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ABSTRACT

Thispaperbringsanewperspectivetoknowledgebyfocusingontheapplicationandexploitationof
bigdataintwoUKcompaniesproviding,respectively,onlineandbranchretailservices.Thecompanies
innovativelyexploitedthedatathatweregeneratedbynewinternettechnologiestoimprovebusiness
performance.Thefindingsfrombothcasestudyexamplesshowthatbenefitsdonotcomesimply
byadoptingtechnology,butwhenpeoplethinkcreativelytoexploitthepotentialbenefitsofITC.
Theconclusiondrawnisthattherealisationofthe‘universalbenefits’oftechnologicalinnovation
doesoccur,butnotnecessarilyuntil thehypehassubsided.Thepaperdemonstratesthatthereis
opportunity tocreatesustainablecompetitiveadvantage through theapplicationof ITCalthough
thesocial,technological,andhumanchallengesofmanagingtechnologyhavetobeappreciatedand
managed.Theseimplicationsneedtobeappreciatedandiftruelong-termadvantageistobeachieved.

KeywoRdS
Big Data, Data Analysis, Decision-Making, Operations Management, Operations Strategy, Performance 
Improvement

INTRodUCTIoN 

Technologyisamajorsourceofinspiration,innovationandchangeintoday’sbusinessworld.Talking
shortlyaftertheemergenceoftheinternet,Kranzberg(1986:545)noted:

“Technology is neither good nor bad; nor is it neutral… technical developments frequently have 
environmental, social and human consequences that go far beyond the immediate purposes of the 
technical devices and practices themselves”.

Aroundthesametime,Solow(1987)gavehisparadox:“Youcanseethecomputerageeverywhere
exceptintheproductivitystatistics”.

Giventheseperspectives,thispaperrevisitsthequestionoftheimpactthattechnologyhashad
onbusinessperformanceandpresentsevidencesuggestingthathumaninteractionswithtechnology
andtheresultingimpactuponproductivityarenotasstraightforwardorimmediateasitmightappear
andcanbecontradictory(Jain&Kanungo,2005).
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SinceKranzberg’sandSolow’swriting,thegrowthanddevelopmentoftheinternetandmobile
technologieshasbeenexponential,transformingwaysofworkingandwaysofliving.Moreover,its
expansioncontinues, seeminglyunabated.Technologycompanies (typifiedbycompanieswhose
nameshavebecomesynonymouswithparticulartechnologies,suchasSAP,Oracle,IBM,Google
andMicrosoft)promotetheneedforbusinessestoexploitlargedatastreamstoboostproductivity
andthustocreatecompetitiveadvantage.Astheinternetmaturesandbecomesevermoreembedded
inallaspectsofourlivesthepotentialofBigData(BD)appearshuge.CommentatorssuchasBell
(2013)andPorterandHeppelmann(2014)encouragesuchaview.TheOECD(2013:4)wentsofar
astosuggestthat:

“The exploitation of data promises to create added value in a variety of operations ranging from 
optimising the value chain and manufacturing production to more efficient use of labour and better 
customer relationships”. 

Theimplicationofthisstatementisclear-organisationsthatcanharnessinternallyorexternally
generateddatawillbeabletotransformtheiroperationalcapabilities.Thereisacollectiveassumption
thattheinternetandtheimmenseamountofdatathatitsimultaneouslycreatesandmakesavailable
tous,willbenefitorganisations,individualsandsociety(Barton&Court,2012;Bughin,Livingston,
&Marwaha,2011).

Interactingwithlargedatasetswasonceperceivedasaproblem.Now,computerapplications
capableofanalysinghugedata-setsarereadilyavailable(Fisher,DeLine,Czerwinski,&Drucker,
2012).MorerecentlyhoweverthequestionofwhetherBDwillultimatelydeliverwhatitpromiseshas
beenraised(Croxall,2014;Lury,2013).OpresnikandTaisch(2015)pointoutthatthechallengefor
organisationsistodevelopstrategiesthatexploitBDtogenerateadded-value.GandomiandHaider
(2015)observethattherehasbeenlittlecriticaldiscourse,orempiricalacademicresearch,intoBD
andhowitisbeingharnessed.AlthoughSolow’sParadoxemergedatatimewhentheinternetwas
initsinfancy,itmaybeasrelevanttodayasitwaswhenourinteractionwithtechnologywasnascent.
Althoughitisfiftyyearsaftertheemergenceoftheinternetwecannotassumethathugetechnological
innovationshaveledtocomparableincreasesinproductivity.Andrew’setal.(2016)indicatethat
productivitygrowthratesintheOECDhavefalleninthelastdecade.EchoingSolow,historicalwork
byGordon(2012)suggeststhatthereisasignificantlagbetweentheemergenceofnewtechnologies
anditsfullimpactuponeconomicgrowth.Gordon’sresearchsuggestsweshouldnotexpecttosee
thepotentialofBDtobefullyrealiseduntilwellafterthehypehasdieddown.

To lookbeyond theapparentcontradictionsbetweenpromise,hypeandreality this research
soughttoanswerprimaryandsecondaryresearchquestions,whichwere:

RQ1Howhastechnologicalinnovationtransformedbusinessperformance?and
RQ2Hastechnologicalinnovationtransformedmanagementpractice?

Itsoughttoidentifythewaysinwhichnewinformationtechnologiesareactuallybeingusedin
traditionalbusinessestoenhanceperformance.Indoingso,thepaperexaminestwoorganisations’
applicationofBDtocreatecompetitiveadvantageandtransformtheirperformance.Thefindings
werethatbothexamplesarosefromcuriosityaboutbusinesschallengesandwhetherexistentlarge
datasetscouldbeutilisedtoaddressthosechallenges.Thepaperaddstoagrowingbodyofliterature
inavarietyofdisciplines,encompassingeconomics,technology,bankingandoperationsmanagement,
alongsideworksuchasSolow(1987),Solow(2005),FossoWamba,Akter,Edwards,Chopin,and
Gnanzou(2015),Gordon(2016),HultenandNakamura(2017)andMatthias,Fouweather,Gregory,
andVernon(2017).ItcontributestoknowledgebydetailingthechallengesofinteractingwithBD
andhowitcanbeexploited.Thetwoexamplesusedrevealhowtraditionalorganisationswereableto
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utiliselargedatasetstoimprovebusinessperformance.Theresearchshowsthatimprovingproductivity
isdependentuponthequalityofourinteractionswithtechnology.Adoptionaloneisinsufficient.
Inbothcasesperformanceimprovementreliedupontheappropriateuseofrelativelysimple,well
establishedmethodsthatpredatedthebirthoftheinternetbyalmostacentury.ThesophisticatedBig
DataAnalyticshelpedthecuriosity;theydidnotcreateit.

