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ABSTRACT

Becomingadata-drivenorganization isavisionforseveralorganizations. Ithasbeenfrequently
mentioned in the literature that data-driven organizations are likely to be more successful than
organizationsthatmostlymakedecisionsongutfeeling.However,feworganizationsmakeasuccessful
shifttobecomedata-driven,duetoanumberofdifferenttypesofbarriers.Thisarticleinvestigates,
theinitialjourneytobecomeadata-drivenorganizationfor13organizations.Datahasbeencollected
viadocumentsandinterviews,andthenanalyzedwithrespectto:i)howtheyscaleduptheusage
ofanalyticstobecomedata-driven;ii)strategiesdeveloped;iii)barriersencountered;andiv)usage
ofanoverallchangeprocess.Thefindingsarethatmostorganizationsstarttheirjourneyviaapilot
project,takeshortcutswhendevelopingstrategies,encounterpreviouslyreportedtopbarriers,and
donotuseanoverallchangemanagementprocess.
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1. INTRODUCTION

Severalorganizationshaveavisiontobecomedata-driven(Davenport&Bean,2018;Halper&Stodder,
2017;Watson,2016),sincethosetypeoforganizationsarelikelytocapitalizeonbusinessinsights
morefrequentlythanorganizationsthatarenotdata-driven(LaValle,Lesser,Shockley,Hopkins,&
Kruschwitz,2011).HalperandStodder(2017)classifyanorganizationasdata-driven“whenituses
dataandanalysistohelpdriveaction—evenifthatactionisadeliberateinaction.”Intheory,data-
drivenorganizationscanapplydata-drivendecisionsforalltypesofanalytics(descriptive,predictive,
prescriptive),andalltypesofdecisions(operational,tactical,strategical).Inpractice,weassumethat
mostorganizationsaimforasubsetofcombinationsofanalyticsanddecisions.

Managershavetakenseveralstepstoinitiatetransformationstoadata-drivenorganization,by
introducingmantrassuchas-businessinsightsarebasedondataandnotopinions-intostrategy
documents,held largekick-offevents, educatedemployees inSelf-ServiceBusiness Intelligence
(SSBI) tools,andhireddatascientistsandAI-programmers.Despite thesegoodintentions,most
oftheorganizationsstillstruggleandfewofthemseemtoreachtheirvision.Intworecentsurveys
(Bean&Davenport,2019;Halper&Stodder,2017)roughly30%oftheorganizationshadmadea
successfulshifttobedatadriven.Theotherorganizationsstruggledwiththeirbarriersorhadnot
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startedtomovetowardsadata-drivenculture.AccordingtoHalperandStodder(2017),thebiggest
barriertobeingdata-drivenwas“lackofbusinessexecutivesupport/corporatestrategy”(42%of264
respondents),andthemostfrequentlymentionedstepmanagerstooktodevelopadata-drivenculture
was“makethecasetocorporateleadershiptoinvestinBIandanalytics”(57%of230respondents).
Inresponsetothelowshareoforganizationsthatmakeasuccessfulshifttobecomedata-driven,
Davenport and Bean (2018) suggested that organizations “… need more concerted programs to
achievedata-relatedculturalchange”.

Change management (Moran & Brightman, 2001; Todnem By, 2005) has previously been
identifiedasasuccessfactorfor implementingbusiness intelligencesystems(Olszak&Ziemba,
2012;Pham,Mai,Misra,Crawford,&Soto,2016;Yeoh&Koronios,2010).Astheareaofbusiness
intelligenceiscloselyrelatedtodata-drivenorganizationsandanalytics,changemanagementhasalso
beensuggestedintheliterature(Berndtsson,Forsberg,Stein,&Svahn,2018;Forbes-Insights&EY,
2015)asanenablerforestablishingadata-drivenorganization.Inasurveyof564seniorexecutives,
conductedbyForbesInsightandEY,59%of therespondents thatconsideredthemselvesas top-
performing,claimedthatchangemanagementwas“extremelyimportant”totheorganizations’overall
analyticsinitiative(Forbes-Insights&EY,2015).Hence,changemanagementhasanimportantrole
toplaywhenorganizationsintendtoscaleuptheirusageofanalytics.However,noneofthesources
provideanydetailsonhowsucharoadmaporprogram,inspiredbychangemanagementmaylooklike.

Theobjectiveofthispaperistoinvestigatehow13organizationsstartedtheirjourneystowards
becomingdata-driven,givenpreviouslyreportedbarriersandpotentialusageofchangemanagement
asanenabler.ThispaperisalsoaresponsetotherecommendationbyArnottandPervan(2014),
toincreasetheusageofcasestudieswithinthefieldofdecisionsupportsystems,asanapproachto
improvetherelevanceofconductedresearch.

Intheremainderofthispaper,wepresentabriefintroductiontodata-drivenorganizationsand
relatedbarriers.Thereafter,wepresentourresearchapproach.Inthesucceedingsections,wepresent
ourfindings.Finally,relatedworkandconclusionsarepresented.

2. BACKGROUND

2.1 Data-Driven Organizations
Theconceptofcollectingandanalyzingdatainthecontextofanorganizationisnotnew.According
to Power (2007), the implementation of computerized Decision Support Systems (DSS) can be
tracedbacktothemid-1960s.AgenealogyfortheDSSfieldfor1960–2010isprovidedin(Arnott
&Pervan,2014),andasofthe2010s,thereweretwoareasintheDSSfieldthatreceivedmuch
attention: knowledge management-based DSS, and business analytics. The former field has its
rootsinknowledgemanagement,organizationallearning,andAI.Thelatterareaisrootedindata
warehousing,databasetheory,negotiationsupportsystems,andgroupsupportsystems.Asdecisions
indata-drivenorganizationscanspanall typesofanalytics(descriptive,predictive,prescriptive),
data-drivenorganizationshaveaDSSthatoverlapsbothknowledgemanagement-basedDSS,and
businessanalytics.

Sampledefinitionsofdata-drivenorganizationsanddata-drivenculturesareprovidedinTable
1.Whatiscommonamongthesesampledefinitions,isthattheyallshareanunderpinningprocessof
i)collectdata,ii)useanalyticstoderiveinsights,andiii)makeadecisionbasedonderivedinsights.

