste,CostaRica(pp.
70–77).SpringerInternationalPublishing.doi:10.1007/978-3-319-03176-7_10

Maali,F.,Cyganiak,R.,&Peristeras,V.(2012).Apublishingpipelineforlinkedgovernmentdata.InE.Simperl,
P.Cimiano,A.Polleres,O.Corcho,&V.Presutti(Eds.),The Semantic Web: Research and Applications (ESWC 
2012),Heraklion,Crete,Greece(pp.778–792).Springer.doi:10.1007/978-3-642-30284-8_59

Marzouki,A.,Lafrance,F.,Daniel,S.,&Mellouli,S. (2017).The relevanceofgeovisualization in citizen
participationprocesses.InC.C.Hinnant&A.Ojo(Eds.),Proceedings of the 18th Annual International Conference 
on Digital Government Research,StatenIsland,NY(pp.397–406).ACM.doi:10.1145/3085228.3085240

Mason,G.S.,Shuman,T.R.,&Cook,K.E.(2013).ComparingtheEffectivenessofanInvertedClassroom
toaTraditionalClassroominanUpper-DivisionEngineeringCourse.IEEE Transactions on Education,56(4),
430–435.doi:10.1109/TE.2013.2249066

Matheus, R., Janssen, M., & Maheshwari, D. (2018). Data science empowering the public: Data-driven
dashboardsfortransparentandaccountabledecision-makinginsmartcities.Government Information Quarterly.
doi:10.1016/j.giq.2018.01.006

Michener,G.,&Bersch,K.(2013).Identifyingtransparency.Information Polity,18(3),233–242.doi:10.3233/
IP-130299

Milakovich,M.E.(2010).Theinternetandincreasedcitizenparticipationingovernment.Journal of Democracy,
2(1),1–9.

http://dx.doi.org/10.3233/IP-140333
http://dx.doi.org/10.1002/9781118786352.wbieg0766
http://dx.doi.org/10.1080/10919392.2015.1124007
http://dx.doi.org/10.1080/10580530.2012.716740
http://dx.doi.org/10.1007/978-3-319-58577-2_5
http://dx.doi.org/10.1007/978-3-319-58577-2_5
http://aisel.aisnet.org/pacis2017/139%0A%0A
http://dx.doi.org/10.1007/978-3-319-47602-5_23
http://dx.doi.org/10.1111/j.1551-6708.1987.tb00863.x
http://dx.doi.org/10.1145/198366.198376
http://dx.doi.org/10.1007/978-3-319-03176-7_10
http://dx.doi.org/10.1007/978-3-642-30284-8_59
http://dx.doi.org/10.1145/3085228.3085240
http://dx.doi.org/10.1109/TE.2013.2249066
http://dx.doi.org/10.1016/j.giq.2018.01.006
http://dx.doi.org/10.3233/IP-130299
http://dx.doi.org/10.3233/IP-130299


International Journal of Electronic Government Research
Volume 14 • Issue 4 • October-December 2018

60

Mockus,M.,&Palmirani,M.(2017).Legalontologyforopengovernmentdatamashups.InP.Parycek&N.
Edelmann(Eds.),2017ConferenceforE-DemocracyandOpenGovernment(CeDEM),Krems,Austria(pp.
113-124).IEEE.doi:10.1109/CeDEM.2017.25

Mocnik,F.-B.,&Fairbairn,D.(2018).Mapstellingstories?The Cartographic Journal,55(1),36–57.doi:10.
1080/00087041.2017.1304498

Muñoz-Soro,J.F.,Esteban,G.,Corcho,O.,&Serón,F.(2016).PPROC,anontologyfortransparencyinpublic
procurement.Semantic Web,7(3),295–309.doi:10.3233/SW-150195

Murray,S.(2013).Interactive data visualization for the Web: an introduction to designing with D3(2nded.).
O’ReillyMedia,Inc.