LITeRATURe ReVIew

The Creation of Big data
Astheabilitytorapidlyprocessdatahasincreased,sohastheabilitytogeneratevaststreamsof
data.Twolawshaveencapsulatedthisexuberance.Moore’sLawstatedthattheprocessingpowerof
computersdoubledeveryeighteenmonths(Moore,1965).Kryder’sLawstatedthatdigitalstorageis
increasingatasimilarratetodataprocessingpower(Eseneretal.,1999).Whilstboth‘laws’havebeen
calledintoquestion(Hruska,2013;Mellor,2014),greaterprocessing,storageandtheconnectivityof
theinternethavecreatedanexplosionofdata.Theproliferationofsmarttechnologiesaddstothedata
mountain,mostlythroughsocialmedia.Whereastraditionalbusinessanalyticsfocusoninternally-
createddata,socialmedia’sconstantstreamofdataaboutindividualsoffersapreviouslyinaccessible
real-timewindowintopeople’sopinions,wantsandneeds.Boththesestreamsprovideusabledata
sourcesfororganisations.Thechallengeistoknowwhatitthereandhowtouseit.

ThetermBDfirstemergedinthemid-1990s,atimewhentheuseoftheWorldWideWebwas
initsinfancy(Diebold,2012)atasimilartimeasdiscussionsaboutdata,information,actionand
outcomewereevolving.BD’sfirstappearanceinacademicliteraturewasattheIEEE’s8thconference
onVisualization(1997)whereCoxandEllsworthpresentedaproblemforsystemsengineerswho
wereponderinghowlargedata-setsthatexceededavailablememorycapacitycouldbemanaged-
thefirstarticulatedBDproblem.Afewyearslater,Laney(2001)predictedthatenterpriseswould
needtomanageever-largerdata-setsase-commercebecamemoreprevalent.Hesaidthechallenge
wouldbeintermsofthreedimensions:Volume,VelocityandVariety.Theserefertolargevolumes
ofdataarrivingatandprocessedathighvelocity,variableinqualityandcontent,oftencomplex
and requiringadvanced technologies and techniques to capture, store,distribute andmanage for
subsequentlyusefulanalysis.ThesedimensionshavebecomecentraltounderstandingBD.Since
thenadditionaldimensionshaveemerged:Variability,VeracityandValue,althoughitistheoriginal
3Vsthatremaincore.

TheabsenceofauniversallyaccepteddefinitionofBDcreatedseveralcontenderstoemerge,of
whichthetwopredominantonesimplythatthechallengeofBDisscale,orvolume,ofprocessing:

… data-sets whose size is beyond the ability of typical database software tools to capture, store, 
manage and analyse. (Manyika et al., 2011)
Data assets that require innovative forms of information processing for enhanced insight and decision-
making Gartner (2014)

Technologycompanies,whetherprovidersofERPsystems,CRMsoftwareorBusinessAnalytics
havebeenpromotingBDeversince.IthasbeenassertedthatBDwould:

transform business processes and alter corporate ecosystems (Brown, Chui, & Manyika, 2011) 
be ‘the next frontier for innovation, competition and productivity’ (Manyika et al., 2011) 
and a ‘revolution in management’ (McAfee & Brynjolfsson, 2012). 

Thecombinationoftherhetoricofthesemessagesandincreasedaccesstothevolumesofdataled
toconsiderablehypearoundtheterm(Gandomi&Haider,2015;Gartner,2013,2015;George,Haas,
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&Pentland,2014).Muchofthisseemstohaveshapedtheexpectationsofacademiccommunities,
althoughthemajorityofpublicationshavefocusedonBDtechnologiesandaccesstodata,ratherthan
actualmanagementpracticeorbusinesstransformation(FossoWambaetal.,2015).Somescholars
havehighlightedthatBDandwhatitoffersmaybeneithernewnortrue.MadsenandStenheim(2013)
wereamongthefirsttosuggestthatBDcouldbethelatestinalonglineofmanagementfashionsand
fadsthathave‘over-promisedandunder-delivered’.Wieland,Handfield,andDurach(2014),whilst
suggestingthatwithinthefieldofSupplyChainManagementacademicsexpectBDtobe‘thehot
topic’forthenextfiveyears,alsoadvisedcaution.

Researchondataanalyticsandprocessimprovementisnotnewalthoughthe‘hottopic’aspect
ofBDmaymakeitseemso(P.Bell,2013;Chae,2015;Dubey,Gunasekaran,Childe,FossoWamba,
&Papadopoulos,2016;Hsinchun,Chiang,&Storey,2012;Huang&Handfield,2015;Wielandet
al.,2014).Traditionallydataanalysishasconsidereddiscretedatathatcanbehandledusingwell-
establishedandsophisticatedquantitativetechniques,suchasdatafeedsfromsensors.Processing
suchdataisstraightforward,andcaneasilybeautomatedbyexistingICT.FedExapplied“scientific 
methods to its operations”usingadvancedanalyticswhenitadoptedtheRFIDtransmitter(P.C.Bell,
1999:307).TheRFIDtransmitterisreferredtoinmainstreammanagementevenmorethaninBD
researchpapers(Ilic,Grössbauer,Michahelles,&Fleisch,2010;Lee&Özer,2007;Meyer,Buijs,
Szirbik,&Wortmann,2014;Zelbst,Green,Sower,&Reyes,2012;Zhong,Lan,Xu,Dai,&Huang,
2015).Intheirrecentcasestudywork(2015),ChongwatpolandChandescribetheuseofalarge
dynamicdata-settoenhanceoperationaldecision-makingandincreaseeffectiveness.Theirfindings
showhowdataanalyticscanbeusedtofindalternativewaysofassessingbusinessissueswithoutthe
useofthetermBD.PiccoliandPigni’s(2013)workillustrateshowDigitalDataStreams(DDS),can
beusedwithinanoperationalsettingtoreplaceroutinedecision-makingactivitieswithpredetermined
(mindless)responses.Thisproventechnologycreatesfarhigherlevelsofautomationthanpreviously
possible.TheystressthatDDSisnotBD.Rather,itisanexampleofclosed-loopfeedbackcontrol.

Big data’s Role in Business Transformation is Complex
Technologycompaniesarekeentodevelopmoreapplications thatwillgenerateevenmoredata.
Customer transactions and electronic feedback is processed to capture demand and levels of
satisfaction. Internally myriad smart technologies generate instantaneous feedback on the status
andperformanceofinternalresourcesusingaplethoraofindicators.Theclaimis thatprocesses
canbecontrolledmoreeffectivelyandbetterdecisionstoexploitopportunitiesandsolveproblems
takenbecauseoftheinformationgeneratedbynewtechnology.Thisgivestheimpressionthatthe
possibilitiesfordataanalysisandtheopportunitiesforconsequentbusinesstransformationareinfinite
anddeflectsfromanumberofsignificantfactorswhichneedtobeconsidered.

