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Foreword 

This Doctor of Philosophy (PhD) dissertation addressed the academic domains of big data and 

supply chain management (SCM) from a social science perspective. The research was the result 

of a three-year Industrial PhD program1 among the doctoral candidate, University of Southern 

Denmark, and Siemens Gamesa Renewable Energy. The research was affiliated with the research 

program on reducing cost of energy in the offshore wind energy sector through supply chain 

innovation (ReCoE). Further, the PhD program was funded by Innovation Fund Denmark. The 

dissertation was executed in accordance with preliminary defined work packages that included 

emergent developments incorporated as the research program progressed. The collective 

dissertation comprises a paper-based dissertation for which four papers were produced. The 

doctoral candidate led the development and execution of all papers. 

  

                                                 
1 An Industrial PhD project is a three-year industrially focused PhD project. The student is hired by a company and 

enrolled at a university at the same time. The PhD candidate works on the same research project at both places 

(Innovationsfonden, 2019). 
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English summary 

In this PhD dissertation, I examined the technology and concept of big data in the field of 

supply chain management (SCM). SCM is the study of intrafirm and interfirm flows and 

business processes in delivering products and services to end users. Big data is an emerging 

phenomenon, typically expressed through the 5Vs (volume, variety, velocity, veracity, and 

value), that companies are adopting to enhance decision-making practices. Big data is based on 

the premise that increased value can be derived from data to improve supply chain performance 

and competitive advantage. The topic of big data has garnered increased awareness in recent 

years; however, although big data has become a known word, little consensus exists regarding 

the nature of big data. Extant research in this area is underdeveloped, and little is known about 

the concept of big data in SCM. At the same time, companies and practitioners have faced 

challenges regarding managing and creating the value of big data and thus need guidance to learn 

how such value can be created. Therefore, this research was motivated by lack of knowledge 

about the nature of big data in SCM and about how big data value can be created in SCM. More 

specifically, in this PhD study, I examined two research questions: 

 

Research question 1:  How can big data be understood and conceptualized in the domain 

of SCM? 

Research question 2:   How can the value of big data be created in the domain of SCM? 

 

In examining these research questions, the SCM perspectives of intrafirm level and business 

process level were adopted as the scope comprising this dissertation. The scope followed the 

postpositivist paradigm and I adopted qualitative research methodologies for theory-building 

purposes. Subresearch questions were developed in accordance with the two main research 

questions, from which four research articles were developed and written. 

 

Paper 1 was a mixed-method approach (a Delphi study and a survey-based questionnaire) to 

address the terminologies and applications of big data from a practitioner viewpoint, from which 

three findings were derived. First, big data terminology seemed to be more about data collection 

than about data management and data utilization. Second, the application of big data was more 

applicable for logistics, service, and planning processes than for sourcing, manufacturing, and 
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return. Third, supply chain executives seemed to adopt big data slowly. The paper thus 

contributes to extant knowledge by adding practitioners’ perceptions to refine the understanding 

of big data in SCM. In addition, the paper provides guidance regarding where big data can be 

applied in a supply chain operations reference (SCOR) process framework.   

Paper 2 was a content analysis-based literature review to mitigate the weakly understood 

nature of big data by developing a conceptual big data SCM framework. The paper was 

underpinned by value theory and business-process theory. In the paper, I examined seventy-two 

peer-reviewed articles to identify constructs and assimilated measures through the meta-

dimensions of value discovery, value creation, and value capture. In paper 2, I consolidated this 

knowledge to suggest propositions regarding how to understand and realize the value of big data 

in SCM.  

Paper 3 was a case study of a global OEM service provider in which we examined how the 

value of big data can be created in SCM. The research built on the existing theories of business-

process management and IT business value. We identified antecedents important to the value 

creation of big data. Through an iterative content analysis coding procedure, twenty-four types of 

antecedents were identified in human, IT, organizational, performance, process, and strategic 

practices. The conclusions showed that the attributes of IT, organizational, and strategic practices 

changed at the intersection of big data and that the maturity levels of all six practices moderated 

the degree to which the value of big data was created. 