Peuquet, D. J. (1988). Representations of geographic space: Toward a conceptual synthesis. Annals of the 
Association of American Geographers,78(3),375–394.doi:10.1111/j.1467-8306.1988.tb00214.x

Roberts,J.C.(2008).Coordinatedmultipleviewsforexploratorygeovisualization.InM.Dodge,M.McDerby,&
M.Turner(Eds.),Geographic Visualization(pp.25–48).JohnWiley&Sons,Ltd;doi:10.1002/9780470987643.ch3

Robinson,A.C.(2018).Elementsofviralcartography.Cartography and Geographic Information Science,1–18.
doi:10.1080/15230406.2018.1484304

Robinson, A. C., Roth, R. E., & MacEachren, A. M. (2011). Designing a web-based learning portal for
geographic visualization and analysis in public health. Health Informatics Journal, 17(3), 191–208.
doi:10.1177/1460458211409718PMID:21937462

Roth,R.,Ross,K.,&MacEachren,A.(2015).User-centereddesignforinteractivemaps:Acasestudyincrime
analysis.ISPRS International Journal of Geo-Information,4(1),262–301.doi:10.3390/ijgi4010262

Roth,R.E.(2013a).Anempirically-derivedtaxonomyofinteractionprimitivesforinteractivecartographyand
geovisualization.IEEE Transactions on Visualization and Computer Graphics,19(12),2356–2365.doi:10.1109/
TVCG.2013.130PMID:24051802

Roth,R.E.(2013b).Interactivemaps:Whatweknowandwhatweneedtoknow.Journal of Spatial Information 
Science,6,59–115.doi:10.5311/JOSIS.2013.6.105

Roth,R.E.(2017).Visualvariables.InD.Richardson,N.Castree,M.F.Goodchild,A.Kobayashi,W.Liu,&R.
A.Marston(Eds.),International Encyclopedia of Geography: People, the Earth, Environment and Technology
(pp.1–11).Oxford,UK:JohnWiley&Sons,Ltd.doi:10.1002/9781118786352.wbieg0761

Roth,R.E.,&MacEachren,A.M.(2016).Geovisualanalyticsandthescienceofinteraction:Anempirical
interactionstudy.Cartography and Geographic Information Science,43(1),30–54.doi:10.1080/15230406.20
15.1021714

Safarov, I.,Meijer,A.,&Grimmelikhuijsen,S. (2017).Utilizationofopengovernmentdata:A systematic
literaturereviewoftypes,conditions,effectsandusers.Information Polity,22(1),1–24.doi:10.3233/IP-160012

Sauro,J.(2011)What is a good task completion rate? MeasuringU.Retrievedfromhttps://measuringu.com/
task-completion/

Smelcer,J.B.,&Carmel,E.(1997).Theeffectivenessofdifferentrepresentationsformanagerialproblemsolving:
Comparingtablesandmaps.Decision Sciences,28(2),391–420.doi:10.1111/j.1540-5915.1997.tb01316.x

TheWorldWideWebFoundation.(2015)Open Data Barometer - Global Report(3rded.).Retrievedfromhttp://
opendatabarometer.org/doc/3rdEdition/ODB-3rdEdition-GlobalReport.pdf

Tucci,M.,Giordano,A.,&Ronza,R.W.(2010).Usingspatialanalysisandgeovisualizationtorevealurban
changes:Milan,Italy,1737–2005.Cartographica: The International Journal for Geographic Information and 
Geovisualization,45(1),47–63.doi:10.3138/carto.45.1.47

Ubaldi,B.(2013).Opengovernmentdata:towardsempiricalanalysisofopengovernmentdatainitiatives.OECD.

Vessey,I.(1991).Cognitivefit:Atheory-basedanalysisofthegraphsversustablesliterature.Decision Sciences,
22(2),219–240.doi:10.1111/j.1540-5915.1991.tb00344.x