Firstly,theassumptionthatthesizeofadata-setisseenasaproxyforquality(Bisel,Barge,
Dougherty,Lucas,&Tracy,2014).Yetquantityisnotasubstituteforquality,asworkonTheGoogle
Flu Trends Project (GFT) illustrated (Lazer, Kennedy, King, & Vespignani, 2014). They stated:
“foundational issues of measurement and construct validity and reliability and dependencies among 
data”cannotbeignored(p1203).Secondly,whilstdataminingandanalytictechniquesmayreveal
interestingpatternshiddenwithinlargedatasets,over-relianceontechnologycancreatemindless
responsesifindividualsfailtocontextualizeinformation,morelikelytoreduceperformancethan
improveit(Sætre,Sørnes,Browning,&Stephens,2003).Searchingforpatternsiscomplex,asLazer
etal.’sGFTpapershows.Withoutanunderstandingofwhat thepatternsreveal, the information
canhavelittle,ifany,valueor,evenworse,leadtoincorrectconclusions.ThisechoesworkbyFiol
andO’Connor(2003)whodrewattentiontotheperilsofsimply‘jumpingonthebandwagon’when
adoptingnewtechnologies.Toassistindecision-makingBDneedstobeanalysedandutilisedwith
care.Insightandunderstandingofthoseinvolvedintheanalysisofdata(whetherbigorsmall),that
iscentralincreatingvalue.
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In2013almostonebillionsmartphonesweresold(Gartner,2014),eachcapableofcreatingand
collectingmassesofdata.Smartmachinesarecommonplace;newequipmentcomeswithanarray
ofsensorsanddata trackers thatcontinuouslyproduceandstoredata(Lucke,Constantinescu,&
Westkämper,2008;Meyeretal.,2014;Zelbstetal.,2012).Thesocialdatatheycreateandcapture
offers newways to understand the external environment and is thus an essential element of the
discourseonBD(Chae,2015;Dubeyetal.,2016).Notwithstanding,datageneratedthroughsocial
mediapresentsanenormouschallenge.Itisunstructuredandcomesinarangeofformats,oftenwith
multimediacontentandthreadsofprevioustextualdialoguesembeddedwithinit.Successfulanalysis
ofsuchqualitativetextualdatawithsoftwareremainslimited(Chen,Chiang,&Storey,2012),although
Bollenetal.(2011)successfullyanalysedthe‘mood’ofTwitterfeedstopredictmovementinthe
DowJonesIndustrialAverage,identifyinganaccuracyof86.7%.Tinatietal.(2014)observethatthe
currentformsofanalysisofrichunstructuredqualitativedataislimitedtoclassifying,linking,and
revealingdistributionsofwords,reducingittolittlemorethanaword-countsurvey.Whilsttheseare
essentialprocessesofdatareductionwhichallowanalyststosiftthroughlargedata-setsquickly,they
leavemuchunexplored.Housleyetal.(2014)detailworktoenhancecapabilitiesinthisarea,but
sophisticatedtoolsandtechniqueshaveyettobeestablished.Despiteallthehypeandexpectation,
itmaybesometimebeforeITCprovidesthesolutionsweimagine.

Anadditionaldimensiontocomplexity,oftenoverlooked,aretheproblemsofworkingwithOCG
(open,complex,giant)systems(Jifa&Lingling,2014).Theinternetisaninterconnectedsystem,and
thedatabeingharnessedisnotsimplymoredataaboutanexistingsystem,itisaddingtothesystem
andfurthercomplicatingitself.Itisconstantlychanging,withpositiveandnegativefeedbackloops
interactingdynamically,whichcancreatestabilityandchaos.Afurthercomplicationinutilisingsocial
media-generateddatawhichhashadlittleattentionishowcustomersarealsotransformed.Theytoo
havedataandinformationattheirfingertips.Assuch,customerexpectationsregardingtheservicethey
receive,orwishtoreceive,change.Theonlinesearchescustomersmakecreateindividualchoicesand
relationshipswithbusinesses,uniqueuptoapoint.Customersexpectinteractionthroughachannelof
theirchoiceatatimeoftheirchoicewiththesameexperienceregardlessofchannelordeviceused.
Usedproperlythisnewcustomer-centricknowledgeprovidesorganisationswithanopportunityto
changetheirprocesses,createcompetitiveadvantageandimprovebusinessperformance,whichis
whatthisresearchhassoughttouncover.

AssessingtheveracityofBDcanbechallenging.Whilststatisticaltoolscanbeusedtofilter
outerroneousandmissingdata,establishingtheveracityofalargedata-setisnotstraightforward.
ChongwatpolandChan(2015)illustratethesignificantworkrequiredtoensureveracityofdataand
theinformationgeneratedfromlargedynamicdatasets.Uncriticalanalysisofpoorlyunderstooddata-
setsdoesnotgenerateknowledge.Despitetheincreasingavailabilityofdata,usingBDtosupport
decision-makingis“anenormouschallenge”(Li,Song,&Huang,2016:3).Whateverthesizeofthe
data-set,itneedsappropriateanalysistocreateusefulinformationthatrevealswhatissignificant
withinthedata.“Not all information is useful for improving our understanding and judgements”
(Saaty,2008),andtoomuchinformationcancreateuncertainty,hinderingdecision-making.Insight
andunderstandingofthoseinvolvedintheanalysisofdataiscentraltocreatingbusinessvalue.

Moving From data to decision-Making
Datahasnopurposeunlessitcanbetransformedintoinformationthatfacilitatesgooddecision-making
andenhancesoperationalperformance(Jifa&Lingling,2014).Neitherdefinitionsofnorpromises
aboutBDconsiderthatgreatervolumesofdata,generatedathigherratesdonotautomaticallylead
tomoreinformationandknowledge.However,systemstheoristshavefordecadesexploredthelink
betweendataandinformation.Theinsightsprovidedhaveshapedperformancemanagementformany
years (Carvajal,1992).Knowledge iscreated through the“application of data and information”
(Ackoff,1989).Shedroff’s(1999)DIKWhierarchylinksData,Information,KnowledgeandWisdom,
withtheclearstatementthatknowledgeistheabilitytouseinformationwithinaparticularcontext.