McAfeeandBrynjolfsson(2012)investigated330companiesanddiscovered:

The more companies characterized themselves as data-driven, the better they performed on objective 
measures of financial and operational results. In particular, companies in the top third of their 
industry in the use of data-driven decision making were, on average, 5% more productive and 6% 
more profitable than their competitors.
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Citationstothepreviousquotehavefrequentlybeenmentionedintheliteratureandinbusiness
presentations,asoneofthereasonswhyorganizationswanttobecomedatadriven.Furthermore,data-
drivendecision-makinghasalsobeenmentionedinthecontextofBigData(McAfee&Brynjolfsson,
2012)andBusinessIntelligenceandAnalytics(Chen,Chiang,&Storey,2012;Davenport&Harris,
2017;Wixom&Watson,2010).

TheworkofAnderson(2015)providesexamplesofwhatadata-drivenorganizationlookslike
inpractice,andalsoprovidesatemplateforvisionstatements.Thefollowingvisioncategoriesfora
data-drivenorganizationaresuggested(Anderson,2015):

• Strong leadership,whereleaderschampiontheideathatdataisastrategicasset,thatisvery
importanttohaveinplacewhenmakinginformeddecisions.

• Open and trusting culture,whichimpliesbroadaccesstoasetofcoherentdatasources.In
addition,analystsareassumedtoproactivelyreachouttovariousdepartmentsandcollaborate.

• Self-service analytics culture,wheremostofthetimeisspentonad-hocanalysisandpredictive
analytics.Mostofthestandardreportsareautomated.

• Broad data literacy,impliesthatemployeeshavestronganalyticalskills,knowhowtointerpret
graphs,andsharetheirinsights.

• Objective, goals-first culture, impliesthattheorganizationhaswrittendownaclearvision
foritsdirection.

• Inquisitive, questioning culture,impliesthatcolleaguesshouldnotbeafraidtoaskfordata
thatbacksupexpressedopinions,and

• Testing culture,wherethenormistofrequentlyrunexperimentstotestideas.

Theconceptofanalyticsisfrequentlyusedwithinthecontextofdata-drivenorganizationsand
data-drivendecisions.AccordingtoWatson(2013),analyticscanbecategorizedinto:i)descriptive
analytics(whathasoccurred),ii)predictiveanalytics(whatwilloccur),andiii)prescriptiveanalytics
(what shouldoccur).Traditionalbusiness intelligence,withadatawarehouse solution, relieson
descriptiveanalytics,whereasadvancedanalytics(predictiveanalytics,prescriptiveanalytics)relies
onsolutionsfromareassuchasdatamining,andartificialneuralnetworks(Turbanetal.,2015).A
similartaxonomyofanalyticsisprovidedin(Delen&Ram,2018).

AccordingtoDavenport(2018),analyticscanbedividedintofourerasofanalyticalfocus:

• Analytics 1.0,aneradominatedbytraditionalbusinessintelligenceanddescriptiveanalytics.
• Analytics 2.0,anerathatfocusedonusinganalyticsinthecontextofbigdata.

Table 1. Sample definitions

Reference Definition

(Anderson,2015) Atruedata-drivenorganizationisadatademocracyandhasalargenumber
ofstakeholderswhoarevestedindata,dataquality,andthebestuseofdatato
makefact-baseddecisionsandtoleveragedataforcompetitiveadvantage.

(Berndtssonetal.,2018) Adata-drivencultureischaracterizedbyadecisionprocessthatemphasise
testingandexperimentation,wheredataoutweighsopinions,andwherefailure
isaccepted–aslongassomethingislearntfromit.

(Buitelaar,2018) Data-drivenorganizationscanbebestcharacterizedbytheirdesiretoturndata
intoactionandtheirorganizationalapproach.

(Halper&Stodder,2017) …anorganizationisdata-drivenwhenitusesdataandanalysistohelpdrive
action—evenifthatactionisadeliberateinaction
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• Analytics 3.0,anerainwhichtraditionalorganizationsstarttousebigdataandanalytics,and
developproductsthatarebasedondataandanalytics.

• Analytics 4.0,anerawhereAI-technologiesareadoptedonawiderscalewithinorganizations.

Anorganizationcanbeconsideredtobedata-driven,regardlessofwhicheraitmightbelong
to.Thekeyaspectisthatanorganizationuseanalyticsoncollecteddatatomakedecisions,andthe
decisionmakingcultureadheresto,e.g.,thevisioncategoriessuggestedin(Anderson,2015).Hence,
anorganizationthathasimplementedthelatestAI-tools,butnotmanagedtochangeitsculturefor
makingdecisions,isnotadata-drivenorganization.Theexceptiontothisruleisanorganizationthat
heavilyreliesonautomateddecisions.

Relatedmaturitymodelsintheliteraturehaveprimarilyfocusedonmaturitymodelsforbusiness
intelligenceandanalytics,e.g.(Davenport&Harris,2017;Eckerson,2009;Halper&Stodder,2014;
Lahrmann,Marx,Winter,&Wortmann,2011;Lismont,Vanthienen,Baesens,&Lemahieu,2017).
Wehavecomeacrossonematuritymodelthatexplicitlytargetsdata-drivenorganizations(Buitelaar,
2018).Thematuritymodelfordata-drivenorganizationssuggestedbyBuitelaar(2018)consistsof
fivestages(reporting,analyzing,optimizing,empowering,andinnovating),andtendimensions(data,
metrics,skills,technology,leadership,culture,strategy,agility,integration,andempowerment).

2.2 Barriers
Barriers to establishing a data-driven organization have previously been reported in three well-
knownsurveys:MITSloansurvey(LaValleetal.,2011),TDWIsurvey(Halper&Stodder,2017),
andBigDataExecutiveSurveys2017-2019(Bean&Davenport,2019;Davenport&Bean,2018;
NewVantagePartners,2017,2018,2019).RespondentsfromthesesurveysaremainlyC-executive
decision-makerssuchasmanagers,business/ITexecutives,chiefdataofficers,andchiefanalytics
officers.