http://dx.doi.org/10.1109/CeDEM.2017.25
http://dx.doi.org/10.1080/00087041.2017.1304498
http://dx.doi.org/10.1080/00087041.2017.1304498
http://dx.doi.org/10.3233/SW-150195
http://dx.doi.org/10.1111/j.1467-8306.1988.tb00214.x
http://dx.doi.org/10.1002/9780470987643.ch3
http://dx.doi.org/10.1080/15230406.2018.1484304
http://dx.doi.org/10.1177/1460458211409718
http://www.ncbi.nlm.nih.gov/pubmed/21937462
http://dx.doi.org/10.3390/ijgi4010262
http://dx.doi.org/10.1109/TVCG.2013.130
http://dx.doi.org/10.1109/TVCG.2013.130
http://www.ncbi.nlm.nih.gov/pubmed/24051802
http://dx.doi.org/10.5311/JOSIS.2013.6.105
http://dx.doi.org/10.1002/9781118786352.wbieg0761
http://dx.doi.org/10.1080/15230406.2015.1021714
http://dx.doi.org/10.1080/15230406.2015.1021714
http://dx.doi.org/10.3233/IP-160012
https://measuringu.com/task-completion/
https://measuringu.com/task-completion/
http://dx.doi.org/10.1111/j.1540-5915.1997.tb01316.x
http://opendatabarometer.org/doc/3rdEdition/ODB-3rdEdition-GlobalReport.pdf
http://opendatabarometer.org/doc/3rdEdition/ODB-3rdEdition-GlobalReport.pdf
http://dx.doi.org/10.3138/carto.45.1.47
http://dx.doi.org/10.1111/j.1540-5915.1991.tb00344.x


International Journal of Electronic Government Research
Volume 14 • Issue 4 • October-December 2018

61

Wang,L.,Bretschneider,S.,&Gant,J.(2005).Evaluatingweb-basede-governmentserviceswithacitizen-
centricapproach.InProceedings of the 38th Annual Hawaii International Conference on System Sciences,Big
Island,HI.IEEEComputerSociety.doi:10.1109/HICSS.2005.252

Whetten,D.A.(1989).Whatconstitutesatheoreticalcontribution?Academy of Management Review,14(4),
490–495.doi:10.5465/amr.1989.4308371

Wijnhoven,F.,Ehrenhard,M.,&Kuhn,J.(2015).Opengovernmentobjectivesandparticipationmotivations.
Government Information Quarterly,32(1),30–42.doi:10.1016/j.giq.2014.10.002

Yang, F., & Shen, F. (2017). Effects of web interactivity - a meta analysis. Communication Research.
doi:10.1177/0093650217700748

Yin,C.,Xiong,Z.,Chen,H.,Wang,J.,Cooper,D.,&David,B.(2015).Aliteraturesurveyonsmartcities.
Science China. Information Sciences,58(10),1–18.doi:10.1007/s11432-015-5397-4

Zuiderwijk,A.,Janssen,M.,Choenni,S.,Meijer,R.,&Alibaks,R.S.(2012).Socio-technicalimpedimentsof
opendata.ElectronicJournal of E-Government,10(2),156–172.

ENDNOTES

1 AlllinkswerelastaccessedonNovember20,2018.
2 https://www.stadt-muenster.de/stadtentwicklung/zahlen-daten-fakten.html
3 http://acs.ist.psu.edu/projects/RUI/
4 https://github.com/lme4/lme4
5 https://www.rdocumentation.org/packages/irr/versions/0.84/topics/icc
6 Asdoneearlierforexamplein(Lohseetal.,1994).
7 DetailedinformationaboutthebackgroundofparticipantsfromLohseetal isnotavailable,andthe

workhasassumedthroughoutthatacomparisonoftheaggregatedratingscoresacrossallparticipantsis
meaningful.

http://dx.doi.org/10.1109/HICSS.2005.252
http://dx.doi.org/10.5465/amr.1989.4308371
http://dx.doi.org/10.1016/j.giq.2014.10.002
http://dx.doi.org/10.1177/0093650217700748
http://dx.doi.org/10.1007/s11432-015-5397-4


International Journal of Electronic Government Research
Volume 14 • Issue 4 • October-December 2018

62

APPENDIX: SCREENSHOTS OF THE DIFFERENT 
REPRESENTATIONS USED DURING THE STUDy

Figure 5. Screenshot of population data

Figure 6. Screenshot of representation used in study
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Figure 7. Screenshot of Münster employees used in study

Figure 8. Screenshot of representation used in study
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