International Journal of Technology and Human Interaction
Volume 17 • Issue 2 • April-June 2021

65

TheDIKWhierarchyprovidesatheoreticalpyramidbuiltonafoundationofdatawitheachsuccessive
layerrestingontheonebeneath.Thus,processingdataappropriatelymakesit“useful for decisions 
and or action”(Liew,2007).Assuminginformationis“knowwhat”,thenknowledgeis“knowwhy”.
Knowledgeenablesdecision-making,allowingtheselectionofaparticularactionfromarangeof
possibilitiesandleadstothe“knowhow”toimproveperformanceandcreatecompetitiveadvantage.
Inthiswaythepromiseofenhancedknowledgeanddecision-makingasaresultofbigger(andby
implicationbetter)dataevolved,butresearchindicatesitmaynotalwaysbethecase(Walker,Stanton,
Jenkins,Salmon,&Rafferty,2010).Recognitionthatpossessingmoredatawithoutincreasingthe
abilitytoanalyseandunderstandthedatabeinggeneratedmayactuallybeahindrance,leadstothe
centralchallengeofhowourinteractionswithtechnologycanbestbeusedtounlocktheknowledge
withinthedata.Itisthischallengeofhumaninteractionswithtechnologythattheresearchquestions
seektoaddress.

The Power of The Human?
InconsideringhowtocreatemeaningfromBD,whoshoulddoitanditsimpactonthebusiness,there
isscantmentionofthehumanaspect,despiteKranzberg(1986)identifyingtheissuesome30years
earlierandSolow(1987)highlightingthepaucityofevidenceupholdingtheviewofbetterdecision-
makingleadingtogreaterproductivity.Infact,Solowwentsofarastosaythatallthepromisesonly
appeartobesayingsomething,ratherthanactuallysayingit(ibid).Itappearsthatthetransformational
ideaofBDisnotamatteroftechnology,butoneofanalysis.Itappearsthattheroleoftheanalyst
remainscentraltotheprocessofinterpretingthedata.Thismeansanexaminationofskillsetsand
possiblythedevelopmentofnewones.

Whatnewskillsarerequiredissomethingthatwritersdonotnecessarilyagreeupon(Miller,
2014).TheOECD(2013:29)acknowledgesthatanappropriatemixofadvancedICT,statisticsand
specificsectorskillsarerequired.FawcettandWaller(2014)similarlyrecognisetheneedforbothdata
anddomainskills,butstressthatitistheabilitytoapplytechnicalskillsthatisimportant.Manyika
etal.(2011)highlightedthatorganisationsdonothavethetalenttoderiveinsightsfromBD.When
presentedwithacomplexandever-changingstreamofdataand information, theability to think
creatively,graspthesituationandactaccordinglymayrequireadiverserangeofattributes,suchas
intelligence,intuition,imaginationandcreativity,notalwaysrecognisedorvaluedintheworkplace.
DespiteadvancesinAI,technology(aswecurrentlyuseit)maynotreplacetheseincreasinglyessential
skills.Mainstreammedia(Philipson,2014)recentlyreportedthattheBritishIntelligenceService
(GCHQ)recognisedthisandemployedmorethan100dyslexicanddyspraxicanalystsbecauseof
theirskillsinidentifyingpatternsandabilitytoanalysecomplexdata.Theirabilitytospotoddities
inpatterns,whichmusthavebeenusefulsurvivalskillsforhunter-gatherers,arenowbeingapplied
todata-setsratherthananimalbehaviours,atGCHQ.

Literature Summary
BDdescribesthelargequantityofdatageneratedandstoredbymodernconnectedtechnologieswhich
hasforcedbusinessestoconsiderhowtheyexploittheresultantinformationflows.Theemergenceof
theinternetmeansthatcollectingdatafrommultiplechannelshasneverbeeneasier.Thehypesays
thatthemoredatagathered,thebetterthedecision-making.Realityislessstraightforward.Usability
iscritical.Dataneedstobeconvertedinarobustandreliablewaytobetranslatedintoknowledge
tobeapplied.Agilityandflexibilityindatacollectionisgood,butitisnecessarytoconnectand
correlaterelationships,hierarchiesandmultipledatalinkages,otherwisethedataremainsmeaningless.
Meaninglessdataisthedigitalinformationequivalentofarubbishheap,asshownbytheGFTexample.

Inanidealworld,bigdatashouldhelporganisationssetnewlevelsofperformanceandnew
agendasforbusiness.Thisresearchshowsthatadvancesarebeingmadethatmakethisapossibility
butitisagradualprocess,andonewhichrequireshumaninteractionswiththetechnologytobethe
linchpintoanyimprovement.
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MeTHodoLoGy

Thisresearchsoughttouncoverwhethertechnologicalinnovationtransformedbusinessperformance
and management practice. Its objective was to understand how organisations use BD and if its
benefitsmatchitswidely-presentedpotential.Giventhatthisisarelativelynewresearchareaandthe
researchlargelyexploratory,amultiplecasestudyapproachwasadopted(McCutcheon&Meredith,
1993).Caseselectionwasopportunistic,resultingexistingrelationshipswithexecutivesinaregional
BusinessKnowledgeTransferNetwork in theUK.The researchers approached theNetwork co-
ordinator,whoworkedatthesameUniversity,explainingtheirinterestinfindingoutifcompanies
dealtwithBDchallengesandifso,howtheydidthis.Memberswerecontactedbyemailandasked
iftheywouldbewillingtosharetheirexperiencesofBDexploitationforaresearchproject.Of180
memberorganisations,17responded.TheresponsesvariedinthedegreeofengagementwithBD
andtheresearchersspokewitheachofthe17companiestoascertainwhatwasactuallygoingonin
theorganisationsregardingBD.

The2chosencasesemergedasbeingthefurthestadvancedintermsofactuallyhavingcarried
outinternallyaprojecttoexploitthedatatheyhad.Whenaskediftheywouldbewillingtosharethe
experienceforresearchpurposes,eachcompanyagreed.Readily-availabledataanddirectaccesswere
moreimportantfactorsthananalternativesamplingstrategy.Bothweretraditionalorganisationsin
thattheydidnotconformtothestereotypicalhi-tech,socialmediaorganisationgenerallyassociated
withBD.Theyweretraditionalorganisations,bothretail,althoughtheyhadentirelydifferentbusiness
operatingmodels.Inpart,thiswasanotherreasonforselection.Bothhadadesiretosignificantly
increaseperformanceandhadfeltthattheiravailabledataandtechnologycouldbeusedtohelp.

Case1wishedtoremainanonymoussointheinterestsofequitabletreatmentinthepresentation
ofthispaper,Case2isanonymousalso.

Thedatacollectionandanalysismethodswerechosenandcarriedoutbytherespectivecompanies,
whichfacilitatedansweringthetworesearchquestions:

RQ1Howhastechnologicalinnovationtransformedbusinessperformance?and
RQ2Hastechnologicalinnovationtransformedmanagementpractice?