The top threebarriersandpercentagesof respondents thatmentioned thebarrier fromeach
surveywere:

MITSloansurvey(LaValleetal.,2011)1:
◦ Lackofunderstandingofhowtouseanalyticstoimprovethebusiness~38%
◦ Lackofmanagementbandwidthduetocompetingpriorities~34%
◦ Lackofskillsinternallyinthelineofbusiness~28%

TDWIsurvey(Halper&Stodder,2017):
◦ Lackofbusinessexecutivesupport/corporatestrategy42%
◦ Difficultyaccessingrelevantdata37%
◦ Lackofskills34%

TheBigDataExecutiveSurveyshaveovertheyearsslightlychangedthewordingandgrouping
ofbarriersintheirsurveys,towardsmoregeneralabstractwordings.Hence,forthepurposeofthis
work,wechosetousetheresultsfromthesurveyfrom2017,asitismorefine-grainedintermsof
enumeratedbarriers.Asacomparison, insufficientorganizationalalignment is the topbarrier in
2017aswellinthesurveyfor2019.Barriersfromthe2017survey(NewVantagePartners,2017):

• Insufficientorganizationalalignment43%
• Lackofmiddlemanagementadoptionandunderstanding41%
• Businessresistanceorlackofunderstanding41%

Thetopthreebarriersfromeachsurveysharesomesimilaritiesandcanbegroupedintothree
categories,asseeninTable2.
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Barriersrelatedtothecategoryanalytics vs businessarebarriersthatindicatethatemployees
(ofalltypes)lackthenecessaryknowledgeandskillstouseanalyticstoadoptadata-drivenculture
intheirdailywork.Barriersfromallthreesurveysarerepresentedinthiscategory.

Barriersrelatedtothecategorymanagementcanbefurtherdividedintolackofsupportfrom
senior management and resistance from middle management. To some degree the management
barrierscanappearduetolackofknowledge,i.e.whatarethebenefitsofadata-drivenorganization,
whichinturncanresultinsituationswhereseniormanagementviewamovetowardsadata-driven
organizationasyetanotherbuzz-wordfieldthatiscompetingforresources.Barriersfromallthree
surveysarerepresentedinthiscategory.

Thedatacategoryhasonlyonebarrierandcomparedtotheotherbarriers,itistheonlybarrier
thatismoreonthetechnicalside.

Forthepurposeofthispaper,wewillusethebarriersdescribedinsucceedingsubsections.

2.2.1 Lack of Understanding and Business Resistance
Thebarriers(1)Lackofunderstandingofhowtouseanalyticstoimprovethebusiness,and(5)Business
resistanceorlackofunderstanding,aregroupedtogetherundertheheadingoflackofunderstanding
andbusinessresistance.Thebarriersof(1)and(5)appearwhenemployeesseethechangetobemore
data-driveneitherasanareathatishardtounderstand,orachangethatwillchallengetheirposition.

2.2.2 Lack of Skills
Thebarriers(2)Lackofskillsinternallyinthelineofbusiness,and(3)Lackofskills,aregrouped
togetherundertheheadingoflackofskills.Thebarriersof(2)and(3)appearwhenthereisamismatch
betweenthecurrentskillsoftheemployeesandtheenvisionedrequiredskills,forworkingwithina
data-drivenorganization.

2.2.3 Insufficient Organizational Alignment
According toSender (1997), organizational alignment “is thedegree towhich anorganization’s
design,strategy,andculturearecooperatingtoachievethesamedesiredgoals.”Thus,insufficient
organizationalalignmentisanindicationthattheseniormanagement’svisionanddirectionformoving
towardsadata-drivenorganization,isnotinlinewithwhathappensinpracticeintheworkforce.The
reasonsforthelackofalignmentareseveral.Onereasonisthatnosupportingstrategieshavebeen
developedforhowanalyticsshouldbeusedinthelineofbusiness.Hence,employeesdonotknow
howtoadjusttheirdailywork.Anotherreasonisthatemployeesdonotseethebuy-intoadjusttheir
worktoadata-drivenapproachsincetheirsalaryisbasedonotherparameters.

Table 2. Main categories of barriers to adoption of a data-driven organization

Category Barriers

Analyticsvsbusiness         (1)Lackofunderstandingofhowtouseanalyticstoimprovethebusiness(MIT
Sloan)
        (2)Lackofskillsinternallyinthelineofbusiness(MITSloan)
        (3)Lackofskills(TDWI)
        (4)Insufficientorganizationalalignment(BigDataExecutiveSurvey)
        (5)Businessresistanceorlackofunderstanding(BigDataExecutiveSurvey)

Management         (6)Lackofmanagementbandwidthduetocompetingpriorities(MITSloan)
        (7)Lackofbusinessexecutivesupport/corporatestrategy(TDWI)
        (8)Lackofmiddlemanagementadoptionandunderstanding(BigDataExecutive
Survey)

Data         (9)Difficultyaccessingrelevantdata(TDWI)
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2.2.4 Lack of Senior Management Support
Thebarriers(6)Lackofmanagementbandwidthduetocompetingpriorities,and(7)Lackofbusiness
executivesupport…aregroupedtogetherundertheheadingoflackofseniormanagementsupport.
Thebarriersof(6)andthefirstpartof(7)appearwhenadata-driveninitiativeneedstoattractfunding
andapprovalfromseniormanagement,regardinglaunchinganorganization-wideproject.

The lack of interest from senior management is an indication, that moving towards a data-
drivenorganizationisnotanurgentandconvincingtopicontheagendaforseniormanagement.In
otherwords,thesupportingbusinesscaseandpotentialprofitsarenotconvincingenough.Fromthe
seniormanagementperspective,amovetowardsadata-drivenorganizationisyetanothertopicthat
iscompetingforattentionandresources.

2.2.5 Lack of Corporate Strategy
Thebarrier(7)Lackofcorporatestrategy,appearswhennoorganization-widesupportingstrategies
aredeveloped.Ageneralvision,e.g.,weshouldbedata-driven,mightbeinplace,butnosupporting
strategies forhow tomove towards adata-drivenorganization aredeveloped.Lackof corporate
strategycanalsoappearwhenpartialsupportingstrategieshavebeendeveloped,e.g.,strategieshave
beendevelopedforintroducinganewtechnicalplatform,butstrategieshavenotbeendevelopedfor
howemployeesshouldusethenewtechnicalplatform.

2.2.6 Lack of Middle Management Adoption and Understanding
Resistancefrommiddlemanagement,havepreviouslybeenreportedin(McShea,Oakley,&Mazzei,
2016).Adata-drivenorganizationwillchallengeanymiddlemanagerthatoftenmakesdecisions
basedongutfeeling.Furthermore,ashighlightedby(DiFiore,2018),introducingAI-basedtoolsinto
decisionmaking,islikelytoshiftthedecisionpowerclosertothefrontline.Hence,amovetowards
adata-drivenapproachtodecisionmakingislikelytostirupemotionsinmiddlemanagement,since
itthreatenstheirskillsandpositions.Resistancefrommiddlemanagement,isanindicationthatthere
isnobuy-inforthemiddlemanagementtobecomedata-driven.

