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In the last decade, firms have made significant investments in acquiring the
technology and human resources necessary to make full use of the capabilities of
big data analytics (BDA). Through a systematic review of 94 published studies,
this report analyzes the concept of BDA, explores its diverse impact on firm
productivity, and offers practical insights for firms and policymakers to leverage

the full potential of BDA.
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Forord

Tillvaxtanalys uppdrag &r att utvardera och analysera effekterna av statens insatser for en
hallbar nationell och regional tillvéaxt. Vi ska ocksa ge underlag och rekommendationer
for utveckling, omprdévning och effektivisering av politiken.

Den hir rapporten ingér i Tillvaxtanalys ramprojekt Stordataanalys betydelse for svenska
foretags produktivitet. Projektet syftar till att bAde sammanstalla befintlig forskning om
foretags implementering och anvandning av stordataanalys (big data analytics; harefter
BDA) och empiriskt undersoka dess effekter pa produktivitet och andra variabler.
Projektet belyser ocksa vilka egenskaper foretag som anviander BDA har och hur svenska
foretags anvandning av BDA forhaller sig till foretag i andra europeiska lander.

Tillvaxtanalys har tidigare genomfort flera studier inom angransande omraden. Redan
2014 initierades flera projekt relaterade till att analysera digitaliseringen av det svenska
néaringslivet och dess bidrag till ekonomisk tillvaxt och konkurrenskraft. Under 2023
avslutade Tillvéxtanalys ett ramprojekt som undersokte Artificiell Intelligens (Al)
betydelse for svenskt nédringsliv och hur politiken kan utvecklas for att underlatta
foretagens Al-anvandning. Rapporterna har varit bade litteratursammanstéllningar av
befintlig forskning och empiriska studier baserade pa mikrodata som bland annat
analyserat naringslivets digitala mognad och sambandet mellan IT-anvandning och
foretagens produktivitet. Det hdr ramprojektet &r en fortsattning pa Tillvaxtanalys arbete
inom digitalisering och dess betydelse for svenskt naringslivs tillvaxt och
konkurrenskraft.

Den hir rapporten ér skriven av Patrick Mikalef, professor i datavetenskap och
informationssystem vid institutionen for datavetenskap vid NTNU. Ismail Ouraich har
varit projektledare och i projektet har ocksé Petter Svdard medverkat. Ett sarskilt tack
riktas till projektets referensgrupp f6r ménga och vardefulla kommentarer.
Referensgruppen har bestatt av Irene Ek, Public Policy Manager vid Google Clouds
Nordics; Erik Borélv, Vinnova; Daniel Gillblad, Forestandare vid Chalmers AI Research
Center; Fredrik Sand, Naringspolitik expert vid TechSverige och Susanne Stenberg,
Senior forskare och rattslig expert vid RISE. Rapporten ar skriven pa engelska men med
en utforlig svensk sammanfattning.

Ostersund november 2023

Sverker Hard,
Generaldirektdr, Tillvaxtanalys
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Sammanfattning

Stordata (eng. big data) utgor en allt viktigare insatsvara i foretags stravan efter 6kad
produktivitet, effektivitet och konkurrenskraft. Genom teknologiska framsteg sasom
Okad processorkraft och lagringskapacitet, snabbare och mer omfattande natverk samt
utveckling av sensorer som kan mata och dverfora data i realtid, har tillgangen av
stordata 0kat markant det senaste decenniet. Men f0r att foretag ska kunna kapitalisera
pa stordatans potential sa kravs dven en formaga att genom olika verktyg och tekniker
hantera och analysera stordata — stordataanalys, eller big data analytics pa engelska, nedan
kallat BDA. BDA mojliggor ett mer datadrivet beslutsfattande i foretags strategiska och
operationella verksamhet, vilket pa olika sétt kan 6ka foretagens produktivitet.

Under det senaste decenniet har allt fler foretag insett vardet i stordata och investerat i
teknisk infrastruktur och humankapital for att 6ka sin BDA-kapacitet. I takt med att
antalet foretag som implementerar BDA Gkar, har dven antalet studier 6kat for att
undersoka hur foretag anvander BDA och dess paverkan pa produktivitet samt andra
viktiga indikatorer som marknadsandel, marknadsposition, effektivitetsvinster, finansiell
utveckling, kundndjdhet och innovation inom produkter och tjénster.

Den hér rapporten &r en systematisk litteraturgenomgang av 94 studier publicerade
under de senaste tio aren. Rapporten sammanfattar den aktuella forskningen och &r
uppdelad i tre huvuddelar: Den forsta delen belyser den begreppsmassiga utvecklingen
av big data (stordata) och big data analytics (stordataanalys; BDA) samt definierar och
avgransar begreppen och dess egenskaper fran andra narliggande begrepp sasom
artificiell intelligens. Den andra delen redogor for den empiriska evidensen f6r hur BDA
paverkar foretagens produktivitet och andra relevanta indikatorer, samt genom vilka
kanaler denna paverkan uppstar. Studierna har baserats antingen pa objektiv eller
subjektiv sjalvrapporterade data. Den tredje delen lyfter policyimplikationer for att
underlétta investeringar och anvandning av BDA inom svenskt naringsliv utifran ett
individ-, foretags- och branschperspektiv.

Tillvaxtanalys tidigare studier inom
digitaliseringsomradet

Tillviaxtanalys har tidigare genomfort flera studier inom angransande omraden. Redan
2014 initierades flera projekt relaterade till att analysera digitaliseringen av det svenska
néringslivet och dess bidrag till ekonomisk tillvaxt och konkurrenskraft. Under 2023
avslutade Tillvéxtanalys ett ramprojekt som undersokte Artificiell Intelligens (AI)
betydelse f6r svenskt nédringsliv och hur politiken kan utvecklas for att underlatta
foretagens Al-anvdndning. Rapporterna har varit bade litteratursammanstallningar av
befintlig forskning och empiriska studier baserade pa mikrodata som bland annat
analyserat naringslivets digitala mognad och sambandet mellan IT-anvandning och
foretagens produktivitet. Det hdr ramprojektet ar en fortsattning pa Tillvaxtanalys arbete
inom digitalisering och dess betydelse for svenskt naringslivs tillvaxt och
konkurrenskraft. Se aven appendix C for en redogorelse for Tillvaxtanalys tidigare
rapporter relaterade till svenska foretags digitalisering.
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Vad kidnnetecknar big data och BDA?

I borjan av 2010-talet populariserades det datavetenskapliga begreppet big data for att
beskriva data som var for stora och/eller {6r komplexa for att hanteras eller analyseras
genom konventionella bearbetningsmetoder. Stordata i sig dr en obearbetad ravara och
for att vara lamplig for analys menar forskningen att den maste uppvisa hog volym,
hastighet, variation och tillforlitlighet (eng. the four "Vs”: volume, velocity, variety och
veracity).

BDA syftar till att analysera och extrahera kunskap och information frén stordata genom
olika analytiska tekniker och metoder. Mélet med BDA &r att upptacka samband,
monster, trender och annan anvandbar information for att mojliggora battre
beslutsfattande. BDA bygger vidare péa tidigare metoder sdsom affarsanalys och
datautvinning, men utgor ett nytt paradigm av digital transformation som innefattar nya
teknologier, tekniker, fardigheter, processer och tankesatt. BDA ar teknik- och
metodoberoende dér ingen sdrskild typ av verktyg eller metod dikterar vad som
konstituerar BDA. Denna egenskap skiljer BDA fran exempelvis artificiell intelligens (AI),
som syftar till att skapa intelligenta system som kan ldra sig av erfarenhet for att utfora
uppgifter som traditionellt krdver mansklig intelligens. Trots att BDA och Al tjanar olika
syften kompletterar de varandra; BDA anvénder sig ofta av Al-tekniker, sasom
maskininldrningsalgoritmer, for att upptacka monster och utvinna kunskap frén stora
datamangder. A andra sidan trédnas och utvecklas Al-modeller genom att anvinda
omfattande dataméngder via BDA.

BDA kan oka foretags produktivitet

Studier baserade pa objektiva data har identifierat ett kausalt samband mellan foretags
investeringar i BDA inom vissa branscher, sasom tillverknings- eller
teknologibranscherna, med arliga produktivitetsvinster pa 3 till 7 procent. Overlag var
investeringar férdelaktigare inom mer konkurrensutsatta och/eller teknikinriktade
branscher. I icke-konkurrensutsatta branscher observerades inga signifikanta effekter av
BDA-investeringar. En annan studie baserad pa objektiva data indikerar att investeringar
i BDA inom servicesektorn resulterar i forbéttrad innovationsférmaga av tjanster och
produkter, samtidigt som sannolikheten for att dessa produkter blir framgangsrika okar.
Utfallet var dock beroende av i vilken utstrackning dessa foretag hade investerat i
dandamalsenligt humankapital, genom rekrytering eller utbildning av anstéllda.

Ett flertal studier baserade pa sjdlvrapporterade data, sa som enkater, indikerar att
foretag som implementerar BDA i sin verksamhet upplever en 10-25 procentig 6kning av
konkurrenskraften jamfort med deras framsta konkurrenter. Andra studier baserade pa
sjalvrapporterade data har pavisat att investeringar i BDA har en positiv och signifikant
paverkan pé okad innovation inom tjanster, processer och produkter. Slutligen visar
forskningen att investeringar i BDA kan ge forbattringar av foretagens operationella
effektivitet, forutsatt att de integreras organiskt i foretagens karnverksamhet.