Thecase studies, theirdrivers,methodandoutcome,areoutlinedseparately in the findings
section.TheyarecomparedwiththegeneralliteratureonBDandtechnologyinnovation,whatitis
andwhatitissupposedtodo(FossoWambaetal.,2015;Haas,Criscuolo,&George,2015;Hulten
&Nakamura,2017;Wielandetal.,2014).Theaimwastocomparethehypewiththerealityinan
operationalsettingbyunderstandinghoworganisationsinteractwithandexploitBD,andifthisis
differenttotheirstandarddataanalysistechniquesand‘standard’results.

TheoperationalimplicationsofexploitingBDtoimproveperformanceareexploredwithacritical
eyethatseekstore-evaluatetheobservationsofKranzberg(1986)andSolow(1987)Theresearch
complementsworkundertakenbyDubeyetal.(2016).

FINdINGS - THe CASe STUdIeS deTAILed

Case Study one – Multi-Channel Retailer
Thiscompanyhadavision:tocreateacompetitiveedgebybeingthemosttrustedUKproviderin
thesector.Thisretailerhas19branchesnationwideandseveralbrandnameslinkedto it,with3
divisions:inbound,re-salesandretail.Theinboundcreatesthemajorityofactivity,providesthestock
andaccountsfor10%ofrevenue.Re-salesrepresent70%oftherevenue.Retailreachestheconsumer
directlyandaccountsfortheremaining20%ofrevenue.
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Manyyears’datafrommultipleoutletstrackingallsalesoperationsexistedandthecompany
wantedtosetupa“scientificplatform”toanalyseit.Anemployeesuggestedthatthisdatacould
beusedtohelprealisethevisionandtothisendaprojectwasestablishedtoexploretherichand
completedataset.Thefirstproblemtoarisewasvariety–inconsistent,incompleteandinaccurate
datacaptureacrossoutletsanddeliverychannels.Despitebeinginternallygenerated,datahadtobe
cleanedbecauseofnon-standardiseddatacaptureprocesses.Thereweretwoproductranges,value
anddeluxe.Historicallythedeluxerangehadbeen‘enhanced’byprovidinga6monthguarantee.
Theyweresurprisedtofindtheylostmoneyonthedeluxeandmadethreetimesmore,pervalue
item,eventhoughitsoldmorecheaplyanditdidnothaveaguarantee.Anunexpectedpatternin
saleswasalsofound:certainmodelssoldforhigherpricesincertainlocations,yettheirsalespolicy
wastosellatthelocationnearesttothepreviousowner’sregisteredaddress,regardlessofsalesvalue
location.Stockdayswerefoundtobeirrelevant.

Thesefindingsmeantthatthemanagementteamreconsideredthepositioningoftheproduct
rangeandstandardisedanumberofaspectsoftheiroperationhithertonon-standardised.

Data Collection
Theorganisationgeneratesmassesofdatainaconstantstreamacrossallitsbusinessunits.Data
comes from‘inuse’, ‘offuse’, retail,wholesale, industry regulatorsandeach individualproduct
item.WantingtocreateacompetitiveedgebybecomingthemosttrustedUKproviderinitssector
thecompanysetupaprojecttoprovideaplatformtoanalysethedatacollectedfromitsbusiness
operations.Theaimwastounderstandtheimpactofproductvarietyonworkloadandprofitability.
Thequestionswhichemergedfrommanagementwere:

1. Areproductswithguaranteesmoreprofitable?
2. Whatlinksaretherebetweenwholesaleandretail?
3. Whatisthelinkbetweenstockdaysandproductprofile?

Theprojectmanagerdevelopedhypothesestorunthedatamining(DM)verificationparadigm
aswellasenabledescriptiveanalysis.Theywere:

H1–productwithguaranteesaremoreprofitablethanthosewithout
H2–deluxeproductsaremoreprofitablethanstandard

There-salesdivisionhadthelargestdataset.Aninitialexplorationrevealedenoughdata-setsto
answertheresearchquestions.

Data Preparation
Atotalof48variableswerefoundwithinthesalesdata.Toenablesubsequentanalysisthevariables
weredefinedinto:numeric,categorical(string),Boolean(yes/no)andspecificcodificationattributes.
Datacleaninghadtobecarriedoutdueto3maininputtingproblems–inconsistency(egBLKand
BLACK),charactertranspositionandmissingvalues.

Data Analysis
ThecompanyadoptedtheCRISP-DM(CrossIndustryStandardProcessforDataMining)approachas
themostviabletomineexistingdatabecauseitisacceptedasthe‘goldstandard’inthedatamining
domain(Pechenizkiy,Puuronen,&Tsymbal,2008;Rennolls&Al-Shawabkeh,2008).

Usingthisapproachitwasfoundthatnon-guaranteedproducts’meancontributiontoprofitability
washigherthanthosewithguarantees,thereforeH1wasrejected.Totalrevenuesfromdeluxeproducts
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wasfoundtobe61.5%,thereforeH2wasalsorejected.Furtherexplorationofthedeluxecategory
establishedtherewasproductdifferentiationwithin-category.TheDMfindingsidentifiedthemost
profitablesales.

Findings
Theinsightthatinherentlyenhancedproductsweremoreprofitablethanthoseenhancedbyguarantee
ledthemanagementteamtoreconsiderthemarketpositioningoftheproductrangeandtheinputthe
companyprovidedpre-sales.Thedescriptiveanalysiscarriedouttoanswerquestion2highlightedthe
mostsearchedproductsnationally,bylocation,whichcanhelpdecision-makingregardingtargeted
pricingandpromotiondecisions.Thequestion3analysisascertainedtherewasnoparticularlink
betweensalesandstockdays.

The findings fromthisanalysis illustratehow technologycanassistorganisationaldecision-
makingbeitstrategicortactical.Inaddition,itledtostandardisationofdatacapturetoreducefuture
inconsistency.Thecompanyalsorecognisedthathavingdevelopedananalysisplatformthereare
manyotheraspectsitcanexploreoperationally.Havingestablishedanindustryoverview,further
miningofthedatacouldhelpitenhanceitsmarketleaderpositionbyfurtherimprovingorganisational
performance

Case Study Two – online white Goods Retailer 
Background
Thisorganisationwantedtodelivertailoredexperiencesfornewonlinecustomerswhentheyvisited
thecompany’swebsite.Theabsenceofphysicalcluesaboutacustomersuchasgender,clothingand
ethnicitythatareusedinface-to-faceencountersmeantthatthestatisticallysignificantreal-timesales
discriminationbasedonappearancewasnotpossible(Wise,1974).Anemployeewasmusingone
dayandwonderedif,intheabsenceofphysicalclues,thetechnologythecustomerusedcouldhelp
thecompanyunderstandthecustomerbetter.Thequestionaskedwas:“Canhistoricalaccessdata
delivermoretailoredexperiencestonewcustomerswhentheyvisitthewebsite?”