Paper 4 was derived from paper 3 and consisted of an analysis of the same empirical data but 

adopted another coding procedure, through which we examined the value creation of big data 

from an IT alignment perspective. The paper highlighted fifteen alignment practices grouped 

according to different levels of criticality. We identified enabling variables affecting the 

realization of each alignment practice. Four variables (IT-process alignment, IT-performance 

alignment, IT-human alignment, and performance-process alignment) were found to have a high 

criticality toward the value creation of big data. Thus, the integral alignment between IT, 

process, and performance practices were most important, and these elements were moderated by 

various complementary alignment practices.  

 

The collective contributions of the four research papers comprise a theory-building effort to 

clarify the concept of big data in SCM as well as to show how value from big data can be created 
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in SCM. This PhD dissertation contributes a more granular understanding of big data in SCM 

asserting big data as a more well-understood phenomenon. More specifically, the dissertation 

provides a better understanding of the terminologies of big data as well as help identify, define, 

and conceptualize constructs and measures of big data in SCM based on a value discussion. 

Further, the PhD dissertation provides initial effort to understand the mechanisms of how the 

value of big data can be created in SCM, using a holistic and firm-level approach to identify 

antecedents and alignment practices important toward the value creation of big data.  

A total of thirteen findings are provided on how to understand and create the value of big data 

in SCM. The PhD dissertation is constrained by the SCM scopes (intrafirm, business process and 

integration scope), from which the inquiries are conducted and further holds limitations 

regarding the qualitative research methodologies and the subjective assessment of value creation. 

Therefore, the exploratory findings would thus be subject to surveys to validate whether the 

constructs and measures do or do not influence the value creation of big data in SCM. 
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Dansk resumé 

Denne PhD afhandling undersøger teknologien og konceptet big data inden for forsknings- og 

praksisdomænet supply chain management (SCM). SCM består af intra-organisatoriske og inter-

organisatoriske flows og forretningsprocesser til hensigt at levere produkter og services til 

slutbrugeren. Big data er et fremspirende fænomen, der typisk udtrykkes i henhold til de 5 V’er 

(volume, variety, velocity, veracity og value), som virksomheder adopterer for at forbedre 

beslutningsprocesser. Big data har fået stigende opmærksomhed både i praksis og den 

akademiske verden i de seneste år og er baseret på en væsentlig præmis om, at øget værdi kan 

skabes af big data til at forbedre SCM performance og konkurrencefordele. På trods af at big 

data er blevet et ofte benyttet ord er der stadig ikke opnået konsensus omkring, hvad big data 

begrebet består af. Den nuværende forskning på området synes at være sparsom og viden 

omkring big data i en SCM kontekst er begrænset. Samtidig står virksomheder og SCM 

praktikere over for en række udfordringer omkring, hvordan man kan forbedre styring af 

virksomhedens supply chain aktiviteter og den reelle værdiskabelse gennem big data. Der er 

derfor behov for at oparbejde retningslinjer og vejledninger til hvordan denne værdiskabelse kan 

finde sted. Nærværende PhD afhandling er således motiveret af en tilsyneladende begrænset 

forståelse af, hvad der omfattes af big data i en SCM kontekst, og hvordan der kan ske reel 

værdiskabelse gennem big data. Mere specifikt, så undersøger afhandlingen følgende to 

overordnede forskningsspørgsmål:  

 

Forskningsspørgsmål 1:  Hvordan kan big data opfattes og konceptualiseres i SCM? 

Forskningsspørgsmål 2: Hvordan kan værdien af big data skabes i SCM? 

 

Til at undersøge disse forskningsspørgsmål anlægges intra-firm level og business-process 

level SCM perspektiver. Derudover er afhandlingen baseret på det post-positivistiske paradigme, 

hvortil kvalitative forskningsmetoder er benyttet med det formål at oparbejdeteori. Delspørgsmål 

til de to overordnerede forskningsspørgsmål er udviklet, hvoraf fire forskningsartikler er 

produceret som sammen med denne ”kappa” udgør den samlede PhD afhandling.   

 

Artikel 1 omhandler et mixed method studie (Delphi studie og en spørgeskemaundersøgelse) 

til at adressere praktikers og teoretikers perspektiver på terminologier og anvendelsesområder 
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vedrørende big data i en SCM kontekst. Denne artikel fører til følgende tre hovedkonklusioner. 