Aven om vissa foretags BDA-investeringar har lett till 6kad produktivitet visar
litteratursammanstallningen i den har rapporten att langt ifran alla investeringar i BDA
ar Ionsamma. For en betydande del av foretagen som investerat i BDA tar det lang tid
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innan Iénsamhet kan uppnas. De flesta BDA-investeringarna kommer aldrig ens till
produktionsfasen utan avstannar redan i prototypstadiet. Studierna visar ocksa att en
framgangsrik investering ocksa dr avhangig pd vilket sitt den implementeras i foretagets
organisation och verksamhet. Andra studier visar att manga foretag ddr BDA skulle
kunna vara fordelaktig inte investerat pa grund av organisatoriska, teknologiska och
ekonomiska begransningar.

Produktivitetsvinster uppstar indirekt och over tid
Forskning visar att det tar ett till tre ar innan foretagens investeringar i BDA resulterar i
okad produktivitet. Fordrojningen beror pa det omfattande forberedelsearbetet,
experimenteringen och testningen som krédvs innan BDA kan integreras effektivt i
verksamheten. Det dr vért att notera att fordrdjningen inte finns pa samma satt nar
foretag implementerar andra teknologier.

Nar foretags anvandning av BDA leder till forbattringar i effektivitet och produktivitet,
sker dessa i regel genom indirekta kanaler sdsom forbattrade besluts- och
verksamhetsprocesser. En sddan indirekt kanal &r, enligt forskningen, att genom effektiv
identifiering av forandrade omstandigheter optimera beslutsprocesserna. Detta kan
innebéra att anpassa sig efter skiftande kundpreferenser for att né nya eller behéalla
befintliga kunder, analysera konkurrenters ageranden och vilka konsekvenser det
medfor, eller utforska nya marknadsmojligheter.

En annan indirekt kanal involverar granskning och optimering av interna
verksamhetsprocesser. Studier har undersokt hur BDA kan generera varde genom
anvandningsomraden sasom s.k. forebyggande underhall, optimering av leveranskedjor
och effektivisering av produktionsprocesser. Inom branscher som tillverkning, logistik,
bearbetning av rdmaterial, olja och gas samt transport dr vardeskapande genom denna
indirekta kanal sarskilt framtradande.

Produktivitetsvinster beror pa bransch och

anviandningsomrade

Forskningen visar att formagan hos BDA-investeringar att skapa varde &r starkt kopplad
till bade den specifika bransch och de konkreta anviandningsomraden dar BDA anvands.
For narvarande drar vissa branscher, som till exempel mer tekniskt inriktade branscher,
storre nytta och har en mer omfattande anvandning av BDA jamfort med andra
branscher. Det &r en trend som har observerats globalt och kopplas framst till
branschernas hoga konkurrenskraft, bade nationellt och internationellt, samt deras
formaga att snabbt digitalisera sin verksamhet. Aven storre foretag anvinder sig av BDA
i hogre utstrackning jamfort med sma och medelstora foretag.

Detta ér, tillsammans med det faktum att produktivitetsdokningarna i regel sker genom
indirekta kanaler och med en fordrojning, en utmaning nar det kommer till att adekvat
maéta och jamfora effekterna av BDA i varierande kontexter. For att battre fanga upp
BDA:s olika kanaler f6r vardeskapande ar det viktigt att utveckla och anvanda méatt och
indikatorer som stracker sig bortom enbart finansiella aspekter och inkludera faktorer
som innovationskraft, marknadsandelar och verksamhetseffektiviseringar.
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Kompletterande investeringar i humankapital och

organisationskapacitet ar viktiga

En viktig slutsats fran forskningen ar att vardeskapande genom BDA kréver utdver
konventionella investeringar i teknisk infrastruktur aven kompletterande investeringar i
humankapital och organisationskapacitet — dven kallad “BDA-kapacitet”.

Gallande humankapital visar flera studier att foretag som investerar i utbildning eller
rekrytering av personal med ratt kompetens och fardigheter far hdgre lonsamhet fran
sina BDA-investeringar. Behovet ar sarskilt patagligt inom den tekniska
implementeringen, dar dataingenjorer, dataarkitekter och datavetare kréavs for att
effektivt samla in, bearbeta och analysera data. Trots detta utgor utbildning eller
rekrytering av personal med ritt kompetenser en betydande utmaning f6r manga foretag.
I synnerhet sméa och medelstora foretag har svarighet att rekrytera eller utbilda individer
med ratt kompetenser, ofta till f6ljd av begransade resurser och féarre anstallda jamfort
med storre foretag.

Gallande foretags organisationskapacitet menar forskningen att det &r viktigt att stordata
behandlas som en central insatsresurs och att datadrivet beslutstagande utgor en
kdrnkompetens som genomsyrar hela organisationen, snarare &n att enbart betraktas som
en teknisk uppgift for IT-avdelningen. Detta handlar inte enbart om att ha tillgang till ratt
tekniska verktyg, utan ocksa om att forma en foretagskultur dadr integrering och analys
av data ses som en integrerad del av beslutsfattandet pa alla nivaer. Studier visar att de
foretag som betraktar BDA som en central prioritering och som sékerstéller transparens
och tillgang till kritiska datakéllor samt ger utrymme fOr experimentering, far storre
framgang for sina investeringar.

Policyimplikationer

Sammanstéllningen av tidigare empirisk forskning visar att BDA kan leda till betydande
produktivitetsvinster for foretag, under vissa forutsittningar. Aven om vissa branscher
och typer av foretag hittills haft storre nytta av BDA dn andra (t.ex. tillverknings- och
teknologibranscherna), finns det en del utmaningar som de flesta foretag moter nir de
implementerar och anvdander BDA. Dessa utmaningar aterkommer ofta i studier och
utgor viktig kunskap i syfte att ta fram implikationer for beslutsfattande. I den hér
rapporten presenteras de i tre kategorier av foretags formaga att anvanda BDA:
kunskaper och fardigheter, nddvandiga villkor pa foretagsniva och underldttande
faktorer pa branschniva.

Kunskaper och fardigheter hos enskilda personer

Ett av de framsta hindren for manga foretag som planerar att implementera BDA &r
svarigheten att hitta medarbetare med ritt kompetens. Flera empiriska studier har
specifikt fokuserat pa fragan om vilka kunskaper och fardigheter som behovs i
stordatadldern, och dven lyft fram nagra omraden dar det for narvarande finns stora
brister. En studie undersokte till exempel de brister som finns i norska
datavetenskapsstudenters utbildning i férhallande till branschens behov och
konstaterade att foretagen behdver anstédllda med tekniska, administrativa och mjuka
kompetenser relaterade till datavetenskap. Samtidigt menade forfattarna att de
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akademiska institutionerna inte riktigt erbjod utbildningar som tillgodosag kunskap
kring anvandning av industrispecifika verktyg och tekniker. Aven samarbetsinriktade
och @mnesoverskridande fardigheter som mojliggor arbete med analys av stora
dataméngder erbjods i otillracklig utstrackning. Studien betonade hur viktiga foretagen
ansag att dessa fardigheter var for att skapa konkurrenskraftig implementering och
anvandning BDA. Vidare framgick vikten av att foretagen har tillrackligt med resurser
och finansiering for att utbilda sin personal genom flexibla inlarningsmiljoer och
utbildning pa arbetsplatsen.

Sammantaget menade forskningen att det finns ett behov av incitament for att framja
vidareutbildning i datavetenskapliga discipliner som foretagen efterfragar, samt
incitament att dessa genomfors i nara samspel med branschens krav och behov. Detta har
aven lyfts fram i Tillvaxtanalys ramrapport Hur omformar Al néringslivet och hur kan
politiken utvecklas? fran 2023, som foreslar att staten kan underlatta investeringar i Al
genom att bidra till att ge béttre samverkan mellan larosdtena och naringslivet avseende
kompetensforsorjning.

Nédvindiga villkor pa foretagsniva

Ett annat viktigt resultat som framkommer i litteraturgenomgangen ar att stora foretag
anvander BDA i storre utstrackning dn smé och medelstora foretag. Studier visar att
sambandet har att géra med den hoga kostnad som ar forknippad med investeringar i
BDA, vilket utgor ett hinder for manga sma och medelstora foretag. I synnerhet kraver
tekniska losningar for datalagring och databehandling betydande investeringar, som
sarskilt manga sma och medelstora foretag tvekar att gora pa grund av pa férhand oklara
fordelar. Framfor allt féretag inom icke-teknikorienterade branscher sldpar efter vid
investeringar och anvandning av BDA. Studier lyfter vikten av incitament for att
tillhandahalla teknisk infrastruktur sérskilt till sma och medelstora foretag men aven till
branscher som kan dra nytta av BDA, vilket kan bidra till 6kad konkurrenskraft och
produktivitet.

Studier lyfter att sarskilt forvaltning och 4gande av data som svaréverskadliga omraden
vid implementering av BDA, vilket foljer bland annat av regelverken kring den allménna
dataskyddsforordningen (GDPR)' och EU:s Datalag?. Eftersom ménga tjansteleverantorer
erbjuder molnbaserade BDA-19sningar menar studier att det &r otydligt for foretag hur
personuppgifter eller kédnsliga uppgifter bor hanteras for att 6verensstimma med dessa
forordningar. Detta &r sarskilt utmanande for foretag med mindre erfarenhet av
teknikbaserade initiativ, sdésom BDA, dér det fanns en brist pa teknisk och rattslig
kunskap. Liknande slutsatser lyfts fram fran Tillvaxtanalys rapport Drivers of Al adoption
— A literature review fran 2021. For att minska detta hinder for foretagen skulle det vara
fordelaktigt att faststélla nationella riktlinjer och lattillgangliga ramar med viktig
information om hur foretagens datafdrvaltningen bor utféras och vad som behdver
tankas pa vid val av tjansteleverantor.