2.2.7 Difficulty Accessing Relevant Data
Thebarrier(9) Difficulty accessing relevant datacanappearinatleastthreesituations.First,itcan
appearwhennewtypesofanalytics(e.g.datamining)areintroducedthatrequireaccesstopreviously
notuseddata,orwhenolddataisanalyzedinanotherwaythanitwasoriginallyintendedfor.Finally,it
canappearifthesurroundingdecision-makingprocesseschange.Forexample,ashiftfromfrequently
submittingrequeststheIT-unittodeliverdatathatcanbefurtheranalyzed,toaculturethatismore
self-service,requireseasyandtimelyaccesstorelevantdatafordecision-makers.Inourexperience,
fewinterfacestointernaldatabasesinanorganizationaredesignedwithaself-serviceapproachin
mindtoaccessdata.

3. ReSeARCH APPROACH

Inthisarticle,wewillusetwoframeworksforanalyzingourcollecteddata.Theframeworksare
showninFigure1andinFigure2.

Organizationsthatintendtoscaleuptheirusageofanalyticsandbecomedata-drivenhaveseveral
pathsinfrontofthem.Ingeneral,therearefourmainpathstotake:

• Path 1.Dopilotprojectsonanalytics,thenscaleuptheanalyticsinitiativetoabusinessunit
orbusinessfunction,beforemakingafinalpushtoscaleuptheusageofanalyticstotheentire
organization.
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• Path 2.Dopilotprojectsonanalytics,andthenscaleuptheanalyticsinitiativetotheentire
organization.

• Path 3.Scaleuptheusageofanalyticstoabusinessunitorabusinessfunction,andthenscale
uptotheinitiativetotheentireorganization.

• Path 4.Scaleuptotheusageofanalyticstotheentireorganization,withoutdoingpriorpilot
projectsortestsonbusinessunit/function.

Inadditiontothefourmainpaths,therearevariationsofthepathsthatincludeloopsofpilot
projects,terminationofinitiatives,etc.

ThesampleanalyticalframeworkinFigure2describes,onaconceptuallevel,howorganizations
useanalyticstoderiveinsights.First,abusinessproblemorbusinessquestionmustbepresent,before
relevantdataiscollected,andpreparedforanalysis.Inordertoanalyzethedata,organizationsuse
theiranalyticalcapabilities,whichcanbedividedinto:i)technology(andtools),ii)organizationof
analyticalcompetence,e.g.AI-unit,BICC,iii)decisionprocess,andiv)people,thatareinvolved
whenanalyzingthedata.Theoutcomeofapplyinganalyticstothecollecteddatais:i)noinsights
canbedrawnfromthecollecteddata,ii)businessinsightscanbedrawn,butnoactionistaken,or
iii)businessinsightscanbedrawn,andactionsaretakentoimplementtheinsights.Incomparison

Figure 1. Different paths to take when scaling up the usage of analytics

Figure 2. A sample analytical framework (adapted and extended from (Vidgen, Shaw, & Grant, 2017)
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totheframeworkof(Vidgenetal.,2017),weaddacomponentfor“Businessproblem/question”,
andthethreepotentialoutcomesofperforminganalytics.

Inthispaper,weinvestigatefourresearchquestions:

• What path do organizations take when they start to scale up their usage of analytics, in 
order to become more data-driven?Atypicalrecommendationintheliterature(Franks,2012)
istostartsmall–withapilotproject(paths1-2)ifanorganizationwantstoevaluatethepotential
benefitsofapplyingmoreadvancedformsofanalytics.Furthermore,Davenport,Harris,and
Morison(2010)suggestedthatorganizationsthatalreadyhaveCEOsponsorshipcandothe“full
steamahead”path,andbypasspilotprojects(paths3-4).

• What type of supporting strategies for becoming more data-driven are developed?According
toKotter(2012),aclearvisionwithsupportingstrategiesaremandatoryforanysuccessfulchange
transformation.Similarstatementscanalsobefoundintheliteratureondata-drivenorganizations
(Anderson,2015;Watson,2016).Atthesametime,lackofanoverallcorporatestrategy,and
insufficientorganizationalalignmentarefrequentlymentionedastopbarriersintheliterature.

• What type of top barriers have the organizations encountered?Severalbarrierstobecome
data-drivenhavebeenreportedintheliterature(Halper&Stodder,2017;LaValleetal.,2011).
TheaimofthisquestionistoinvestigateifthetopbarriersenumeratedinSection2.2alsoappear
inourinvestigation.

• To what degree has an overall change management method been used?Changemanagement
hasbeensuggestedasanimportantenablerforestablishingadata-drivenorganization(Forbes-
Insights&EY,2015).Theaimofthisquestionistoinvestigateiftheinvolvedorganizations
haveusedchangemanagementmethodsintheirtransformation.

Weuseacasestudyapproach(Yin,2014),sincetheinvestigationisexploratory,andinvestigates,
whatpathorganizationstake,andwhattypeofstrategiesthataredeveloped,etc.Furthermore,wewill
exploremultiplecases,andthendrawconclusionsfromthem.Choosingmultiplecasesmayaffect
theresultingoutcomeintermsofgeneralizabilitysinceitsupportsthevalidityoftheresultwhile
avoidingpotentialbiases(Leonard-Barton,1990;Pan&Tan,2011).

Data collection.Datahasbeencollectedfrom13organizationsduring2016-2019,whichhad
initiatedprojectswithrespecttoimprovingtheirusageofanalyticsonanorganization-widescale.
Theorganizations(namedA-M)areanonymousinthisinvestigation,andtheyoperateinarangeof
differentbusinessessuchasretail,transportation,bank,insurance,andmanufacturing(seeAppendix
A).Thenumberofemployeesrangesfrom100upto14000.Visionandstrategydocuments(Word
files,PowerPoints)werecollectedfromtheseorganizations.

Interviewsweredoneinthreeorganizations(A,J,K).OrganizationAiswithintransportation
witharound4500employees.Weinterviewedadigitaltransformationofficer,whowasdrivingthe
changetobemoredata-driven,andamanagerforglobalmarketing,thatrepresentedtheend-user
perspective.Weaskedquestionsaboutthecurrentstatusoftheirproject,andthebarrierstheyhad
encountered.Eachinterviewlastedapproximatelyonehour.WedidtheseinterviewsatorganizationA,
sincetheyhad,atthetimeofdatacollection,themostambitiouschangeprojectoutoftheinvestigated
organizations.OrganizationAhadanexplicitfocusonscalinguptheusageofadvancedanalytics
andAIintheorganization.