For det første, så synes big data som fænomen i højre grad mere at omhandle dataindsamling end 

datastyring og dataudnyttelse. For det andet, så synes anvendelsen af big data mere anvendelig i 

logistiske, service og planlægningsprocesser end i indkøbs-, produktions-, og 

returneringsprocesser. For det tredje, synes supply chain ledere at have en træg adoptering af big 

data. Artiklen bidrager dermed med praktikers og teoretikers opfattelse til at opnå en bedre 

forståelse af big data’s terminologi i en SCM kontekst og bidrager med ny forståelse til, hvordan 

big data kan anvendes i en procesorienteret teoretisk ramme.  

Artikel 2 bygger på et omfattende litteraturstudie af big data, hvor dets indhold analyseres 

med det formål at bidrage til en bedre forståelse af big data. Til dette formål udvikles en 

konceptuel big data SCM teoretisk ramme. Artiklen er understøttet af værditeori og procesteori 

og undersøger 72 peer-reviewed akademiske artikler med henblik på at identificere afhængige og 

ikke afhængige variabler gennem meta-kategorierne value discovery, value creation og value 

capture. Artiklen konsoliderer denne viden og foreslår såvel teoretiske som praktiske tilgange til, 

hvordan big data i en SCM kan forstås og realiseres.  

Artikel 3 vedrører et virksomhedsstudie i en serviceforretning til at undersøge, hvordan 

værdiskabelsen af big data kan skabes i en SCM kontekst. Med afsæt i teori om business process 

management og IT business value identificeres forudsætninger til, hvorledes big data kan skabe 

værdi. Artiklen identificerer, ved at gennemføre en iterativ analyseproces, 24 forskellige typer af 

forudsætninger fordelt på menneskelige, IT, organisatoriske, resultat, proces og strategiske 

praksisser. Artiklen konkluderer, at egenskaberne vedrørende IT, organisatoriske of strategiske 

praksisser ændres i takt med at big data udvikles og at modenhedsniveauet for alle seks 

praksisser påvirker graden af, hvorvidt værdien af big data kan skabes. 

Artikel 4 er baseret på samme empiriske data som artikel 3, dog med en anden analysevinkel. 

Artiklen undersøger værdiskabelsen af big data ud fra et IT-alignment perspektiv. Baseret på 

dette perspektiv fremhæver virksomhedsstudiet 15 forskellige alignment praksisser, der 

yderligere grupperes i forhold til forskellige vigtighedsniveauer. Dertil identificeres variabler, 

hvorpå alignment praksisserne kan realiseres. IT–proces alignment, IT–resultat alignment, 

menneskelig–IT alignment og resultat–proces alignment er identificeret som værende de 

vigtigste alignment praksisser i forhold til værdiskabelsen af big data. Dermed er 
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sammenhængende mellem praksisserne IT, proces og resultat mest betydelig, som yderligere er 

påvirket af forskellige andre komplementerende alignment praksisser.  

De samlede bidrag af de fire artikler er en bestræbelse på at ”bygge” teori til bedre at forstå 

big data som et koncept i en SCM kontekst og på at forstå, hvordan værdiskabelsen af big data i 

SCM kan opnås. Resultaterne heraf har betydning for den nuværende forståelse af big data og 

giver et empirisk grundlag på de værdimekanismer forskere og praktikere bør betragte i 

henholdsvis kommende forskning og implementering af big data løsninger. PhD afhandlingens 

bidrag er en uddybende forståelsen af big data og efterlader big data som værende et bedre 

forståeligt fænomen. Mere specifikt, så bidrager afhandlingen til en bedre forståelse af big data 

terminologier og hjælper med at identificere, definere og konceptualisere big data variabler i 

SCM baseret på en værdi diskussion. Endvidere er PhD afhandlingen en indledende indsats på at 

forstå værdiskabende mekanismer for big data i SCM og bygger på et holistisk intra-

organisatorisk tilgang til at identificere forudsætninger og alignment praksisser vigtige for 

værdiskabelsen af big data.  