Ett viktigt resultat fran litteraturstudien ar att BDA leder till virdeskapande for foretagen
pa ett indirekt sdtt samt att detta medfor fordrojningseffekter. Det ar darfor tva faktorer

1 https://eur-lex.europa.eu/legal-content/EN/TXT/?uri=celex%3A32016R0679

2 https://ec.europa.eu/commission/presscorner/detail/en/ip 22 1113
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som maste beaktas ndr man utvarderar foretags vardeskapande av BDA. Den forsta ar att
resultatforbattringar kan vara ganska svara att méta och kraver en bredare uppséttning
indikatorer for att korrekt mata effekterna av BDA, som ocksa ar beroende av bransch
och anviandningsomrade. Den andra &r att BDA-investeringar kraver avsevard tid for att
mogna och skapa varde for foretagen. Detta understryker sammantaget behovet av
incitament som ger foretagen tillrdckligt med tid att utveckla BDA till en central
organisatorisk formaga. Att effekterna uppstar med lang fordrojning visar ocksa pa
vikten av att resultat f6ljs upp med en tillrackligt 1ang tidshorisont.

Underlittande faktorer pa branschniva

Som tidigare namnts ar vissa branscher mer bendgna att implementera BDA, samtidigt
som andra branscher sldpar efter betydligt. Detta fenomen har identifierats i flera lander
och kopplas till branschernas konkurrenskraft och snabbhet nar det galler att driva pa
digitaliseringen av verksamheten. Men @ven andra faktorer an branschdynamik leder till
att vissa foretag investerar i BDA eller befinner sig i ett mycket tidigt skede av
implementeringen. Litteraturgenomgangen pekar pa att finansiella incitament och
stimulansatgarder for att digitalisera verksamheten kan utgora viktiga drivkrafter for
foretag att investera i BDA. Dessa mojliggor for fOretagen att ta det forsta steget och
skaffa nodvandig infrastruktur for att utnyttja sina data samt bygga upp den tekniska
infrastruktur och det humankapital som krévs for att pa basta sédtt anvanda BDA och 6ka
produktiviteten.

Dessa atgarder har framhallits som viktiga for att 6ka foretagens anvandning av ny
digital teknik och bli mer konkurrenskraftiga pa den globala marknaden. Att skapa
incitament for teknisk infrastruktur, sarskilt for sma och medelstora foretag, ar
avgorande med tanke pa deras betydelse i den europeiska naringslivsstrukturen. Att
utveckla sarskilt anpassade finansiella incitament och stimulansatgarder dr darfor
avgorande for att underldtta deras investeringar i teknik som BDA. Méanga av dessa sma
och medelstora foretag kanske annu inte fullt ut inser vardet av teknik som BDA, vilket
understryker behovet av en politik som underldttar inférandet av och experimenterandet
med digitala verktyg. Dessutom bidrar utbildnings- och fortbildningsprogram till att ge
sma och medelstora foretag mojlighet att forbattra sina anstélldas kompetens, vilket gor
dem bittre rustade att dra nytta av tekniken. Sammantaget bor darfor politiska atgarder
som stoder finansieringen av teknisk infrastruktur kompletteras med andra atgarder som
syftar till att forbattra kompetensen hos anstéllda i olika befattningar for effektiv
anvandning av och vardeskapande med BDA.

Mer data och analys behovs

En viktig aspekt som framkom i litteratursammanstallningen &dr den begransade
tillgdngen till mikrodata pa nationell niva, samt bristen pa jamforelser mellan olika
lander. Darutover framkom att den empiriska litteraturen domineras av studier som
anvander sig antingen av subjektiva eller objektiva datakallor. Ett forslag nér det géller
datainsamling vore att undersoka majligheten till att tillvarata de olika fordelarna med
bade subjektiva respektive objektiva datakallor. Tillgangen till palitliga mikrodata 6ver
tid dr en central forutséttning for forbattrade analyser, i syfte att undersoka kausala
samband mellan anvandning av BDA och foretags produktivitet. Behovet av bra data
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over tid som forutsattning for valgrundad analys lyftes d@ven i Tillvaxtanalys rapport fran
2023 En kartliggning av Al-anvindning och produktivitet bland svenska foretag.

For narvarande finns det inte heller, vad vi kanner till, ndgon vetenskapligt granskad
(eng. peer-reviewed) empirisk studie som anvénder svenska mikrodata for att undersoka
hur just BDA paverkar foretags produktivitet. Dock undersdker Tillvaxtanalys studie
ovan sambandet mellan Al-anvandning i svenska foretag och produktivitet. Som en
naturlig fortsattning kommer Tillvaxtanalys undersoka sambandet, inom ramen av detta
ramprojekt, mellan svenska foretags BDA-anvandning och produktivitet. Den rapporten
kommer i likhet med den namnda Al-studien vara baserad pa SCB:s IT-undersékningar

och registerdata pa foretagsniva.
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Summary

Over the last decade, a growing body of research has examined the adoption and impact
of big data analytics (hereafter BDA) for organizations. The research has been somewhat
fragmented and has frequently fallen short of delivering clear and tangible findings that
would be beneficial for businesses and policymakers. This has been attributed to the
conceptual opacity surrounding the term BDA, and the fact that research has used and
examined different performance indicators and mechanisms. This study aims, through
applying a systematic literature review of 94 published studies over the past ten years, to
provide a conceptual analysis of the concept of BDA, examine the impact that BDA has
on firm productivity through different mechanisms and provide actionable insight for
firms and policymakers.

BDA is a distinct component of the digital

transformation process

BDA not only represents and defines data by specific attributes but also encompasses the
underlying technologies supporting data management, analysis, and decision processes.
Furthermore, it influences the organizational structure of firms and the skill sets of
individuals involved in the process. BDA represents a novel paradigm of digital
transformation, requiring investments in technological infrastructure, employee training
and education in data handling, analytical techniques, and data-driven management and
operational decision-making. The research community is also discussing the distinction
between BDA and Artificial Intelligence (Al). BDA aims to make sense of data for
predictions and decision-making, whereas Al develops applications that emulate human-
like intelligence and behavior.

BDA has a positive effect on firm productivity

The analysis of past studies highlights that investing in BDA can produce annual gains of
3-7 percent in firm productivity. The effects of BDA are more pronounced in industries
that are highly competitive or more technologically oriented. In noncompetitive
industries, no significant effects are observed. Other studies show that there is a positive
and significant effect between the adoption of BDA and innovation growth and that firms
that leverage BDA in their operations realized a 10-25% performance improvement in
comparison with key competitors. Gains are mostly found in more technologically
oriented industries, such as the service sector, the manufacturing industry, and
IT/technology industries.

Productivity gains from BDA are often realized indirectly
Another important finding in from the empirical studies emphasize that the value of
BDA to firm productivity is often realized indirectly through improvements in
organizations’ operational or competitive strategies. These are realized through different
“mechanisms” such as enhanced decision processes, improved operational efficiencies,
more accurate forecasting, and cost reduction. The productivity gains are contingent on
how efficient firms are in utilizing these. By effectively monitoring and optimizing
internal operations, sensing changing customer beliefs and requirements, and perceiving
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emerging opportunities and competitive actions, BDA can be a strategic tool for firms to
make data-driven decisions. Thus, it is important to understand the organizational shifts
that BDA enables and how those indirectly impact productivity and value-generation.

The effects of BDA are contingent upon industry and

application uses

Studies suggest that the malleability of BDA depends on both internal and external
factors. BDA applications can be applied to a wide range of industries, and their ability to
create value depends on both the specific industry in which they are implemented and
the processes they are intended to automate or enhance. For instance, certain industries
that use physical devices to generate and collect data can more closely monitor and
optimize processes. In addition, firms that operate in the same industry can have vastly
different uses for their BDA investments, resulting in differentiating productivity gains.

Lag effects in realizing productivity gains from BDA

investments

Following the adoption of BDA projects, according to studies it typically takes at least
one year, with an average of two years, before most firms begin to witness tangible
improvements in terms of performance gains. This delay differs from the adoption of
other technologies that these firms commonly embrace. The lag effects are attributed to
the multifaceted requirements of BDA, which necessitate substantial preparatory work,
experimentation, and testing before its applications can be effectively integrated into
operations.

Investments in complimentary skills and organizational

structure increase BDA-adoption

One of the most important findings from the study of academic literature, is that
generating value through BDA requires more than just investing in technological
infrastructure. It also involves building organizational capability, often referred to as
BDA capability. This includes necessary investments in data management and
technology infrastructure, ensuring that employees at all levels have the required
knowledge and skills, and establishing an organizational structure and strategic direction
that recognizes data as a fundamental resource. When companies view BDA as a central
strategic initiative that permeates the entire organization, it promotes transparency and
access to critical data sources, which ensures that projects can leverage the technologies
optimally.