Data Collection
Searchadvertisingistheprimarytooldirectingpotentialcustomerstothewebsiteandiscomplemented
bydisplayadvertisingwheredefinedcriteriaaboutcontextandpreviousbrowsingbehaviouraremet.
Conversionrateoptimisation(CRO)isusedtoincreasethenumberofwebsitevisitorsbookinga
designvisitandtherebymovingmoresuccessfullythroughthecompany’ssalesfunnel.CROpositively
influencescost-per-leadandpermitsanalysisofthetechnologyintheformofoperatingsystem(OS)
andbrowsercustomersusetoaccessthewebsite.OSandbrowserdatacombinedwascollectedfor
a12monthperiod.1,621,262websiteclickstreamdatawaspulledintothecompany’sCRMsystem
atthepointofdesignvisitenquiry,andanalysed.

Data Analysis
UsingGoogleAnalyticstoinvestigateinternettrafficdataitbecameapparentthatthequestioncould
bemorepreciselydefined:

1. Cancustomertechnologyuseforwebsitenavigationpredictpurchasetypeandspend?
2. Canthisinformationbeusedtodeliveramoretailoredwebsiteexperience?

PreliminaryanalysisshowedthatMicrosoftExplorer(IE)andFirefoxusagedeclinedby40%in
12monthswhileallotherbrowsertrafficincreased.Deviceswereidentifiedasthemostimportant
influencerbecausemostusersstaywiththedefaultbrowserprovided(Browser-update.org,2015).
Asuseofsmartphonesandtabletsincreased,sodidaccesstothecompanywebsiteusingSafariand
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GoogleChrome,withcorrespondingdecreasesinIEandFirefoxOS.Thecuriousemployeedeveloped
threeseparatehypothesestotestthecorrelationbetweenpurchasingchoiceandvariablesassociated
withwebusethatcouldbecapturedusingGoogleAnalytics.

H1–Productstylepreferenceanddeviceareassociated
H2–Productstylepreferenceandoperatingsystemareassociated
H3 –Productstylepreferenceandbrowserareassociated

Theclickstreamdatawassegmentedinto3technologycategoriesandnumberofvisitstothe
top4stylesofthe2productcategoriesthecompanyoffered.Pearson’sChi-squaretestofassociation
wasselectedtotestthehypothesesbecauseofitsversatilityandabilitytodealwithcategoricaldata
(Hair,Money,Samouel,&Page,2007).Statisticalsignificancewastestedto95%,judgedbythe
organisationtobeanappropriatelevelofconfidencetouseinthetests.

Theyfounditwaspossibletoacceptallthreehypotheses.
Becauseoftheinterdependencybetweentheoperatingsystemandbrowser,afourthhypothesis

wasdeveloped:

H4 –Productstylepreferenceand[OS+browser]areassociated

Atotalof21differentcombinationsofoperatingsystemandbrowserwereidentifiedfromthe
dataavailable.AgainusingPearson’sChisquaretestandthesamesignificancelevelasbefore,ap
valueof6.1098x10-195indicatedthishypothesiscouldalsobeaccepted.Similarlythecriticalvalue
of31.4104wassignificantlybelowtheteststatistic(χ2)of980.3270.

Findings
TheresultfromH4definitivelyanswersresearchquestion1andconfirmsthatassessingcustomer
preferencebasedontechnologyisviable.CombiningOSandbrowservariablesprovidedarichset
ofdatasegmentstouseintailoringthecustomerexperience.MacOSandGoogleChromesuggested
apreferenceforamodern,expensiveproductswhilstIEmeantmoretraditionalstyleandcareful
spend.Researchquestion2wasalsoansweredfromtest4.Thestrongassociationbetweenbrowser/
OS combinations and product style preferences enabled the business to identify three customer
categoriesbasedonthetechnologiesusedforbrowsing:

• moreinterestedintraditional
• moreinterestedinmodern
• nobias

The website was redeveloped to act upon insights produced from the statistical analysis of
browsingbehaviourdata.BycollectinginformationabouttheOSandbrowsercombinationduring
theinitialonlinecontactandapplyingtheknowledgeoflikelycustomerpreferences,customerscould
bedirecttowardsspecificwebpagestailoredtomeettheirlikelypreferences.Customersbenefited
byquickernavigation to theproducts theywere likely tobe interested in,with a corresponding
improvementinthe“hits:designvisit”ratio.

Consideringthecasecarefully,itisclearthattheanalysisundertakenwasrelativelystraightforward
andmightappearrathertrivial.Itcouldhavebeenextendedandrefinedconsiderablybuttheproject
wasnotintendedtoshowcaseanalyticskills,butrathergenerateproductivityimprovements.The
projectgeneratedgrowthinbothrevenueandprofit,makingthebusinessmoresustainable.Thiswould
nothavebeenpossiblewithouttherightquestionbeingaskedandanassociationbetweenvariables
beingidentified.Additionallyitshouldberecognisedthatthiswasachievedwithnoinvestmentother
thanthetimeofthoseinvolved.
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dISCUSSIoN 

InevaluatingbothKranzberg’s(1986)andSolow’s(1987)statements,thetwocasestudiesdemonstrate
thatbusinessperformanceisonlyindirectlylinkedtotechnologicalinnovation.Eachcaseisdiscussed
toshowhowitcomparesagainstkeyaspectsoftheliterature,andwhatthiscouldmeanforother
organisationsaswellasforthemeaningfulcontributionofBDtobusinessperformanceingeneral.
Each case demonstrates different aspects of both the problems of dealing with the outcomes of
technologicalinnovationandtheimportanceofhumaninteractionforsuccessfulbusinessperformance.
TheevidencefrombothcasestudiesconfirmsJainandKanungo’s(2005)researchfindings-human
interactionwithtechnologyandtheresultingimpactuponbusinessperformanceisnotstraightforward.

Table 1. Case Study One. Hypotheses Testing.

H1–Thereisassociationbetweenproductpreferenceandthedeviceusedtobrowse

H0 Productpreferenceanddevicearenotassociated

H1 Productpreferenceanddeviceareassociated

SignificanceLevel α=0.05

Pearson’sChiSquareTest (χ2)=509.2441896

TestStatistics P=2.6244x10-111

CriticalTest=5.991464547

Evaluation (χ2)>CriticalTest
p>α

FrombothtestsRejectH0andacceptH1

H2Thereisanassociationbetweenproductpreferenceandtheoperatingsystemusedwhilstbrowsing.