I alt er tretten konklusioner tilvejebragt på hvordan man kan forstå og skabe værdi af big data 

i SCM. PhD afhandlingens undersøgelser er begrænset af de SCM rammer (intra-organisatorisk, 

forretningsproces and integrations perspektiv), som afhandlingen er afgrænset til og er yderligere 

begrænset af de kvalitative metoder adopteret, samt af den subjektive vurdering af 

værdiskabelse. Derfor bør de kvalitative bidrag benyttes til fremtidige spørgeskemaundersøgelser 

og anden kvantitativ forskning for at validere hvorvidt disse variabler reelt har en effekt på 

værdiskabelsen af big data i SCM.  
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1 Introduction 

This PhD dissertation is involved in the domain of supply chain management (SCM) as a 

social science discipline and addressed the concept of big data as an emerging phenomenon 

within SCM. SCM is the study of intrafirm and interfirm flows and relationships consisting of 

material suppliers, purchasing, production facilities, logistics, marketing, and related systems 

that facilitate the forward and reverse flows of materials, services, finances, and information 

(Stock and Boyer, 2009). Big data is the study of how to manage, process, and analyze the so-

called 5Vs (volume, variety, velocity, veracity, and value) to create actionable insights for 

sustained value delivery, performance measurement, and competitive advantage (Fosso Wamba, 

Akter, Edwards, et al., 2015). Research on SCM has been characterized by its practical 

relevance, where the diverse problems and opportunities in practice have prompted a call for 

theoretical bases and methodologies (Caniato et al., 2018; Coughlan et al., 2016). In recent years, 

some scholars have argued that some research has been produced for the sake of research and not 

for practitioners; the relevance of that research for society has been questioned (Carter, 2008; 

Stentoft and Freytag, 2018). This PhD was an Industrial PhD; therefore, the dissertation 

addressed the practical problems and opportunities of big data in SCM. Thus, I sought to develop 

theory on the concept of big data in SCM that ultimately could help SCM professionals create 

value from big data. This dissertation was motivated by a desire to bridge and balance the gap 

between theoretical and practical relevance in SCM research (Carter, 2008; Mentzer, 2008; 

Stentoft and Rajkumar, 2018).  

This introduction addresses the motivation of this research by providing the motivation, 

relevance, problem statements, research questions, objectives, subresearch questions, and 

research scope. Finally, this chapter provides the structure of the dissertation and a summary of 

chapter 1. 

1.1 General motivation 

This PhD dissertation on the topic of big data in SCM begins with a philosophical 

perspective, which serves as the fundamental motivation for the research project. In light of the 

rapid emergence of technology, information, and communication technologies and given the 

growth of computational capabilities since the mid-1980s, Luciano Floridi introduced the 
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philosophy of information (PI) (Floridi, 2011). PI has two main elements: (a) the critical 

investigation of the conceptual nature and basic principles of information, including its 

dynamics, utilization, and sciences; and (b) the elaboration and application of information-

theoretic and computational methodologies to philosophical problems (Floridi, 2011, p. 14). 

From a social science perspective, PI has been used to investigate problems arising from 

organized systems from a meta-theoretical perspective about how to build knowledge (Floridi, 

2011, p. 13). Thus, information has evolved into a paradigm in its own right because 

“The information revolution has been changing the world profoundly, irreversibly and 

problematically for some time now, at a breathtaking pace and with unprecedented phenomena 

and experiences, provided a wealth of extremely powerful tools and methodologies, raised a 

wide range of unique problems and conceptual issues, and opened up endless possibilities 

hitherto unimaginable. All this calls for conceptual analysis and explorations, and hence the 

development of PI” (Floridi, 2011, p. 19). 

The exponential characteristics of Moore’s law indicate that computer power doubles every 

two years (Brynjolfsson and McAfee, 2014, pp. 40–41), producing high volumes of data that 

have become difficult to process and capitalize upon. Recent technological developments in 

computational power have introduced the term big data to represent the radical evolvement of 

data volumes, varieties, and velocities that need to be managed, processed, and analyzed 

differently (Fosso Wamba, Akter, Edwards, et al., 2015); thus, the significance of PI has been 

reinforced. From a general management perspective, big data is multidisciplinary and includes, 

among other characteristics, organization, operation, marketing, and information management 

disciplines (Sheng et al., 2017). An editorial piece by George et al. (2014) in the Academy of 

Management Journal indicated that big data can radically change social sciences, especially in 

management and organizational research. George et al. (2014) recommended scholars to study 

how such ubiquitous data can generate new sources of value, as well as learning the routes 

through which such value manifests (mechanisms of value creation). Further, scholars should 

clarify how this value is apportioned among the parties and data contributors, entrepreneurs, 

businesses, industries, and governments through new business models and new governance tools, 

such as contracts and licenses (mechanisms of value capture).  