Policy implications

To unlock the full potential of productivity growth and value creation, three
complementary drivers of BDA adoption should be taken into account: individuals'
knowledge and skills, organizational barriers at the firm level, and facilitators at the
industry level. Individuals’ skillset in working with BDA is in high demand and
frequently constitutes a lack of competence among employees in small and medium
enterprises (SMEs). This requires more on-the-job training opportunities, a reevaluation
of educational curricula to foster cross-disciplinary skills, and incentives to develop
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practical experience through industry-related projects. Many firms, particularly SMEs,
encounter substantial barriers when attempting to adopt BDA. These barriers primarily
revolve around insufficient funding for technological infrastructure, as well as a shortage
of expertise and available time for experimentation. At the industry level, some firms
operating in less dynamic industries have been slower to adopt BDA, primarily due to
the difficulty of identifying the tangible benefits of implementing such technologies. It
has been demonstrated that stimulus and support incentives can be instrumental in
boosting the adoption of BDA.

More data and analyses in specific contexts are needed
Despite the recent increase in the number of empirical studies on the value of BDA, there
remains a significant gap in terms of context-specific insights into the productivity effects
of BDA and access to objective data sources. Currently, there is no large-scale study using
data from Swedish firms that provides a comprehensive understanding of how these
technologies affect specific sectors or through which key performance indicators they
influence them. For a better understanding of how policy measures can boost BDA
adoption and, in turn, enhance the productivity of Swedish firms, future studies should
prioritize analyzing these effects while considering investments, not only in technology,
but also in other complementary resources like human capital and educational programs.
As more data becomes accessible, it would be beneficial for more studies to assess the
value of BDA adoption systematically, evaluating its impact on different aspects of
productivity and the underlying mechanisms.
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1. Introduction

The last decade has seen an increased focus on the importance of data as a key asset of
organizations. The combination of different technological developments around that
type, including rapid growth in processing power, data storage capacity, faster and more
far-reaching networks, as well as the development of sensors and devices that can
capture and transmit data of different types in real time, gave rise to a new phenomenon
in the field of computer science. The term big data emerged as a notion describing a new
paradigm of managing and analyzing datasets that are too large or complex to be dealt
with by traditional data-processing application software (McAfee et al., 2012a). Academic
articles and popular press have argued that by analyzing such vast amounts of data
through appropriate techniques, organizations can generate important insight that can
inform operational and strategic decision-making. Recognizing the significance of big
data and analytics, organizations have been investing massively in acquiring the
necessary technological and human resources in order to effectively leverage the power
of big data (Mikalef et al., 2018c). In fact, the prevailing view over recent years is that
organizations that have not already invested in big data analytics® (BDA) will lose their
competitive advantage and struggle to keep up with those that have already opted for
data-driven decision-making (Wamba and Mishra, 2017).

While there have been some exemplary cases of use and value generation from such
technologies (Raguseo, 2018), the literature points out that there are still a considerable
number of organizations that have not managed to harness their potential or are still
unable or unwilling to adopt BDA due to organizational, technological, and financial
restraints (Bag et al., 2021). Similarly, not all organizations that have adopted BDA have
managed to realize performance gains, with a sizeable chunk of organizations still
struggling to break even from their investments (Corte-Real et al., 2019). Several studies
have shown that many BDA projects fail to make it to production, with a vast majority
only reaching a prototype phase (Mikalef et al., 2021). In addition, the value that is
realized for BDA projects is heavily dependent on how well they are aligned with an
organization’s strategy and competitive positioning. As a result, studies have noted that
many BDA projects fail to materialize concrete performance results (Akter et al., 2016).
With over a decade of academic research in the domain of BDA and business value, it is
possible to extract some useful insight into what studies have found in order to guide
future initiatives as well as policymaking efforts. The extracted knowledge can help us
understand not only how BDA should be setup within organizations, but also what type
of performance gains can be realized and through what mechanisms.

In this report, a review of the literature over the last decade is performed to provide an
overview of what we currently know concerning BDA adoption from organizations, as
well as the value that they can deliver. The first part of the report provides some
background information concerning the notion of BDA, distinguishing the notion from
other ones that have been prominent in the past, as well as drawing the line with new
emerging technologies such as artificial intelligence (Al). An overview of definitions

3 Henceforth, big data analytics is abbreviated as BDA.
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concerning what BDA entail is presented, and key characteristics of these technologies
are highlighted. The second part presents a review of empirical evidence of BDA and its
potential impacts on firms’ productivity and performance. By analyzing the relevant
empirical studies, an overview of the effects of BDA is developed, along with the
important enablers and inhibitors. Finally, the report concludes with a discussion of the
implications of the findings with regard to policymaking for facilitating the adoption of
BDA, as well as some important aspects that need to be considered by firms and policy
makers to facilitate value realization from such investments.

1.1 Method

To provide a comprehensive and complete overview of the relevant research that has
been done on BDA and its effect on firm productivity, this report has followed a
systematic review approach. This approach ensures that all the latest academic research
and empirical studies on this topic are included in the synthesis of findings. As such, the
method that was followed builds on a series of steps defining appropriate keywords and
then developing appropriate search strings to identify articles in academic literature
databases and meta-search engines. The key words included a technology-focused part,
which, for example, included terms such as “big data analytics” and an organizational, or
business value part, such as “firm productivity”. Different combinations of keywords
were combined to create search strings, and for each search string results were pooled in
a reference manager software application.

The databases that were used to identify relevant studies included, among others:
Scopus, the ACM digital library, IEEE Xplore, as well as publisher databases (e.g.,
Springer, Willey) and meta-search engines (e.g., Google Scholar). In this way, it was
ensured that all important academic studies were identified and included in the pool of
papers. More information concerning the details of the selection, filtering, and assessment
of articles can be found in Appendix A, which also includes a flow chart of the sequence
of activities performed to reach the final sample of 94 studies. The rigorous process of
assessing articles based on relevance and quality ensured that the sample of papers
represents the most important work on BDA and firm productivity.

The final step in the methodology to extract the main findings from the articles identified
involved categorizing them and organizing their content. In this process we followed a
structured approach, which distinguished between some important thematical areas. The
first step was to provide a coherent and complete definition of BDA and identify how this
notion differs from others that have emerged over recent years. This step was important
in ensuring that there was consistency in the empirical findings that were synthesized in
the following steps. The second step included an analysis of the effects of BDA on firm
productivity. In addition, this synthesis examined factors that were mentioned in the
academic literature concerning the challenges organizations faced in leveraging BDA for
value creation, as well as value-generating mechanisms. The third and final step of the
process concerned the identification of any recommendations the studies made on a
practical and policy-making level.

Through this approach, we were able to ensure that the most important work that has
been undertaken over the past decade was included in the analysis. Moreover, the
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reporting and synthesis of findings enabled a complete understanding of how BDA is
used in contemporary organizations, as well as the challenges and potential value it can
deliver.
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2. An introduction to big data
analytics

Section summary

e Big data analytics represents a distinct technological shift that not only concerns
the data types that are leveraged, but also the supporting technologies, people’s
skills, and the processes of managing BDA projects.

e Big data, with the defining characteristics of the four Vs - volume, velocity, variety
and veracity - represent the raw input, whereas big data analytics correspond to
the ways such data is sourced and analyzed.

e BDA build on different technologies and ways of analyzing data from other
approaches such as artificial intelligence, as the latter focuses on ways in which
machines can think, learn, respond, react, and behave in a way similar to that of

humans.

While BDA has seen a rapid increase in interest over the past decade, there is still
considerable confusion and a lack of clarity regarding what this notion entails and how it
differs from prior areas of research interest, such as business intelligence or data mining.
The purpose of this introduction is to clearly outline the key differentiation factors that
underpin this set of technologies, as well as the elements of the data that have been
critical to the emergence of this new research area. To do so, the report starts by
surveying how BDA has been defined within academic research, and specifically within
the stream of research that examines the business value and productivity effects of the
technology. The notion of big data is first delineated to identify the distinguishing
features and requirements it imposes on the technological infrastructure and analytical
techniques. In sequence, the term analytics is discussed, and the definitions of BDA that
have been presented throughout the last years are compared. Finally, the section ends
with a discussion on emergent technologies and their relationship to BDA.

2.1 Defining big data

The notion of big data emerged in academic literature on firm productivity in the early
2010s. While the notion itself has been used in the past within the field of computer
science, it gained popularity in the context of the business value of technology after a
series of publications sparked interest in using data within the organizational context to
improve operations and enhance decision-making (McAfee et al., 2012a, McAfee et al.,
2012b, Chen et al., 2012). A series of academic publications that proceeded helped define
the concept of what BDA is and how it differs from other types of data that organizations
typically handle. In this direction, studies such as that of Wamba et al. (2015) have
proposed that what makes big data a distinct and novel concept are the unique properties
that such datasets encompass. Specifically, these have been defined in terms of the so-
called "Vs”, with different publications specifying variations of the underlying features.
The majority of empirical studies have defined big data in terms of three primary “Vs”,
which include volume, velocity, and variety (McAfee et al., 2012b). Volume corresponds
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to the size that such datasets have due to the large set of observations, multiple variables
and timestamps, as well as the different types of formats that pose requirements on
storage (Gupta and George, 2016). The expansion in the volume of data over the past
decade can be largely attributed to a number of factors, such as the prevalence of smaller
and cheaper sensors and devices that can transmit rich data, a phenomenon termed
Internet-of-Things (IoT), the rapid uptake of social media platforms and mobile devices,
and the increased bandwidth of networks for different types of communication (Sun et
al., 2015, Ekbia et al., 2015). Velocity, on the other hand, refers to the pace at which data
needs to be collected, analyzed, and utilized (Sagiroglu and Sinanc, 2013). The rapid
speed in which data is sourced and leveraged also poses the requirement that it is
utilized within a much shorter period than previously required (Al-Jarrah et al., 2015).
Since much of the use of big data is based on decision-making, operation management,
and other real-time applications, the concept of velocity becomes increasingly important
as a quality of the data and its ephemerality (Akter et al., 2016). Finally, variety
underscores the plethora of sources from which data emerge, which can include, among
others, formats such as text, audio, images, video, networks, and graphics (Constantiou
and Kallinikos, 2015). As noted previously, the convergence of several core technological
developments have also enabled a plurality in the collection and storage of different data
formats. Thus, the concept of variety encapsulates both the large range of different
formats that fall within the big data notion, as well as their concurrent utilization to
derive meaningful uses (Kar and Dwivedi, 2020).