BothorganizationsJandKarewithinbankandfinancewitharound2000-6500employees,
andtheywereinterviewedsincetheyhadanexplicitfocusonscalinguptheirusageofself-service
business intelligence. We interviewed in total of 15 respondents who have participated in the
projectofimplementingandusingSSBIintheorganizationsJandK.Theirrolesrangedfromvice
president,consultants,analysts,architects,SSBIevangelists,BIdevelopers,businessimprovement
manager, strategists, business controllers, IT specialists, managers, to end-users. Each interview
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lastedapproximatelyonehour,andweaskedtherespondentsquestionsabouttheirexperienceswith
implementingandusingSSBI.

Finally,wehadaccesstodatascienceconsultantsthathadbeeninvolvedinpilotprojectsin
organizationsA-C,andH-I.Theseinterviewslastedapproximately30minuteseach,andtheyprovided
valuableinsightsintoanybarrierstheorganizationshadencounteredwhenconductingpilotprojects.

4. FINDINGS

4.1 what Paths do Organizations Take?
ThepositionsoftheorganizationsinFigure3,reflecttheircurrentestimatedpositionasof2019.In
thisresearch,wearenotinterestedinhowquicklytheorganizationshavescaleduptheirusageof
analytics.Instead,ourfocusisonthevariouspathsorganizationshavetaken.Themostcommonpath
thatorganizationstookwastostartwithapilotproject.Onlytwoorganizations(LandF),bypassed
thepilotprojectswitha“fullsteamahead”approach.

Comments(lefttorightinFigure3):

• Organization Ghasaroadmapinplacebuthasnottakenanystepsfurthertoscaleuptheusage
ofanalytics.Reasonsforthelackofprogressarenotavailabletous.

• Organizations C and Ihavelaunchedseveralpilotprojects,buthavenotbeenabletoscaleup
analyticsbeyondthepilot.Changeofstaffandlackofchampionofanalyticsaresomereasons
whythesetwoorganizationshavenotbeenabletoscaleupbeyondpilotprojects.

• Organization Bdidapilotprojectonadvancedanalytics,butduetolackofsupportfromsenior
managementtheanalyticsscale-upwascloseddown.

• Organizations D, J, K, and Mhavealldonepilotprojectsandarenowintheprocessofpreparing
dataandtechnicalplatformforascale-uptoeithertheentireorganizationortoabusinessunit/
function.

• Organization Lhaschosena“fullsteamahead”approach,andaredirectlytryingtoscaleup
analyticstoabusinessunit/function.SimilartoorganizationsD,J,K,andM,organizationLis
alsointheprocessofpreparingdataandthetechnicalplatform.

• Organization Fhasalsochosena“fullsteamahead”approachandisdirectlytargetingascale
uptotheentireorganization.Asofnow,asuitabletechnicalplatformisinplace.

Figure 3. Paths organizations took to scale up
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• Organizations E and Hareintheprocessofscalingupusageofanalyticstoabusinessunit/
function.Thesetwoorganizationshaveasuitabletechnicalplatforminplace.

• Organization Ahasdoneacoupleofprojectsonadvancedanalyticsbeforeascale-upwasdone
toabusinessfunction.Attemptsarenowbeingmadetoscaleuptheusageofanalyticstothe
entireorganization.

Whatseparatestheleadingorganization(A)fromtheorganizations(C,I,B)thatarestruggling?
OrganizationAhashadsupportfromseniormanagement,ananalyticschampion,highlightedearly
success,andarenoweducatingemployeesonabiggerscale.Thisisincontrasttothestruggling
organizationsthatencounteredbarrierssuchaslackofsupportfromseniormanagementandlackof
ananalyticschampion(thatcandriveandleadthescale-up).

AsorganizationsmovefromlefttorightinFigure3,aspectsthatgobeyondhavingdataanda
technicalplatforminplacebecomemoreimportant.Organizationsthatconductapilotprojectcan
haveatechnicalfocus,andthereisusuallynoneedtofocusonhowthepilotfitsintofuturedecision
processesorhowemployeesshouldworkwiththefindingsfromthepilot.Organizationsthatarein
themiddleofFigure3,aretryingtoscaleupanalyticstoawidergroupofpeople.Hence,business
usersstarttoraisequestionssuchas,willwereceivetraininginthenewtools,whatisthebuy-infor
makingachangetomoreanalytics,orhowisanalyticsintegratedintothedecisionprocesses?Onthe
rightsideofFigure3,organizationsfrequentlyuseanalyticstodriveandimplementnewbusiness
insights.Thisimpliesthatmechanismsneedtobeinplaceforfosteringadata-drivenculture,seefor
examplethe12visionstatementssuggestedbyAnderson(2015).

4.2 what Type of Supporting Strategies are Developed?
Theinvestigated13organizations,allhadtheintentiontoscaleuptheirusageofanalytics.Data
regardingsupportingstrategieswerecollectedwhentheorganizationswereintheearlystagesof
preparingawiderusageofanalytics.Thatis,theintentionwastoscaleupanalyticsbeyondconducting
pilotprojects.Hence,weassumedthattheseorganizationsshouldhavedevelopedsupportingstrategies.

TheframeworkinFigure2wasusedasatemplateforinvestigatingwhattypeofstrategiesthat
couldhavebeendeveloped:

• Question,whattypeofstrategiesareneededtofosteraculturewherebusinessquestions(or
businessproblems)arefrequentlyraisedandanalyzedfurther?

• Data,whattypeofsupportingdataisneeded,andhowwillitaffectdatagovernanceanddata
quality?

• Technology,whattypeofsupportingtechnologiesareneededforsupportingthedataandtype
ofanalyticsthattheorganizationintendstouse?

• Organization,whattypeoforganizationofanalyticscompetenceisneededforsupportingthe
typeofanalyticstheorganizationintendstouse?

• Process,howshouldanalyticsbeusedindecisionprocesses?
• People,whattypeofanalyticalskillsdopeopleneed,andhowcantheskillsberaised?
• Outcomes,howarebusinessinsightstakencareof?

The findings fromour investigationare shown inFigure4 andFigure5. If anorganization
haddevelopedastrategyforagivenaspect,itreceivedonecredit.Organizationsthathadpartially
developed a strategy received half a credit. As anticipated, not all organizations had developed
supportingstrategies.Eightorganizationshaddevelopedoverallstrategies,andfiveorganizations
hadnodocumentedstrategiesatall.