 

3 | P a g e  

 

The indisputable development of information and big data provides valuable opportunities for 

organizations to leverage in the domain of SCM as a means to achieve better decision making 

and ultimately better performance of SCM business processes. Yet profound challenges exist 

regarding conceptualizing big data (Frizzo-Barker et al., 2016; Phillips-Wren et al., 2015; Richey 

et al., 2016; Sivarajah et al., 2017) and realizing its potential value (George et al., 2014; Kache 

and Seuring, 2017; Schoenherr and Speier-Pero, 2015; Sheng et al., 2017). Historically, SCM 

researchers have encountered information as a key construct to help businesses and economies 

evolve. Radical and emergent improvements have been sought through using information to 

improve business outputs. The combination of data, information, knowledge, and wisdom 

represents the hierarchy showing how data are transformed into wisdom, thereby yielding higher 

efficiency (Ackoff, 1989). This hierarchy has been a fundamental, widely recognized but taken-

for-granted model (Rowley, 2007). In fact, the hierarchy has supported decision support systems 

and been a topic of research throughout the history of SCM, starting with material requirements 

planning II (MRP) in the 1980s and, more recently, through Internet-based services—for 

example, information sharing and cloud solutions among entities (Stevens and Johnson, 2016). 

Traditionally, data and information have helped decision makers make decisions, but most 

empowerment has involved improving the competence, knowledge, and intuition of employees 

rather than on generating data-driven insights. Big data represents a new management paradigm, 

wherein intuition and knowledge-based reasoning have been replaced by a discourse reasoning 

based on logic, facts, and evidence and technologies, quantitative methods, as well as decision 

making facilitated through analytics (Mortenson et al., 2015). By advancing analytical 

capabilities, companies can enhance information, insights, and knowledge that could become 

pivotal to business operations and strategic directions. Further, supply chain competencies do not 

rely solely on theoretical, practical, and domain expertise; in addition, companies require 

quantitative and analytical competencies. Consequently, synonyms to the term big data in SCM 

include supply chain analytics (Wang, Gunasekaran, et al., 2016), business analytics (Phillips-

Wren et al., 2015) and SCM data science (Waller and Fawcett, 2013a).  

The importance of advancing knowledge on big data in SCM has been demonstrated in 

operations and SCM journals that have published special issues on big data. Such journals have 

included Production Planning and Control (Papadopoulos et al., 2017), International Journal of 

Operations and Production Management (Fosso Wamba, Ngai, et al., 2017), Computers and 
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Industrial Engineering (Gunasekaran et al., 2016), Production and Operations Management 

(Sanders and Ganeshan, 2018; Singhal et al., 2018), International Journal of Logistics 

Management (Fosso Wamba, Gunasekaran, Papadopoulos, et al., 2018), International Journal 

and Production Economics (Huang et al., 2015), Journal of Business Logistics (Waller and 

Fawcett, 2013b), Annals of Production Research (Fosso Wamba, Gunasekaran, Dubey, et al., 

2018), Journal of Business Research (Irani et al., 2015), Journal of Management Information 

Systems (Chiang et al., 2018), and MIS Quarterly (Chen et al., 2012). In addition, conference 

proceedings have demonstrated the importance of advancing knowledge on big data in SCM. 

Further, a significant increase in published articles on big data in recent years has been 

documented in structured literature reviews (Brinch, 2018; Frizzo-Barker et al., 2016; Lamba 

and Singh, 2017; Mishra et al., 2016; Sheng et al., 2017). However, because big data is an 

emergent concept, knowledge of the field has been dominated by gray literature, in which 

consultancy companies, industrial companies, and industry organizations have published their 

expertise on the topic in reports, webpages, and social media. Although much gray literature has 

been published, representing an expression of practitioner interest and desire for advice on how 

to approach big data in SCM, the knowledge in the gray literature can be questionable because 

the majority of gray literature is not peer-reviewed and rarely includes prior academic knowledge 

(Benzies et al., 2006). Therefore, it is paramount to the knowledge development of big data in 

SCM that researchers produce rigorous academic knowledge.  