While the three “Vs” have been a central aspect of defining and differentiating big data
from other conventional forms of data that have been used in the past, the literature has
also extended the differentiating elements in order to further distinguish this
phenomenon from prior forms and structures of data (Dremel et al., 2018, Sivarajah et al.,
2017). Several later studies have sought to extend the defining “Vs” to four, five, seven or
even more attributes that should characterize such datasets (Mikalef et al., 2019d). For
example, the review article by Wamba et al. (2015) finds that, in addition to the three
fundamental attributes of big data, several studies also include aspects such as value and
veracity, whereas other studies have expanded these to also include variability and
visualization (Uddin and Gupta, 2014). While there is considerable discussion regarding
whether the extended list of “Vs” constitute the inherent characteristics of the datasets
themselves, there is a growing consensus concerning the core defining characteristics. In
addition, a differentiating element to separate big data from conventional datasets
concerns the set of infrastructure, software, processes, and roles, among others, that
surround such datasets. In providing an illustration of how big data has shifted the
technological landscape, Abbasi et al. (2016) highlighted the requirements that big data
impose on the technological and organizational landscape of contemporary enterprises.
Some examples of underlying technologies that are needed for supporting big data
include new forms of data storage and analysis of data, such as NoSQL databases,
massive parallel processing, as well as cloud computing infrastructures (Corbellini et al.,
2017). Taken together, the defining characteristics of big data combined with the
technological and organizational requirements they create help define the transition into
the era of big data, which separates such datasets from conventional forms of data.
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The list of definitions that have been used in the academic literature touches upon
elements of both, with some of the definitions explicitly mentioning some of the “Vs” that
characterize big data, whereas others remain quite generic, not identifying specific
aspects of the data. The table below presents a sample of some of the definitions that have
appeared over the years, which indicates not only the large diversity in terms of the way
big data have been defined, but also an evolution of the notion to differentiate big data
from conventional datasets, separating them from the techniques and methods used to
handle and analyze them. While there is considerable diversity in the definitions, an
analysis indicates that where big data tends to be consistently different from other forms
of data is around its volume, velocity, and variety, and these characteristics impose new
technological requirements on organizations for their collection and management. Thus,
it is also important to highlight at this point that big data constitutes the raw input to a
process of insight extraction and knowledge-generation (Mikalef et al., 2020c). This
process, along with the techniques required to actualize this, is described in the following
subsection where we focus on the term BDA.

Table 1 Selected definitions of big data

Reference Definition

Russom (2011) Big data involves the data storage, management, analysis, and visualization
of very large and complex datasets

McAfee et al. Big data, like analytics before it, seeks to glean intelligence from data and
(2012b) translate that into business advantage. However, there are three key
differences: Velocity, variety, volume

Gantz and Reinsel | Big data focuses on three main characteristics: the data itself, the analytics of
(2012) the data, and presentation of the results of the analytics that allow the
creation of business value in terms of new products or services

Bharadwajetal.  Big data refers to datasets with sizes beyond the ability of common software
(2013) tools to capture, curate, manage, and process the data within a specified
elapsed time

Sun et al. (2015) Big data: the data-sets from heterogeneous and autonomous resources, with
diversity in dimensions, complex and dynamic relationships, by size that is
beyond the capacity of conventional processes or tools to effectively capture,
store, manage, analyze, and exploit them

Constantiou and | Big data often represents miscellaneous records of the whereabouts of large

Kallinikos (2015) | and shifting online crowds. It is frequently agnostic, in the sense of being
produced for generic purposes or purposes different from those sought by
big data crunching. It is based on varying formats and modes of
communication (e.g. text, image, and sound), raising severe problems of
semiotic translation and meaning compatibility. Big data is commonly
deployed to refer to large data volumes generated and made available on the
Internet and the current digital media ecosystems

Akter et al. (2016) Big data is defined in terms of five “Vs:” volume, velocity, variety, veracity,
and value. ‘Volume’ refers to the quantities of big data, which are increasing
exponentially. “Velocity’ is the speed of data collection, processing and
analyzing in the real time. ‘Variety’ refers to the different types of data
collected in big data environments. ‘Veracity’ represents the reliability of data
sources. Finally, “value’ represents the transactional, strategic, and
informational benefits of big data
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Reference Definition

Coble et al. (2018) | Big data is defined by several characteristics beyond size,

particularly, the volume, velocity, variety, and veracity of the data

Obschonka and
Audretsch (2020)

Big data is defined as a large volume of structured, semi-structured, or
unstructured data, and a way to collect/produce, process, and analyze these
datasets using non-traditional methods

Source: Author

2.2 From raw data to big data analytics

While early academic and user reports on big data often used the term interchangeably
with that of BDA, there is a growing consensus that the later represents the tools and
techniques used to generate actionable insight from big data (Mikalef et al., 2018c). This
distinction was further clarified in the study by Gupta and George (2016), who noted that
while big data refers to the large and varied datasets that can be collected and managed,
BDA involved the models that can enable us to capture, visualize, and analyze the
underlying patterns within this data to provide actionable insight. In effect, BDA
encompasses a broader set of aspects, which places a stronger emphasis on the process
and tools used in order to extract insights from big data. As a result, BDA includes the
data upon which analytics are performed, as well as the tools, infrastructure, and means
of visualizing and presenting insight. The definitions that are presented in the table
below, particularly those of Lamba and Dubey (2015), highlight this distinction.

Table 2 Selected definitions of big data analytics

Reference Definition

Mikalef et al. A new generation of technologies and architectures, designed to economically

(2018c¢) extract value from very large volumes of a wide variety of data, by enabling
high velocity capture, discovery and/or analysis

Lamba and The application of multiple analytic methods that address the diversity of big

Dubey (2015) data to provide actionable descriptive, predictive, and prescriptive results

Miiller et al. The statistical modeling of large, diverse, and dynamic datasets of user-

(2016) generated content and digital traces

Loebbecke and | A means to analyze and interpret any kind of digital information. Technical

Picot (2015) and analytical advancements in BDA, which—in large part—determine the

Vassakis et al.
(2018)

Shehab et al.
(2021)

Source: Author

functional scope of today’s digital products and services, are crucial for the
development of sophisticated artificial intelligence, cognitive computing
capabilities, and business intelligence

Advanced analytic techniques, considering large and various types of datasets
to examine and extract knowledge from big data, constituting a sub-process in
gaining insights from big data process

The application of advanced analytic techniques including data mining,
statistical analysis, predictive analytics

The notion of BDA effectively builds on prior approaches of leveraging data to extract
important insights, such as business analytics, data mining, and business intelligence
(Hindle et al. 2019). The key distinction that separates BDA from other relevant terms is
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that it relies on big data, as described earlier, and builds on analytics techniques, methods
and technologies that allow for the handling and processing of big data sets (Mikalef et
al., 2019a). The underlying technological infrastructure that is needed to support BDA
has been described in detail in recent academic research (Talia, 2013). In their study,
Abbasi et al. (2016) note that BDA entail changes along the information value chain
through the process by which raw data is transformed into insight that can be utilized.
Specifically, they note that BDA requires novel technological solutions such as data lakes,
in-memory databases, complex event systems, prescriptive analytics tools, as well as
NoSQ systems among others. Other articles have centered on the specific models for
analyzing big data, such as map reduction, or even techniques such as association rule
learning, sentiment analytics, and cluster analytics, among others (Elgendy and Elragal
2014).

A key characteristic of the term BDA is that it is technology and method independent. In
other words, there is no specific type of analytics that qualifies as BDA since the term
encompasses many different types of analysis and visualization that can be applied to big
data (Mikalef et al., 2020c). What the notion of BDA underscores, however, is the process
of converting raw data into meaningful representations that can be utilized in a value-
adding way. The difference between the notions of big data and BDA has been
highlighted in several subsequent studies in order to ground the concepts and enable
clarity concerning their potential value to organizations (Mikalef et al., 2018c, Wamba et
al.,, 2015). Extending on this differentiation, in the next section of this report we
specifically examine how BDA has been used in organizations, as well as the resulting
business value that has been realized. Prior to delving into the relevant empirical
findings, we also present a distinction between the notion of BDA with recently emerging
buzzwords such as artificial intelligence and generative Al. The purpose of doing so is to
clearly separate how these sets of technologies differ or overlap with BDA, and what type
of value-generation can be expected from each.