H0 Productpreferenceandoperatingsystemarenotassociated

H1 Productpreferenceandoperatingsystemareassociated

SignificanceLevel α=0.05

Pearson’sChiSquareTest (χ2)=839.9343174

TestStatistics P=4.4630x10-177

CriticalTest14.06714045

Evaluation (χ2)>CriticalTest
p>α

FrombothtestsRejectH0andacceptH1

H3Thereisanassociationbetweenproductpreferenceandthebrowserused

H0 Productpreferenceandbrowserarenotassociated

H1 Productpreferenceandbrowserareassociated

SignificanceLevel α=0.05

Pearson’sChiSquareTest (χ2)=685.4852838

TestStatistics P=67527x10-146

CriticalTest11.07049769

Evaluation (χ2)>CriticalTest
p>α

FrombothtestsRejectH0andacceptH1
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Case Study one
Thiscompanyhadavisiontobecomethepre-eminentandmosttrustedUKproviderinitssector.
Theyhadwantedtofulfilthisambitionforanumberofyears.Theyhelddataonallthepurchases
andsalestheyhadevermadesince1970ineverybranch,fromeverychannel.Whattheydidnot
havewasknowledgeofwhatinformationa‘’scientificanalysis”ofthosefigurescouldprovide.The
triggerfortheprojectwhichgavethemthenecessaryinsightcamefromoneofthemanagerswho
hadbeenthinkingaboutwaysofgleaningmoreinformationfromallthedata.Thequestionshehad
beenaskinghimselfbecamethequestionsthecompanyaskedofthedata.Thefirstthingtheyfound
wasthattheywereunabletoanswerthosequestionsbecauseofaclassicBDchallenge,oneofthe
3Vs(Laney,2001).Varietywastheirbigproblem,causedbyinconsistent,incompleteandinaccurate
data.Thedata,whilstnotquiteunstructured,lackedastandardisedcompanyformatandinputwas
opentointerpretation.Thesameproductsweredifferentlycapturedonthesystembyeachbranch,
creatingacleaningprojectfirst,thenaprojecttosystematicallyidenticallycapturedatathroughout
theorganisation,regardlessofproductorchannel.

The fact that internally-created data needed a project all to itself to cleanse the database
highlightedaseriousshortcomingwiththecompany’sdatacollectionformanagementinformation
purposes.Italsohighlightedthatdecisionshadhithertoreallyonlybeentakenpiecemealratherthan
organisationally, since the data had not actually supported company-wide decision-making. The
difficultiesencounteredwithinconsistentdataemphasisedtothemanagementteamtheimportanceof
reliabilityandrobustness.Theavailabilityofaccuratecompany-widedatashowedhowtomaximise
servicelevelsthroughdecision-makingbasedoncompleteknowledgeoflong-termperformanceof
newsalesandusedsalesoveraperiodofyears.ThisechoesP.Bell(2013)andHsinchunetal.(2012)
muchmorethanBrownetal.(2011),Manyikaetal.(2011)orMcAfeeandBrynjolfsson(2012).

Clearly,theirlargedatasetwithallitsvarietyproblemsindicatedthatthesizeofadatasetdoesnot
equatetoitsquality(Biseletal.,2014;Lazeretal.,2014).Becausethedatawasinternally-generated,
essentially for management and accounting information, this company did not contend with the
issuesaroundsocialmediagenerateddataandOCGsystems(Jifa&Lingling,2014).Nevertheless,
theyhadasignificantworkloadtoensuretheveracityofthedatatheyhadinordertocreatetruly
usableinformation(Chongwatpol&Chan,2015).InkeepingwithChongwatpolandChan(2015),
thiscompanycreatedacleandynamicdata-setandchangedinternalprocessestoensurefuturedata
collectionwouldbeaccuratethroughstandardisedcapture.Thisenabledthemtofindalternativeways
toassessbusinessissuesandhaveinformeddecision-making.Atlasttheywereabletoprocessdata
inaway“useful for decisions and or action” (Liew,2007).

Case Study Two
Thedriverforthisonlinekitchenretailerwastoenhancethecustomerexperiencethroughdeliveringa
tailoredservice.Inthiswaytheyforesawgreaterprofitabilitythroughbeingabletoincreaseclicks:sale
conversions.Withoutthebenefitofphysicalcuesasinatraditionalretailenvironment(Wise,1974),
real-timesalesdiscriminationwasimpossible.Anemployeemusingovertheconundrumoffinding
thingsoutaboutcustomerswhilstknowingnothingaboutthemeventuallythoughtthedatatheyhad
oncustomeraccessmightproveuseful.Whilsttheyknewnothingaboutthecustomerfromthepoint
ofviewofgender,clothingorethnicityfor instance, theydidknowhowcustomersaccessedthe
companywebsite.Thisledtotheirtwokeyquestions,whichwerecouldthisinformationbeusedto
predictpurchasetypeandspend,andifso,couldthecompanybundlewebpagesinawaytomake
browsingeasierandhitcustomer‘hotspots’sooner.

Theorganisationposedthesequestionsintohypothesesandrananumberofteststoascertaintheir
veracity.Whilsthypothesistestingisatraditionaltestingmethod,theconfigurationofthedatabeing
testedinthiswaybelongsverymuchinthedomainofBDsinceitisaboutthecaptureofcustomer
databasedontheavailabilityoftechnologiestocustomers,andprocessimprovementthroughdata
analyticsisnotnew,asmanyscholarshavestated,includingWalkeretal.(2010)andMeyeretal.
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(2014).Fromananalyticsperspective,thechi-squaretestshowssignificanceratherthanthestrength
of theassociation,yet thiscompanychosethismethodas theirpreferredwayofgaininginsight.
Moreover,theywereabletomakechoicesandbusinessdecisionsbasedonwhattheanalysisrevealed.
Theyfoundacorrelationbetweencustomerhardware(device)andoperatingsystem(browser).They
usedthisnew-foundknowledgeabouttheircustomertocompartmentalisethem,‘customise’bundles
ofwebpagesandgeneraterevenueandprofitgrowth.WhilstSolow(1987)bemoanedthepaucityof
evidencethatthecomputeragedidnotprovideevidenceofproductivitygains,thiscasestudyshows
thatevidence,andperformancegains,canbeobtained.

Thiscasehighlights the importanceofunderstandingwhatknowledge is requiredabout the
customer,combiningthiswithfundamentalknowledgeaboutyourproductrangeand,mostimportantly,
thevalueofaskinginterestingandinsightfulquestions.

overall discussion
Thisresearchshowshowtechnologicalinnovationcanbeharnessedtoimprovebusinessperformance.
Case1highlightsthedifficultiesofinconsistentdataandtheimportanceofreliabilityandrobustness.
Case2highlightedtheimportanceofknowingyourcustomersandyourproducts.