The motivation for this research project was to clarify information utilization in SCM through 

the phenomenon of big data. When this PhD research project began, much hype surrounded the 

new phenomenon of big data. However, Frizzo-Baker et al. (2016) noted that big data has 

remained a fragmented, early-stage research domain in terms of theoretical grounding, 

methodological diversity, and empirically oriented work. Further, big data recently passed 

through the initial phase of disillusionment, according to the Gartner Hype Cycle methodology 

(Frizzo-Barker et al., 2016). Overall, the concept of big data in SCM has been confused and, to 

some extent, still is rather confused; rigorous empirical work on its terminology, conceptual 

understanding, and embedded value has been theoretically underdeveloped. This PhD project has 

predominantly taken a qualitative approach within the neo-positivist paradigm (a) to explore and 

understand the conceptual nature of big data value in SCM, and (b) to explore how the value of 

big data can be created in SCM, all from a business-process perspective.  
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1.2 Relevance: big data as a competitive driver 

Companies adopt digital technologies to strengthen operations and SCM practices; however, 

such adoption disrupts the status quo in the pursuit of competitiveness. The McKinsey Global 

Institute published two trend-setting reports. In the first report, authors explained how big data 

can be the next frontier for innovation, competition, and productivity. Big data creates value in 

terms of creating transparency; discovering needs, exposing variability, and improving 

performance; segmenting to customize actions; replacing and supporting human decision making 

with automated algorithms; and innovating new business models, products, and services 

(Manyika et al., 2011). The second report presented twelve disruptive technologies that could 

transform business, including mobile Internet, automation of knowledge work, the Internet of 

Things (IoT), and cloud technologies. These disruptive technologies have been directly enabled 

or enhanced by the use of information technology and its data utilization, in which big data is an 

embedded component of the majority of disruptive technologies (Manyika et al., 2013).  

Researchers have investigated the effects of big data on modern SCM practices. For example, 

McAfee and Brynjolfsson (2012) found that data-driven decisions were better decisions—data-

driven companies on average were 5% more productive and 6% more profitable, compared to 

their competitors. Similarly, Lavalle et al. (2011) found that top-performing organizations were 

twice as likely to apply analytics to their activities, and top-performing companies used insights 

to guide strategies and day-to-day operations. In fact, digitally transformed companies were four, 

nine, eight, and ten times more likely to capture, aggregate, analyze, and disseminate information 

well, respectively. Further, Kiron et al. (2011) found that a growing divide existed between 

company leaders who saw the value of business analytics and were transforming their companies 

to take advantage of these newfound opportunities, compared to those who had yet to embrace 

them. Kiron et al. (2011) further found that such transformed companies used analytics more 

widely, thus building a data-oriented culture and gaining competencies in information 

management, analytics, and data tools.  

Research surveys have been conducted to assess how big data value creation and value 

capture lead to competitive advantages, business growth, and firm performance. Chen et al. 

(2015) used dynamic capability theory and a TOE framework (technological, organizational, and 

environmental factors) to discover that big data analytics use had significant impacts on asset 

productivity and business growth among U.S. companies. Côrte-Real et al. (2017) studied 
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European firms through knowledge-based views and dynamic capability theory and concluded 

that big data analytics enhanced organizational agility by integrating external knowledge with 

internal knowledge. They further concluded that big data analytics initiatives could lead to better 

operational efficiency. In fact, several paths could lead to competitive advantage. For example, a 

study among Chinese companies’ IT managers showed a positive relationship between big data 

and firm performance—thus, big data analytics capabilities could enhance competencies and 

increase the robustness of business processes, compared to competitors, resulting in better 

financial and market performance (Fosso Wamba, Gunasekaran, et al., 2017).  

From an SCM point of view, the value of big data can be obtained in a wide range of strategic 

and operational SCM applications. Strategic big data applications include strategic sourcing, 

supply chain network design, and product design and development. Operational applications are 

embedded in demand planning, procurement, production, inventory, and logistics (Wang, 

Gunasekaran, et al., 2016). The benefits of big data in SCM include better and more informed 

decision making, increased visibility, improved supply chain risk management, decreased costs, 

enhanced bargaining position, and improved supply chain efficiencies (Schoenherr and Speier-

Pero, 2015). In addition, Kache and Seuring (2017) discovered opportunity constructs on 

corporate and supply chain levels, which on an overarching level includes supply chain visibility 

and transparency, operations efficiency and maintenance, and integration and collaboration.  