2.3 A distinction between big data analytics and
artificial intelligence

An emerging discussion among the research community has been on trying to define the
difference between BDA and emerging technologies such as those of artificial intelligence
(AI). While there are different and constantly changing definitions of Al, the consensus is
that it can be broadly defined as a set of methods and approaches that enable machines to
demonstrate intelligence and human-like behavior in terms of performing tasks, solving
complex problems, reasoning, and predicting events. An overview of current definitions
is presented in the work by Enholm et al. (2021). As with the notion of BDA, the
definition of Al also encompasses a wide set of technologies that have been described and
categorized in detail in relevant studies such as that of Ertel (2018). A large set of
technologies that support Al have been grounded on the cluster of machine learning
applications, which follow the principle of problem-solving using data and algorithms to
imitate the way humans learn and detect patterns in order to gradually improve accuracy
(Collins et al., 2021).
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While there is undoubtedly considerable overlap in the types of activities that are
connected to BDA and Al there are also some important differences that separate the two
concepts. The key differentiating aspect is that in BDA, the objective is to leverage
available big data sets in order to analyze it and derive important insight, whereas Al
utilizes this data to learn from it and adjust its output (McAfee and Brynjolfsson, 2017).
Thus, the aspect that separates the two concepts is the end goal despite the fact that both
heavily rely on big data and use complex methods for analyzing such data. The goal of
BDA is to make sense of raw data for predictions, decision-making, and optimizations of
problems among others, whereas Al is concerned with the development of applications
that exhibit intelligence behavior, and can understand, think, learn, response, react, and
behave in a way similar to that of humans (Mikalef and Gupta, 2021). In the next chapter,
we examine studies that have looked into the productivity and performance gains of
firms that have adopted BDA, and draw our definition of the notion based on the
previously mentioned differentiation with Al
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3. Big data analytics and productivity

Section summary
e Studies show that a structured adoption of big data analytics in certain industries

(e.g., technology and manufacturing) can result in a 3-7% firm productivity
improvement annually.

e The value of BDA is contingent on the industry it is applied in, and the types of
operations it is targeted towards.

e Most impacts are indirect and mediated through changes in organizational
processes (e.g., process efficiency, product/service innovation, customer
engagement/retention).

e Lag effects of 1 to 3 years to realize performance gains characterize BDA projects.

e To realize performance from BDA investments, organizations must develop
capabilities that require attention to other complementary resources (e.g., humans
and skills, governance practices, cross-department collaboration, opportunities of

experimentation).

A key area of focus for research over the past decade has been to understand if BDA can
result in productivity gains for firms, and if yes, through what mechanisms and in which
forms. Thus, studies have examined several complementary aspects of BDA and value
generation and can be broadly categorized as having three objectives. The first objective
of research publications has been to examine if there is a causal relationship between the
adoption of BDA in firm operations and improvements in productivity or performance.
The second objective has been to delve into the mechanisms through which such
productivity gains can be realized, as well as to understand more about the shifts BDA
introduce concerning the way organizations are structured and compete. Finally, the
third objective of research has been to identify some key challenges, obstacles, and
common issues organizations face when trying to leverage BDA for productivity gains.
Following this broad categorization of literature, this section is also structured
accordingly into three sub-sections.

3.1 What effect does BDA have on firm productivity?
One of the primary questions academic research has sought to explore is if there is any
causal relationship between the adoption and use of BDA and firm productivity (Akter et
al., 2016). Within this stream of literature, researchers have been divided into two
approaches in uncovering such effects and establishing causal associations. The two
perspectives differ with regard to the unit of analysis they examine, with the former
adopting an organizational-centric perspective, whereas the latter focuses on industry-
level effects. In other words, studies have been divided into those that examine, on the
one hand, how organizations are structured and what effect that has on their operational
performance, and those that examine the macro-level effects of adoption rates of BDA
and different measures of productivity. The main differentiating aspect in these types of
studies concerns the types of data that are used to uncover effects.
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The majority of academic articles that examine the impact of BDA on firms’ performance
build on self-reported primary data, which focus on the firm as the unit of analysis
(Popovic et al., 2018). Typically, these studies utilize samples of at least 150 responses
from the same industry to examine if the adoption of BDA results in any significant
performance gains. As in most of these studies, performance is assessed in a self-reported
manner, performance indicators usually include constructs such as a firm’s competitive
positioning within its industry (Mikalef et al., 2020b), operational efficiency gains
(Mikalef et al., 2019c¢), financial performance (Ghasemaghaei, 2019), customer satisfaction
and market share (Hassna and Lowry, 2018), as well as indicators measuring innovation
outcomes (Mikalef and Krogstie, 2020, Mikalef et al., 2020a). While some of these studies
also utilize secondary data to validate findings and triangulate results, their primary
orientation is to explain what organizations should do with BDA and how they should be
structured in order to realize productivity gains. Although there is a potentially higher
bias in studies that use self-reported data due to overestimation, many of these papers
also build on objective data to triangulate findings and control for any overestimation
effects.

A much smaller stream of research has sought to explore the issue of BDA investments
and productivity on an industry level of analysis, rather than on a firm level. Within this
body of work, researchers have studied secondary data in order to understand if
investments in BDA within particular industries result in statistically significant
productivity gains. Among such studies, there has been a specific focus on economic-
related indicators of productivity (Miiller et al., 2018). Such econometric-based
approaches can accurately highlight the potential return that BDA investments can have
on firm economic indicators. Nevertheless, they have the limitation that they do not
provide much insight into how BDA investments are leveraged, and for what purposes
they are used.

Taken together, these two different approaches of research in exploring the effect that
BDA has on firm productivity can allow us to understand if they do indeed result in
business value, and if so through what organizational arrangements. This latter part is
particularly important since it enables us to identify what key organizational resources
need to be invested in for firms to be able to effectively generate value from BDA. It also
provides a roadmap for policy recommendations and an organizational implementation
of BDA. Before examining the specific findings of the extant research, we draw a
differentiation between the different types of indicators that have been used to examine
performance effects from adoption of BDA.

Table 3 Sample studies with performance indicators used

Indicator type Performance indicator Indicative studies

Objective data Financial performance (Miiller et al., 2018)
Firm productivity (Miiller et al., 2018)
Innovation performance (Niebel et al., 2019)
New product development (Niebel et al., 2019)
Operational efficiency (Zhu et al., 2021)
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Indicator type

Subjective data

Source: Author

Performance indicator

Business growth

Competitive performance

Organizational performance

Business process improvement

Innovation performance

Financial performance

Market performance

Indicative studies

(Zhu et al., 2021)

(Mikalef et al., 2019a, Mikalef et
al., 2020b)

(Elia et al., 2022, Wamba et al.,
2017)

(Elia et al., 2022)

(Elia et al., 2022, Mikalef et al.,
2019b, Mikalef et al., 2018a)

(Raguseo et al., 2020, Raguseo
and Vitari, 2018)

(Saenz et al., 2022)

As shown in the table above, most of the empirical evidence around the productivity

effects of BDA comes from studies that use subjective and self-reported indicators to

measure performance. Nevertheless, from the limited number of studies that use

objective data, there is a clear causal link between the adoption of BDA and important

productivity indicators. For example, in the study of Miiller et al. (2018), the authors

examined a sample of 814 firms during the period of 2008-2014 and found that

investments in BDA assets were associated with an average improvement of 3-7 percent

in yearly firm productivity. The effects of BDA were more pronounced in industries that

are more technologically oriented. Similar effects were also found for highly competitive

industries as per the authors, whereas no significant effects were observed in

noncompetitive industries. In another study, which focused on German firms, Niebel et

al. (2019) found that investments in BDA were associated with an increased likelihood of

a firm becoming a product innovator as well as the market success of product

innovations. Their results were found to hold true for the manufacturing sector as well as

the service sector but were also contingent on the degree to which these firms had

invested in IT-specific skills. Their results provide support that BDA are a source of

improved firm productivity by enabling the innovation potential.

Apart from these studies, other studies have been built on subjective data to gain deeper

insight into the structuring of firms’ BDA portfolio and how it affects productivity

indicators. Typically, such studies build on primary data collected by key respondents in

firms and conduct analyses on samples of between 200-800 firms. In this direction, there

have been a plethora of articles that show that a structured adoption of BDA can result in

improved competitive performance, which is measured as the perceived advantage a

focal firm has over its main competitors. In fact, such studies show that BDA adoption

can result in an improved competitive performance of 10-25%. Likewise, other studies

have shown that there is a positive and significant effect between the adoption of BDA

and innovation outcomes. In this direction, studies have found support that BDA can

facilitate product, process, and service innovation outcomes (Mikalef and Krogstie, 2020,
Mikalef et al., 2019b, Lehrer et al., 2018, Wamba, 2017, Tan et al., 2015). Finally, another
group of studies have examined aspects such as business process performance and

market performance in an attempt to measure the impacts that BDA have in making
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firms more agile and fast to respond. These studies find that investments in BDA can
facilitate such operational efficiency providing they are adopted and deployed as part of
an organizational strategy (Gupta et al., 2020, Akter and Wamba, 2016, Hassna and
Lowry, 2018, Dezi et al., 2018).