Themostcommonstrategiesdevelopedwerestrategiesfortechnology(andtools),anddata,
Figure4.Supportingstrategiesforhowpeopleshouldworkwithanalytics,raisetheirskills,orhow
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outcomesoftheanalyticsshouldbetakencareofwererare.Nostrategieswerefoundforfosteringa
culturewherebusinessquestionswereraised,collected,andanalyzedfurther.

Furthermore,theinvestigationrevealedthefollowing,Figure5:

• Threeorganizations(C,E,G)haddevelopedstrategiesforhowtoorganizeanalyticalcompetence.
OrganizationLhadpartiallymentionedthisaspect,hencethehalfcredit.Itwassurprisingto
discoverthatorganizationA,whichalreadyhadanestablishedBI-unitwithintheorganization,
hadnodevelopedstrategiesforhowthenewAI-influencedcompetenceshouldbeintegrated
intotheexistingorganization.

• Twoorganizations(C,E)haddevelopedstrategiesforhowanalyticsshouldbeusedwithindecision
processes.OrganizationL,G,andMmentionedthisaspectonlypartially,hencethehalfcredit.

• Threeorganizations(L,F,M)hadpartiallydevelopedstrategiesforhowpeopleshouldwork
withanalyticsandraisetheirskills.Theotherorganizationshadnostrategiesforthisaspect.

• OrganizationLhaddevelopedstrategiesforhowoutcomesoftheanalyticsshouldbecollected
andalsoimplemented.ThisaspectwaspartiallydevelopedbyorganizationsCandE.

Noneof the investigatedorganizations,had-moving towardsadata-drivenorganization(or
similar)-astheirprimaryreasonforthechange.Instead,theorganizationsusedderivedversionsof
thecategoriesin(Anand&Barsoux,2017):globalpresence,customerfocus,nimbleness,innovation,
orsustainability.Forexample,iftheprimaryvisionwastoincreasetheknowledgeaboutcustomers,
analyticswasusedasthemainmechanismforsupportingsuchavision.

4.3 Barriers Revisited
Threeoftheinvestigatedorganizationshadaclearfocusonimportantenablersforbeingdata-driven:

Figure 4. Supporting strategies developed, points allocated per type of strategy
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• OrganizationAhadaclearfocusonscalinguptheusageofadvancedanalyticsandAI,within
theorganization.

• Organizations J and K had a clear focus on scaling up the usage of self-service business
intelligence.

Giventheclearfocusonadvancedanalytics,AI,andself-servicebusinessintelligence,wechose
tointerviewOrganizationsA,J,andK,inordertoinvestigateiftheyhadencounteredthepreviously
reportedtopbarriersfororganizationsthatintendtobecomedata-driven.

4.3.1 Lack of Understanding and Business Resistance
ThisbarrierappearedinOrganizationA.

Adatascienceconsultant,whohadparticipatedinapilotstudyatOrganizationA,madethe
followingcomment:“theysawitasathreatinstead,thatismyinterpretationandourinterpretation
basedontheiractions,sotosay,withholdingdocumentation…cannotdeliverlicenses.”Thisquote
isanexampleofbusinessresistance.Inthisparticularexample,attemptsweremadetoslowdown
thechangeprocessduringthepilotstudy.

4.3.2 Lack of Skills
Thisbarrierappearedinallthreeorganizations(A,J,K).

InOrganizationA,themanagerforglobalmarketingmadethefollowingcommentsregarding
theurgencyforthebusinesspeopletoimmediatelystarttoraisetheirskillsindata-drivendecision
making:“Intheseprojects,youlookatallthetechnology,andeverythingthatcanbedone,butwhat
doesthatmatterifwedonotunderstanditonthebusinessside,orevenhaveprocessestocopewith

Figure 5. Supporting strategies developed with respect to the framework in Figure 2 and per organization
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it,andtheseare[thereasons]wecannotwaituntileverythingisfinished[onthetechnicalside],
wehave to startnow.”This commentwasmadewhencompanyAhad started to formulate and
communicatetheirvisiontobedata-driventotheemployeesforthefirsttime.Asareaction,several
employeesstartedtodiscusswhethertheyhadthenecessaryskillstoadjusttheirworkaccordingto
theformulatedvision.

InOrganizationsJandK,manyuserswereself-taughtandusedanySSBI-tooltheyliked,theskills
ofindividualSSBI-usersandthequalityofproducedreportsvariedalot:“Weworkwithdifferent
softwaretomakeouranalyses.Theyareprettyeasytoolstouse,butfarfromobvioustouse.Many
ofouruserslackgeneralITskills.UsersneedanSSBIintro,somekindofminoreducation,tolearn
forafewdaysandhours.”

4.3.3 Insufficient Organizational Alignment
ThisbarrierappearedinOrganizationA.

ThemanagerforglobalmarketingatOrganizationA,madethefollowingcommentsregarding
howthevisiontobemoredata-drivenwasperceivedbysomepeoplein thebusinessside:“The
businesspeoplehavenotboardedthe[data-driven]train….thereareseveralvisions,butweneedto
relateittothebusinessside,howshouldweusethesetools,ifwecannotagreeuponhowweshould
work[inthefuture]...thenwehaveachallenge…Inowseethatwearegoinginparalleltracks”.

4.3.4 Lack of Senior Management Support
Thisbarrierdidnotappearinanyofthethreeorganizations(A,J,K).

InorganizationA,seniormanagementgavetheirapprovalearly(pilotstudies).
TheusageofSSBIinorganizationsJandK,startedbyindividualsorgroupsthatconductedpilot

projects,andthenspreadtootherindividualsandgroups,viaananalyticalunderground.Oncethe
adoptionofSSBIbecamewidespreadanditshowedpositivebenefits,seniormanagementapproved
itinhindsight.

4.3.5 Lack of Corporate Strategy
Thisbarrierappearedinallthreeorganizations(A,J,K).

Organization A had only developed strategies for data and technology. Strategies were not
developedforotheraspectssuchashowtoorganizeanalyticalcompetence,orhowemployeesshould
workwithadvancedanalytics.

OrganizationsJandKhadnotdevelopedanystrategiesatall.