Thus, big data solutions can be used to manage and improve operational processes by 

unlocking the value in data, thereby enabling organizations to exploit and leverage the power of 

the technology to create sustainable competitive advantage (Matthias et al., 2017). Big data and 

its analytics are viewed as strategic assets on which companies can capitalize (Barton and Court, 

2012; Brown et al., 2011; Demirkan and Delen, 2013; Wang, Gunasekaran, et al., 2016). 

Researchers have documented incentives showing why companies should incorporate big data 

into their operations. The future of SCM practices might be remarkably different from modern 

practices. Technological solutions will likely be implemented into business processes to use the 

vast amount of data available for improved outputs, competitive advantages, and higher profits. 

Matthias et al. (2017) said, 
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“If information is “know what”, knowledge is “know why”. Knowledge permits decision 

making, enabling the selection of a particular action from a range of possibilities and leads to the 

“know how” to improve operational performance and create competitive advantage” (p. 39). 

 

This quotation is one of many examples of the somehow dogmatic stance of those embracing 

the big data concept—that is, the perception that big data can be used to increase value, 

performance, and competitive advantages. Such a stance has been validated in some studies (e.g., 

Côrte-Real et al., 2017; Lavalle et al., 2011; McAfee and Brynjolfsson, 2012). 

1.3 Problem statements and research questions 

Despite the importance and potential impact of big data on SCM practices, the domain of big 

data has been largely unexplored. Scholars have proposed many research directions to extend 

current knowledge regarding big data in SCM (e.g., Fosso Wamba, Ngai, et al., 2017; Mishra et 

al., 2016; Phillips-Wren et al., 2015; Wang, Gunasekaran, et al., 2016). On an overarching level, 

the landscape of future research themes in SCM was explored by asking over one hundred SCM 

researchers to provide guidelines on areas of focus for researchers to pursue (Wieland et al., 

2016). Surprisingly, Wieland et al. (2016) found that big data, analytics, and IT digitalization 

were overestimated research themes, despite the growing number of big data articles, journals 

publishing special issues on big data, and the many research directions proposed. SCM 

researchers have seemed divided regarding the news value of big data—some expressed 

skepticism that big data should be considered a new SCM construct. Nonetheless, researchers 

have concluded that analytics and decision making possess future research potential because 

advances in data science have been rapidly emerging, revealing a need to make better sense of 

the “sea of data” to reduce complexities and enhance supply chain integration (Wieland et al., 

2016).  

The problem statement for this PhD dissertation focuses on two shortcomings in literature 

considered fundamental in developing the field. The first problem addressed in this study was 

that practitioners do not properly understand the concept and terminology of big data in SCM. 

The second problem was that practitioners do not properly understand how to create value of big 

data in SCM. These two problem statements are elaborated on in the next subsections. 
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1.3.1 Problem 1: Conceptualizing big data in SCM 

The first problem statement is an antecedent of the second problem statement. Notably, before 

discussing how the value of big data can be created, the concept of big data needs to be clear. 

Big data is a new and emerging phenomenon; scholarly publications on the topic have 

dramatically increased since 2012 (Frizzo-Barker et al., 2016). Big data articles in the field of 

SCM first appeared in 2013 (Brinch, 2016). Big data derives from business intelligence, business 

analytics, applications, and technologies that span several domain areas (Chen et al., 2012; 

Wixom et al., 2014). However, the entry of big data is not well understood, and for many, big 

data is a buzzword for smarter, more insightful data analysis to understand business 

environments at a more granular level (Davenport et al., 2012). For example, Figure 1.1 shows 

how executives have defined big data, indicating the different perceptions regarding the nature of 

big data. Twenty-eight percent defined big data as a massive growth in transaction data, 24% 

defined big data as technologies coping with the big data challenges, 19% defined big data as 

requirements in storing and achieving data, 18% defined big data as an explosion of new data 

sources, and 11% defined big data as something else (Gandomi and Haider, 2015). 