Bothcompaniesusedinternaldataaboutcommittedcustomerstocreatecompetitiveadvantage.
UnlikeGFT(Lazeretal.,2014),whereindividualsotherthanthosesufferingfluwouldmakesearches
aboutthetopic,inthiscasethestreamofdatawasacompletepictureofthecompanies’customers
andtheirbehaviour.TheuseofBDtechniquesmeantthatiswasunnecessarytodrawsamplesof
behaviourandtrytousethistopredictindividualresponses.ByusingBDtechniquesbothcompanies
wereabletooptimisemanagementdecisionsbasedonacompletepictureofthebehaviouroftheir
totalcustomerbase. It isalsoa trueapplicationofBD,whereas theGFTcase,despitecollating
socialmediaandotherexternally-generateddatawasactuallyusingapopulationsample.Sampling
andhypothesis-buildingistraditionaldataanalysis,notBD,despitetheconstantstreamoflargely
unstructureddatacreated frommultiple sourcesand ina rangeof formatswhichcauses theBD
analyticschallenge(Biseletal.,2014;Chenetal.,2012;Tinatietal.,2014).

Inbothcasesorganisationalconstraintsrestrictedthescopeoftheanalysisundertaken.Without
access to advanced tools, both cases relied upon the initial inspiration of individual employees
whowerewillingtointeractwiththedatausingnothingmorethanaspreadsheetandapassable
understandingofstatistics.Theoutcomesdescribedwouldnothavebeenrealisedhadamemberof
staffnotwonderedaboutaparticularproblemandbeenwillingtoimmersethemselvesinthedata.
Modernsoftwareenablesspeediercomputationsandcanfacilitate‘patternspotting’butitcannot
decidewhattolookat,orindeedwhatquestionstoask.So,farfrombeinghelpfulBDhasthepotential
tocreatemisunderstandingsandmisdirection,ofwhichnumerousexamplesexist(Duhigg,2012;
Hazen,Boone,Ezell,&Jones-Farmer,2014;Ilicetal.,2010;Lazeretal.,2014).Whilsttechnology
isimportantanddoescreateopportunities,itisourinteractionwithtechnologyandourabilityto
see(andrealise)opportunitieswhichareessential.Thereisaclearneed,forpeoplewithalevelof
curiosity,insightandskillstoexploittheinformationthatisnowavailable.Solelyrelyingonalgorithms
andsystemtoolsisunlikelytogeneratetheproductivitygainsthatareexpected.Thekeychallenge
thereforeistoidentifythenewskillspeopleneedinordertobeabletomaximisethepotentialBD
offersandunderlinestherelevanceoftheGCHQdevelopment(Philipson,2014).

Thecase-specificpointsrelatetotherespectiveorganisations,althoughtheycangenerallybe
seentobeinkeepingwiththeOECD(2013)suggestionandconfirmtheimportanceofdeveloping
thecorrectstrategytoadvantageouslyexploitthedata(Opresnik&Taisch,2015).Therearealso
problemsconsistentwiththecoreconcernsofperformancemanagementwhichscholarshavestudied
overmanyyears(Ackoff,1989;P.C.Bell,1999;Kranzberg,1986;Saaty,2008).Itisthisaspect
whichhasledtoobservationsthatBDisanotherstepindata-drivenimprovement,followinginthe
footstepsofSPCandthen6Sigma(Madsen&Stenheim,2013).Thisinterpretationsuggeststhat
whilstBDandtheinternetincreasethevolumeofdatathatcanbeaccessed,manyofthechallenges
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relatedtohandlingdataremainthesame.Despiteallthehype,theproductivitygainsemergingfrom
theBDrevolutionmightbelessdramaticthanweexpect.Howweinteractwithdatawhichmakes
thedifference.Thisresearchemphasisestheimportanceofinquisitivenessandhowpeopleskills
requiredforbothinterpretingdata-setsanddevelopingrelevant,impactfulinsight.

CoNCLUSIoN

ThispaperhasexploredthechallengesandopportunitiesthatBDoffers.Throughthisexploration,
it contributes to thebodyof empiricalperformance-basedevidence regarding the applicationof
BD(FossoWambaetal.,2015).Whilsttherearelimitationswithinbothcasestudies,theresearch
illustratesthatthereispromiseinusingBDtouncoverpreviouslyunavailableinsightsforimproved
performanceaslongasitiscoupledwithcuriosityandcognitiveskills.Thevolumeandvarietyof
dataavailabletoorganisationswillundoubtedlycontinuetogrowandtechnologywillbeincreasingly
importantinhandlingthedata.Limitlessdatadoesnotguaranteebetterperformance.Thechallenge
remains in harnessing technology and interacting with the data it makes available to improve
operationalperformance.Organisationsandindividualsneedtolearnhowtousenewtechnologies
anddevelopthecognitiveskillsnecessarytointeractwiththedataitcreatestogeneratetheknowledge
andwisdomrequiredtomanageprocesseswithinanincreasinglyconnected,complexandrapidly
changingworld.Theseskillsareemerging,butthereremainsagapbetweenthepossibilitiesofnew
technologyandtheabilitytogenerateproductivityimprovements,justasitdidwhenSolowfirst
pointedtohisproductivityparadox.

Therearelimitationstothisresearch.Firstly,thechosencaseshadtheirowndataandanalysis
methods. These differed from each other. However, the authors found that the journey of each
organisationillustratedwellthestruggletointeractmeaningfullywithtechnologyanddatainorder
toimproveperformance.Eachcasedidsointheirownway,withtheskillsandtechnologiesavailable,
alongwithastronginputofinquisitiveness.However,therearegeneralconclusionswhichcanbe
drawnabouttheimpactoftechnologicalinnovationonbusinessperformance.

Whilsttechnologycandomanythingsfasterandmorereliablythanpeople,more‘realtime’data
maymeangreaterconfusionaspeoplestruggletorespondwhatcanappearaconstantlychanging
environment.Thisplacesgreaterdemandsuponuswhenweinteractwithdata,andincreasesthe
needfor“inference,imagination,integrationandproblemsolving”tounderstandwhatisgoingon
(Weick,1990:32).Thereneedstobeastepchangeincompetencesforsomeofthetasksexpectedto
bedoneasamatterofcourseinaconnectedworldwheredataiseverywhere.Newdatascienceskill-
setsarerequired,becausewithoutinsightfulandcuriousemployeesabletointeracteffectivelywith
acontinuouslychangingdataset,moredatacannotcreategreaterproductivity(Philipson,2014).The
keychallengeistoidentifythenewskillspeopleneedinordertobeabletomaximisethepotentialBD
offers.Untilorganisationshavesufficientpeoplewiththeseskillscontinuedtechnologicalinnovation
maydonothingtoaddressSolow’sParadox.

Theinsightsfromthisresearchofferausefulstartingpointforunderstandingwhereandhow
organisationscanrespondtotheopportunitiesofferedbyBD.Futureorganisationalsuccess,ifnot
survival,maywellbepredicatednotonthedataavailablebutourinsightfulinteractionswiththe
interconnectedsystemsthatgenerateit.
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