Overall, the findings from the two main streams of research provide ample support for
the claim that BDA can enable productivity gains for firms. Nevertheless, there are some
key contingencies in the findings that need to be highlighted. First, the value of BDA is
higher in contexts where there is a high degree of competitiveness and market
uncertainty (Miiller et al., 2018, Mikalef et al., 2020b). Second, the value of BDA is
dependent on a structured adoption within organizational boundaries. In other words, it
is necessary for firms to not only invest in the respective technological infrastructure, but
also to place weight on the human factor, as well as on governance of such technologies
in a way that is in alignment with organizational strategies (Niebel et al., 2019, Mikalef
and Krogstie, 2020). This highlights the importance of investing in complementary skills
and assets to realize performance gains from BDA. Third, the value of BDA on firm
productivity is not always realized in a direct manner. In other words, BDA can prompt
significant changes in the operational or competitive strategies that organizations pursue.
As a result, it is important to consider what types of uses BDA have within firms, and in
what operational domains they are leveraged. Thus, to gain a more nuanced
understanding of the performance effects of BDA, it is critical to take a closer look at
mechanisms of BDA effects before examining productivity indicators, which may be
dependent on other exogenous variables (Mikalef et al., 2017b). While a significant
proportion of studies assume a direct effect between adoption of BDA and firm
performance gains, a growing body of research now examines indirect effects, which are
mediated through new or enhanced business operations. The next sub-section elaborates
on these mediating conditions.

3.2 How are effects of BDA on firm productivity

measured?
While the body of research that examines the impact of BDA adoption on the
productivity of firms has some consistent findings in terms of the magnitude and effect, it
does build on a multitude of methods and approaches to explore this relationship. One
difference that was described earlier concerns the choice of indicator types (objective vs.
subjective) for quantifying investment propensity and productivity effects. Nevertheless,
within the body of research, there are also significant methodological differences in how
such effects are modeled, and the mechanisms through which they are realized. Thus,
while most empirical studies have built on subjective self-reported data adopting a firm-
level analysis, there have been other empirical articles using longitudinal and case-study
approaches that can provide more contextual information on what applications BDA
have within organizational boundaries and how they are leveraged.

As noted previously, as most empirical studies using a quantitative approach have been
built on self-reported data, they have managed to capture the mechanisms through which
BDA investments result in productivity gains. This has been a limitation that
conventional econometric studies have been unable to capture in detail. From these
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studies, we know that the effects of BDA on firm productivity is not direct, but rather of
an indirect nature (Mikalef et al., 2018c¢). In other words, it is important to understand
how firms leverage such investments and for what purposes they are used in order to
more accurately capture their effects (Corte-Real et al., 2020). This outcome also has some
important implications concerning the way that performance effects of BDA are
measured, since it highlights that apart from economic indicators, studies should also try
to capture operational indicators (e.g., market share, operational efficiency, new products
or services, business growth). A key finding noted in these studies is that BDA can be
used to effectively sense changing conditions, whether these are customer beliefs and
requirements, emerging opportunities and threats, or competitive actions and their
consequences (Mikalef et al., 2020b). Thus, BDA provides a strategic tool for firms to scan
the competitive environment and make data-driven decisions.

A second important mechanism of value-generation through BDA investments is by
monitoring and optimizing internal operations (Dezi et al., 2018). Several studies have
highlighted the use of BDA for such purposes, which include predictive maintenance
(Gupta et al., 2020), business process design and reconfiguration (Braganza et al., 2017),
supply chain management optimization (Gunasekaran et al., 2017), and operational
monitoring and efficiency (Mikalef et al., 2020b). One of the key findings in these studies
is that the embeddedness of many physical devices with sensors that can generate and
collect data can allow firms to utilize that for the optimization of processes and closer
monitoring of them. These are particularly pronounced in certain industries such as
manufacturing, logistics, processing of raw materials, oil and gas, as well as
transportation. As a result, the mechanisms of value-generation as well as types of
productivity gains that can be expected depend both on the industry as well as the use
cases of BDA (Mikalef et al., 2020c).

Another important finding from qualitative articles concerns the process through which
BDA are leveraged and effectively used in production. These studies underscore that
there are typically long lag effects from when firms invest in BDA to when they can
realize productivity gains (Mikalef et al., 2017a). These lag effects are typically within the
span from one to three years (Zhu et al., 2021, Ferraris et al., 2019). It is a common
practice among firms to launch many BDA initiatives in a sandbox environment, where
experimentation is allowed, and there is an assessment of the different dimensions (e.g.,
access to data, technical skills, technology infrastructure) that need to be matured before
applications can be launched (Watson, 2014). Furthermore, some studies have
incorporated dimensions of performance that do not typically fall within the monetary
productivity indicators, such as waste reduction, environmental performance, and other
sustainability goals that BDA can help achieve (Kristoffersen et al., 2021, Kristoffersen et
al., 2020).

From the above studies, there are some key findings that can be extracted. First, the
productivity indicators related to BDA adoption are contingent upon industry and
application uses. It is therefore important to consider that different metrics may be
needed to accurately capture the effects in dissimilar industries or contexts. Second,
many of the effects of BDA are indirect and dependent on what the focal firm does with
the derived insight or new knowledge. Thus, the value of BDA is elusive without
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considering that it is dependent on how it is acted upon from the relevant managers.
Third, there are long lag effects from the time of the adoption of BDA to the actual value
generation. As such, these lag effects should be accounted for when trying to identify
causal associations. Fourth, there are several other important performance indicators that
are conventionally not measured when examining the value of technology. As BDA can
have a significant impact on such indicators, including those of environmental
performance and sustainability, it is important to account for how it affects these
measures.

3.3 Firm challenges in leveraging data analytics?

A large proportion of the research studies on firm productivity from BDA has focused on
the issue of the challenges organizations face when trying to realize value from such
investments. In this direction, there have been a number of factors that are either
technology-, human-, or organizationally-related that have been identified as obstacles
for firms attempting to realize value from their BDA investments (Dremel, 2017, Gupta
and George, 2016). Since these are challenges related to different aspects of how
organizations are set up in order to leverage technology, researchers have coined the
term “BDA capability” to denote the organizational capacity to effectively leverage these
technologies in a way that drives productivity gains for the firm. Central in this area of
research has been the study of Gupta and George (2016), which creates a distinction
between tangible (or technology-related), human, and intangible (or organizational)
aspects that can drive or hinder value creation. Such an approach to studying the entire
organizational capability to effectively use BDA, rather than just the technology in
isolation, has been a common practice among recent empirical studies (Bag et al., 2021,
Mikalef et al., 2021, Mikalef et al., 2020b, Arunachalam et al., 2018, Wamba et al., 2017).

From a technological point of view, one of the key challenges that organizations face
when it comes to leveraging analytics is having access and being able to manage big data
sets. This is due to the novel technological infrastructure, large costs associated with
storing and processing such data, as well as new processes for filtering, cleansing, and
preparing data so that they are ready for analysis (Surbakti et al., 2019). In particular,
there are several empirical studies that have examined important barriers for
organizations in the BDA paradigm, or obstacles hindering them from being able to
create value from their data (Alharthi et al., 2017). In these articles, there are recurrent
issues raised on the high costs that are entailed in initiating BDA projects, particularly in
relation to uncertain outcomes of their business value (Mikalef et al., 2017a).

Another key hindrance for many organizations is the ability to either hire or train
employees with the necessary skill-set to create value from big data (De Mauro et al.,
2016). These skills are primarily related the technical implementation of BDA projects,
from data engineers, data architects and data scientists, who are responsible for the
collection and management of the datasets, to their actual analysis (Costa and Santos,
2017). Furthermore, several studies have highlighted the fact that many firms face
challenges in realizing productivity gains due to the fact that there is a lack of
management bandwidth that can create a clear roadmap and strategy for how to leverage
BDA in operations in a way that generates value for the firm (Mikalef et al., 2018b). For
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both technical and managerial skills, studies have noted that firms typically experience
difficulties in recruiting employees that have up-to-date knowledge (Costa and Santos,
2017).

Finally, another category of challenges in realizing value from BDA has been attributed
to a lack of organizational structures and cultures that support data-driven decision
making (Gupta and George, 2016). A large proportion of papers report that it is necessary
for organizations to perceive BDA as a key strategic initiative that permeates the entire
organization, rather than just a technical task from the IT department (Dykes, 2017). In
this way, any BDA project that is launched will be strategically aligned with the rest of
the activities of the organization, which also facilitates the dissolution of data silos that
may exist. As such, approaching BDA as a firm-wide activity ensures that there is
transparency and access to key data sources within the organization, and that any
launched projects are strategically aligned (Wiener et al., 2020).
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4. Policy implications

Section summary

e Incentives and education programs for training employees on the job, plus
curricula for students on data science in industry can improve BDA uptake.

e Technological infrastructure, access to data, and financing big data projects are key
barriers, particularly for SMEs.

e Uncertainty about data handling and privacy/security concerns impede the use of
BDA.

e  When assessing the value of big data analytics investments, it is important to study
their effects on organizational operations, and industry-specific applications.

e There are no empirical studies conducted in Sweden, so it is important that future
studies examine challenges and value-generation paths that are specific to the

country.

The synthesis of past empirical research has shown that BDA can result in important
productivity gains under a certain set of contingencies. There are undoubtedly some
industries or categories of firms that can gain much more from deploying BDA than
others (e.g., manufacturing, and high-tech), but there are still a common set of challenges
that organizations face when adopting and leveraging BDA. These challenges and
obstacles for adoption can serve as important input in providing policy-making
recommendations, particularly since they are noted recurrently in academic studies with
large sample sizes. For this report, they are presented in three categories that cover
complementary aspects of BDA adoption; these include: knowledge and skills,
organizational level barriers, and industry-level facilitators.