4.3.6 Lack of Middle Management Adoption and Understanding
ThisbarrierappearedinOrganizationA.

Thedatascienceconsultantweinterviewed,hadencounteredclearbusinessresistancefrommiddle
managersalreadyinthepilotstudy.Furthermore,thedigitaltransformationofficeratOrganization
A,madethefollowingcomment:“It’smiddlemanagers,that’swhereitstops.Muchprestige,...[you
hearcommentslike]‘Ihaveanambitioninmycareer,andhereyoucomeanddestroyeverything’…
asapersonandmiddlemanageryoucaneitheractlike…thisisfun,Icanlearnmoreaboutit,and
howcanwedothisbetter,anditisonlygoodthatweremove80%ofmywork,becausethenIcan
sitandthinkabouthowwecanmakemoremoney,ortherearethosewhosay,Ihavebeenworking
withExcelfor40years,7hoursaday,thisishowtheworkisdone,andnoonecandoitbetterthan
me,…thenyoudevelopanalgorithmthatdoesthe[same]workin3milliseconds.”

4.3.7 Difficulty Accessing Relevant Data
Thisbarrierappearedinallthreeorganizations(A,J,K).

Organization A experienced problems with respect to data quality, once they started to use
advancedanalytics.Theproblemsweremostlyduetousingolddatainnewways.
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BothOrganizations J andKexperienceddata-related challenges,whereusers didnot know
whotocontact,orhowtoaccessthedatatheyneeded.Oneusermadethefollowingcomment:“It
isdifficulttoaccesstheavailabledatathatisoutthere.Itispossibletoaccessanduseitfully,but
veryfewknowhowto.”

4.3.8 Summary
AsummaryoftheencounteredbarriersisprovidedinFigure.6

Allthreeorganizationshaddifficultiesinaccessingrelevantdata.OrganizationAencountered
thisbarrier,despitethattheyalreadyhadadatawarehouseandstrategiesfordatainplace.Thus,
providingaccesstodataformoreadvancedtypesofanalyticsischallenging.

Noneof the threeorganizationshadanoverall corporate strategy foranalytics,whichsome
employeeswerekeenontopointout.Withoutanoverallstrategyinplace,thescale-upofanalytics
runstheriskofbeingstalledandsiloed.Thisistightlyrelatedtothebarrierlackofskillsthatwas
pointedoutinallthreeorganizations.Anorganizationthatdoesnotforeseetheneedtoraisethe
skillsinanalyticsamongitsemployees,arelikelytoendupwithfrustratedemployeesthatdonot
useanalyticstoitsfullpotential.

Alloftheorganizationsinourinvestigationhadreceivedapprovalfromseniormanagementto
scaleuptheanalytics.Hence,thisbarriershould–asexpected–notoccur.

4.4 Usage of Change Management
Changemanagementhasrecentlybeenmentionedasanimportantenablerforbecomingadata-driven
organization(Forbes-Insights&EY,2015).However,inourinvestigation,noneofthe13organizations
usedanoverallchangemanagementprocess,e.g.,theKotterchangemodel(Kotter,2012).Instead,
wesawtheusageoffragmentedelementsofchangemanagement.Mostoftheorganizationsused
pilotprojects,asawaytocreateurgencyaroundthetopicandshowthebenefitsofbeingdata-driven
toseniormanagement.Seniormanagementthengavetheirapprovaltocontinue.Theseinitialsteps

Figure 6. Summary of encountered barriers
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areinlinewiththefirststep/acceleratoroftheKotterchangemodel,createurgencyandgetapproval
frommanagement.

Thefragmented(orno)usageofchangemanagementstartstoappearonceapprovalhasbeen
receivedfromseniormanagement,forexample:

• Ateamwithmostlytechnicallyskilledpeopleisaskedtoleadthechange,e.g.,organizationA.
• Novisionandsupportingstrategiesaredeveloped,e.g.,organizationsB,H,I,J,andK.
• Strategiesareonlydevelopedfortechnicalaspects,e.g.,organizationsAandD.
• Buy-inforpeopletochangetheirbehaviorisnotdeveloped,e.g.,organizationsC,E,F,G,A,

andD.

Ourconclusionisthattheinvestigatedorganizationshavebeensuccessfulincreatingurgency
around analytics and received approval from senior management. However, they have not been
successfulinapplyingchangemanagementtotheirroadmap.

5. DISCUSSION

Havingvisionandsupportingstrategiesinplacearehighlyrecommendedintheliterature(Anderson,
2015;Bisson,Hall,McCarthy,&Rifai,2018;Kotter,2012;Watson,2016).Ourfindingswerethat
roughly60%(8out13)haddevelopedsupportingstrategiesforscalinguptheanalytics.However,most
ofthedevelopedstrategieswerefortechnicalaspectssuchascloudplatforms,tools,datagovernance,
anddataquality.Onlythreeorganizationshadpartiallydevelopedstrategiesforhowpeoplewithinthe
organizationshouldworkwithanalytics.Giventheabsenceofstrategiesingeneral,andinparticular
thelackofstrategiesforhowpeopleshouldworkwithanalytics.Itisnosurprisethatthebarrierslack
ofcorporatestrategy,insufficientorganizationalalignment,andlackofunderstandingandbusiness
resistanceappearsinsurveyse.g.(Halper&Stodder,2017).Afewoftheorganizationsthatwerepart
ofourstudyarenow–acoupleofyearsafterthevisionandtechnicalstrategieswerelaunched-trying
tocatchuponthepeoplestrategies.Theyarenoweducatingtheiremployeesinanalyticsanddata
literacy,onabiggerscale.However,organizationsshouldnotadoptaone-size-fits-allapproachto
educateitsemployees.Instead,createdifferenteducationpathsdependingupontechnicalbackground
andendwithajointinternalproject(Berndtsson,Lennerholt,Larsson,&Svahn,2019).

Inapreviousproject (Rose,Berndtsson,Mathiason,&Larsson,2017),we investigatedbest
practicesforrunningpilotprojectsinadvancedanalytics.Althoughthepilotprojectsusedasystematic
process,aderivedversionofCRISP-DM(Wirth&Hipp,2000),noneofthepilotprojectshadexplicit
stepsforadvancingbeyondthepilotproject.

WeagreewithSandkuhl(2019)thatorganizationstoooftenputatechnicalfocusonadopting
AIintoanorganization.Inordertoputmorefocusontheorganizationalcontext,Sandkuhl(2019)
proposesanewmethodcomponentforenterprisearchitecturemanagement:i)modelorganizational
AIcontext,ii)elicitAIrequirements,iii)analyzeAIcontext,andiv)decideonfeasibility.

Existing literature that describes a systematic process for moving towards a data-driven
organizationislimitedandfragmented.Typically,thesuggestedprocessesintheliteratureconsist
ofnarbitrarystepsthatarerelevant,butthestepsdonotcovertheentirespectrumofwhatitimplies
tomoveadata-drivenorganization.Forexample,Watson(2016)providesahigh-levelframework
of a fact-based decision culture, and six approaches for moving towards a fact-based decision-
makingculture:i)usedashboards/scorecardsasastartingpoint,ii)focusonearlywins,iii)askwhat
analyticswereused,iv)empoweroperationaldecisionmaking,v)provideincentivestochange,and
vi)someemployeesmayneedtobereplaced.Thesesixapproachesaremostlytargetingthemicro
changemanagementperspective (Kang,2015), e.g.,usedashboardsor replace someemployees.
BartonandCourt(2012)suggestthreesteps:i)choosetherightdata,ii)buildmodelsthatpredict
andoptimizebusinessoutcomes,andiii)transformyourcompany’scapabilities.Thesestepsmix
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basicrecommendationsforcollectingdataandusingpredictiveanalytics,withamorehigh-level
suggestiontotransformthecompany’scapabilities.Davenportetal.(2010)presentagenericroadmap
onthemacrochangemanagementperspective,consistingoffivestagesofmaturities:i)analytically
impaired,ii)localizedanalytics,iii)analyticalaspirations,andv)analyticalcompetitors.Inaddition,
five elements (success factors) arepresented: access tohigh-qualitydata, enterpriseorientation,
analyticalleadership,strategictargets,andanalysts.Organizationsidentifytheircurrentlevelwithin
eachoftheseelementsandthenapplytheprovidedgenericguidelinesformovingfromonestageof
maturitytoanotherstageofmaturityforeachelement.

Althoughgeneric roadmapsandadviceexist forhowtobecomeadata-drivenorganization
(Barton&Court,2012;Davenportetal.,2010;Watson,2016),largeresponsibilitiesareputonthe
transformingorganizationstoaddbothcontextandstructuretothegenerictransformationadvice.
Noneoftheaboveroadmapsseemtoreusesimilarworkwithinchangemanagement.Weenvision
thatatightermergeofresearchfromthetworesearchcommunitiesisneededinordertodevelopa
moresystematicapproachforbecomingadata-drivenorganization.

Forexample,usingaslightlymodifiedversionofthewell-knownKotterchangemodelonthe
macro-level(Kotter,2012),thathasexplicitstepsforformingabalancedteam,developingavision
andsupportingstrategies,etc.,wouldhavebeenabetterapproachforourinvestigatedorganizations
tofollow.Insuchasituation,alloftheorganizationswouldhavedevelopedsupportingstrategiesfor
allaspectsofthesampleanalyticalframeworkinFigure1.Thisisincontrasttothecurrentinitial
technicalfocus,wherestrategiesandbuy-infor“people+analytics”atbest,arrivesasapatchtothe
analyticsinitiativeacoupleofyearslater.

6. CONCLUSION

Inthisarticle,weinvestigatedtheinitialjourneythat13organizationstook,toscaleuptheirusage
ofanalyticstobecomeadata-drivenorganization.

Thesignificanceofourresearchisafirstviewonwhatstepsorganizationstakeinpracticeto
scaleuptheirusageofanalytics.Ourfindingsarethatmostorganizationsstarttheirjourneyviaa
pilotproject,takeshortcutswhendevelopingstrategies,encounterpreviouslyreportedtopbarriers,
anddonotuseanoverallchangemanagementprocess.

Theimplicationsofourfindingsforpracticearetodevelopstrategiesforbothtechnicalandnon-
technicalissuesatthesametime.Severalofthebarriersthatweencountered,couldeasilyhavebeen
avoidedorreducedifpropersupportingstrategieshadbeeninplace.Furthermore,organizationsthat
intendtoscaleuptheirusageofanalytics,shouldusemethodsfromchangemanagementasaguide.
Insteadofrunningthescale-uptransformationinanadhocmanner.

Weencourageresearcherstodoadditionalinvestigationsonwhatstepsorganizationstakein
practicetoscaleuptheusageofanalytics.Furtherinvestigationsneedtobedonetodescribeinwhich
situationsthedifferentpathsaresuitabletotake.Intheend,abetterroadmapforscalinguptheusage
ofanalyticsonboththemacroandmicrolevelcanthenbedeveloped.
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APPeNDIX A

Table 3. Operations of anonymous organizations

Organization #Employees Business Path Strategies 
developed

A 4500 Transportation Severalpilotsweredone,andscaledupto
businessfunctionlevel.Attemptsarenow
donetoscaleuptotheentireorganization.

Dataand
technology

B 1000 Retail Onepilotwasdone.Analyticsinitiate
wascloseddownduetolackofsenior
managementsupport.

Nostrategies

C 100 Manufacturing Severalpilotsweredone.Nofurther
progressduetochangeofstaffandlack
ofchampion.

Data,technology,
organization,and
process

D 3000 Retail Severalpilotsweredone.Focusedthenon
preparingawidertechnicalplatform,for
scaleuptothenextlevel.

Dataand
technology

E 3000 Manufacturing Severalpilotsweredone.Atechnical
platformisinplace,andarecurrently
applyinganalyticstothelevelofbusiness
function.

Data,technology,
organization,and
process

F 1500 Service BIplatforminplace.Tryingtoscale
uptheusageofanalyticsdirectlytothe
organizationlevel.

Data,technology,
and(partial)people

G 400 Technology Theorganizationhasaroadmaptoscale-
up,buthasnottakenanysteps.

Data,technology,
organization,and
(partially)process

H 1500 Retail Severalpilotsweredone.Currently
applyinganalyticstothelevelofbusiness
function.

Nostrategies

I 400 Transportation Severalpilotsweredone.Nofurther
progressduetochangeofstaffandlack
ofchampion.

Nostrategies

J 6500 Bankand
finance

Severalunofficialpilotsweredone,scale-
upapprovedbymanagement

Nostrategies

K 2000 Bankand
finance

Severalunofficialpilotsweredone,scale-
upapprovedbymanagement

Nostrategies

L 1000 Recreationand
amusement

Initiatedanapproachtodirectlyscale-up
analyticstothelevelofbusinessfunction.

Data,technology
andoutcomes.
Partialstrategies
developedfor
organization,
process,andpeople.

M 14000 Construction Pilotprojectshavebeendoneanda
roadmaphasbeencreated.Technical
platformscaledupfornextstep.

Technology.Partial
strategiesdeveloped
fordata,process,
andpeople.
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