4.1 Knowledge and skills of individuals

One of the primary barriers for many organizations that plan to adopt BDA is the
difficulty in finding employees with the right skill set. Several empirical studies have
specifically focused on the issue of knowledge and skills that are needed in the age of
BDA, also highlighting some areas where important gaps are currently observed. For
instance, the study of Mikalef and Krogstie (2019) looked at the gap that exists compared
to what Norwegian computer science graduates receive as education in data science,
compared to industry needs. They find that firms require employees with technical,
managerial, and soft skills related to data science, and that there is insufficient training in
academic institutions on specific tools and technologies that are currently used in
industry, as well as on collaborative and cross-domain skills that allow recent graduates
to work effectively on big data analytics projects. In addition, the study provided an
ordering of the perceived importance firms placed on these skills, which enable them to
adopt and use BDA in a competitive way. What was highlighted by this study is that it is
important that firms have the sufficient resources and financing required to retrain their
personnel with these new skills through flexible learning settings and on-the-job training.
Thus, there is a need for further education incentives, as well as a development of study
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programs at the higher-education level that are in close collaboration with industry
requirements. This has been found to be a strong impediment to adopting BDA,
particularly for small and medium-sized enterprises (SMEs) that have limited slack and
financial resources and a smaller employee base.

4.2 Organizational level enabling conditions

Another important finding that emerged from the analysis of the empirical studies is the
unequal adoption of BDA between large firms and SMEs. This outcome has been
attributed to the high cost associated with adopting BDA, which many SMEs struggle
with (Mikalef et al., 2017a). In particular, purchasing technological solutions for data
storage and processing requires considerable investments, which many SMEs are hesitant
to make due to unclear benefits from adopting BDA (Igbal et al., 2018). This has been
particularly the case for organizations that operate in non-technology-focused industries
that have been lagging significantly in their adoption rates of BDA (Maroufkhani et al.,
2023). Thus, incentives that focus on support in providing technological infrastructure to
organizations that belong to the SME size-class and in industries that can benefit from
BDA have been argued to increase the competitiveness of such firms and their overall
productivity (Miiller et al., 2018).

One area that was also noted by organizations in the European context, which is
particularly challenging to navigate when adopting BDA, was that of data governance
and ownership. This issue was highlighted due to the regulatory framework around the
General Data Protection Regulation (GDPR)* and the Data Act’, among others. Since
many service providers of BDA solutions offered cloud-based solutions, it had been
noted that it was not clear for organizations that were handling personal or sensitive data
how to implement effectively the appropriate governance structures that align with these
regulations. This was particularly the case for organizations that did not have extensive
experience in dealing with technology-based initiatives, such as that of BDA, where there
was a lack of technical and regulatory knowledge (Kempeneer, 2021). As a result, some
recommendations that can be implemented to alleviate this barrier from firms is to
establish national guidelines and easy-to-access frameworks with important information
on the implementation of data governance and vendor selection.

Finally, a key finding of the analysis of empirical studies highlighted both the indirect
nature through which BDA result in value generation for firms, as well as the lag effects
that they entail. This outcome highlights two points that need to be considered when
evaluating the value of BDA for firms. The first is that performance gains may be quite
elusive to capture and require a broader set of indicators to accurately capture BDA
effects, which are also contingent upon the industry in which they are used. The second is
that BDA investments require considerable time to mature and produce value for firms.
This finding underscores the need for providing incentives to firms that give them
sufficient time to develop BDA into a core organizational capability. In addition, the

* https://eur-lex.europa.eu/legal-content/EN/TXT/?uri=celex%3A32016R0679
5 https://ec.europa.eu/commission/presscorner/detail/en/ip_22_1113
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presence of long lag effects also shows that any assessment of performance gains from
such incentives needs to consider the time needed to have such results materialize.

4.3 Industry level facilitators

As noted in the discussion of findings, there are certain industries that are forerunners in
the adoption of BDA; at the same time, there are some others that are significantly
lagging (Baig et al., 2019). This phenomenon has been identified in several countries and
has been linked to the competitiveness and velocity of industries in driving the
digitalization of operations. However, there are other factors apart from industry
dynamics that have resulted in certain firms either not adopting or being at a very early
stage of BDA adoption. These concern the lack of financing schemes and incentives to
digitally transform operations, which have also been found to be important determinants
of BDA adoption in empirical studies (Maroufkhani et al., 2020). Such financial incentives
and stimulus provisions can enable firms to perform the first step in sourcing the
necessary technological infrastructure and know-how to leverage their data, and build
the technical infrastructure needed to perform analytics to improve productivity.

These measures have been highlighted as important to increase firms use of novel digital
technologies and be more competitive in the global market (Manyika et al., 2011). The
focus on technological infrastructure incentives for SMEs is crucial, given their significant
presence in European business. Developing tailored incentive schemes and financing
options is vital to facilitate their investment in technologies like BDA. Many of these
SMEs may not yet fully recognize the value of technologies such as BDA, emphasizing
the need for policies that promote the adoption and experimentation of digital tools.
Additionally, educational and training programs are instrumental in empowering SMEs
to enhance their employees' skill sets, making them better equipped to leverage these
technologies. Therefore, policies supporting the financing of technological infrastructure
should be complemented with incentives aimed at enhancing the skills of employees
across various positions for effective use and value generation from BDA.

Finally, an important aspect that emerged from the analysis of studies concerns the
limited availability of data on a country level, as well as cross-comparisons between
different countries. This issue was especially evident in the case of data from Sweden,
where there were no large-scale empirical findings on the productivity gains from BDA,
nor the level of adoption and challenges that firms may face. Having such data can
enable a more accurate assessment of the strengths and weaknesses of specific sectors, as
well as the areas that need support. In addition, including more detailed indicators of
productivity gains can enable a more detailed understanding of the types of applications
that drive value-creation for firms in different industries, as well as the specific types of
gains that can be expected. In this direction, it is important that there are future follow-up
studies that utilize a more comprehensive set of variables around BDA investments and
other complementary resources, as well as different types of performance indicators.
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Appendix

Appendix A. Literature review flowchart

The flowchart depicted below represents the four main phases of the literature selection
and retention as part of the synthesis of empirical findings for the report. During the first
phase (Identification), the use of search strings in the different databases resulted in a
total of 2964 studies that were included in the pool of references. The second phase
(screening) removed studies that were duplicates, as well as those that were deemed to
be irrelevant based on their title or their abstract. After the screening phase, a total of
1363 articles remained. During the third phase (eligibility), the remaining studies were
gauged based on their quality, selecting only those that were peer-reviewed and
published in reputable journals and conferences, and an in-depth assessment was
performed on the content of the main text. At this stage, a total of 463 articles were
removed based on quality criteria and the type of publication. During the fourth and final
phase (inclusion), a thorough forward and backward search was conducted. This step
essentially requires that the final set of articles is analyzed, and important articles that are
cited within this pool of papers are evaluated, as well as articles that cite each of the
articles in the pool. Through the forward and backward search, 16 additional studies
were included in the sample, bringing the total number to 94 studies that were retained
for further assessment.

Figure 1 Flowchart of the selection and filtering process of the literature included in the report
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Appendix B. Empirical studies per country

The studies that we retained in our selected pool of papers are mainly empirical results,
but they also include some conceptual articles and review papers. From the empirical
studies, most papers included information concerning the origin of the sample, and from
which country(ies) data were obtained. While most studies had data from a single
country, some studies were built on samples from two or more countries. In certain cases,
the name of the countries was included in the article, while some other studies only
identified large geographical regions as the source of data collection (e.g., Europe, Asia).
These studies were not included in the descriptive summary of cases, but only those that
specified where the data originated from at a country level. The final subset of empirical
studies is visually represented in the graph (Figure 2) and heatmap (Figure 3). Most
studies have been conducted in the USA and China, with a substantial proportion done
in Europe. From the European countries, the largest samples are from Germany, France,
and Norway. Notably, there were no studies that examined a sample from Sweden.

Figure 2 Country representation in empirical studies
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Appendix C. Tillvixtanalys publikationer inom foretags
digitalisering, IT-anvandning och Artificiell Intelligens

o

Ar  Titel Status
2014 Digitaliseringens bidrag till tillvaxt och konkurrenskraft i Publicerad (Rapport
Sverige 2014:13)
2014 Hur driver IKT produktivitet och tillvaxt? Analyser av Publicerad (PM 2014:17)
kvantitativa data
2017 Digital mognad i svenskt néringsliv Publicerad (Rapport
2017:02)
2017 IT-anvandning och foretagens produktivitet — Forslag pa en Publicerad (PM 2017:16)
indikator for digital intensitet i foretag
2018 Hur kan staten fraimja anvandandet av digitaliseringens Publicerad (Rapport
mojligheter i ndringslivet 2018:01)
2019 Foretagens digitala mognad 2018 Publicerad (Rapport
2019:12)
2021 Drivers of Al adoption — A literature review Publicerad (Rapport
2021:07)
2022  Al-politik for konkurrenskraft Publicerad (Rapport
2022:02:01)
2022 Varfor AI? — mojligheter och utmaningar med Al- Publicerad (Rapport
implementering i det svenska naringslivet 2022:09)
2023 En kvantitativ analys av Al-anvandning och produktivitet i Publicerad (Rapport
foretag 2023:02)
2023 Hur omformar Al naringslivet och hur kan politiken Publicerad (Rapport
utvecklas 2023:04)
2023 Reglering av Al: For lite for sent eller for mycket for tidigt? Publicerad (Rapport
2023:17)
2024 En kartliggning av BDA-anvandning och produktivitet bland Kommande (Q1 2024)
svenska fOretag
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