 

 
Source: Gandomi and Haider (2015) 

Figure 1.1 Definitions of big data based on an online survey of 154 global executives in 

April 2012 

 

Several researchers have similarly noted the different perceptions toward big data. For 

example, a contributor wrote about big data in an MIS Quarterly editorial comment: 

Massive growth of 
transaction data, including 

data from customers and the 
supply chain; 

28%

New technologies designed 
to address the volume, 

variety, and velocity 
challenges of Big Data; 

24%

Requirement to store and 
archive data for regulatory and 

compliance; 
19%

Explosion of new data sources 
(social media , mobile device, 

and machine-generated devices); 
18%

Some other definition; 
11%
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“I find that in industry, there is a considerable gap in the understanding of the area, its 

challenges, and its potential. Except for a few large companies, especially information intensive 

ones like Linkedin, Facebook, and Google, executives of most corporations and midmarket 

companies are struggling with understanding and deciding what to do” (Goes, 2014, p. 3) 

 

The quote illustrates the lack of consensus on the definition of big data, especially in the SCM 

domain. In this regard, Richey et al. (2016) conceived big data as a new SCM construct; 

however, no central grounding of the term, dimensions, and issues currently exists related to big 

data in supply chain research. In interviews with supply chain managers, the authors found that 

the discussion of big data may be confounded by a lack of clearly differentiated and interpreted 

terms (Richey et al., 2016). However, a variety of definitions and viewpoints toward big data 

exist because myriad terms and interpretations surround the advent of a business world that is 

becoming increasingly data-driven (Carillo, 2017). Most definitions refer to the 5Vs of big data 

(volume, variety, velocity, veracity, and value); however, some critics have questioned if all 

conditions of the Vs need to be met to qualify as big data—that is, is it big data when only one or 

some of the Vs are featured (Roden et al., 2017)? Other definitions have been more technical, 

encompassing the analytics perspective through the advancement of analytic techniques such as 

predictive analytics and data mining, which are related to business intelligence and business 

analytics (Chen et al., 2012; Goes, 2014; Gupta et al., 2015). Other researchers have defined big 

data as supply chain analytics (Wang, Gunasekaran, et al., 2016) and SCM data science (Waller 

and Fawcett, 2013a). Overall, an array of terms and variables have been used to describe the big 

data concept (Mauro et al., 2016). Consequently, big data in SCM has been weakly 

conceptualized, leading to a lack of understanding regarding the nature of big data in an SCM 

setting, for both academia and practice. This gap in knowledge represents the first problem 

statement of this PhD dissertation.  

The above definitions are generic in nature and have not been converted into a thorough 

concept in SCM. The objective of this PhD dissertation was not to develop yet another 

definition; rather, it was to bridge the concept and constructs of big data toward the perspective 

of SCM. The lack of understanding and conceptualization of big data in SCM has been 

problematic because it constrains how theory can help supply chain professionals create value 



 

10 | P a g e  

 

from big data. Without a clear understanding of the issues, opportunities, and practices, different 

SCM success factors may be reported in studies. Further, theoretical confusion has constrained 

knowledge and theory development concerning big data and its value. Therefore, the 

conceptualization of big data in SCM was a needed antecedent to address the second problem 

statement regarding how value from big data can be achieved in SCM. The first research 

question guiding this PhD dissertation was as follows: 

 

Research question 1:  How can big data be understood and conceptualized in the domain 

of SCM? 

1.3.2 Problem 2: Creating value from big data in SCM 

The inherent value of big data is profound; it is widely agreed that big data comprises an 

emerging organizational asset that companies can harness and capitalize on to set new 

performance standards. Existing literature has primarily focused on unfolding the potential value 

and multifaceted dimensions of big data as well as on clarifying the challenges that come with it. 

However, the central challenge remains unlocking the knowledge within data to facilitate better 

decision making and thus enhance operational performance. However, the perception that “the 

more data gathered, the better the decision making” is too simplistic; in fact, not much is known 

about how big data value can be achieved (Matthias et al., 2017).  

Previous researchers have thoroughly described challenges related to big data. Table 1.1 

displays a sample of these challenges, issues, and barriers observed in literature. Further 

challenges have also been written about (Chen and Zhang, 2014; Fosso Wamba, Akter, Edwards, 

et al., 2015; Li et al., 2015; Manyika et al., 2011; McAfee and Brynjolfsson, 2012; Papadopoulos 

et al., 2017; Sivarajah et al., 2017; Zhong et al., 2016). The table shows that the multiple 

challenges of big data are attributable to its complexities and its disruption of business models, 

strategies, and other practices. The magnitude of challenges can be difficult to grasp. Big data 

does not only bring challenges related to data collection, data management, and data utilization 

but also covers other firm-level aspects because it spans several practices. Yet, there is little 

knowledge about how to overcome these challenges to realize the value of big data. Further, the 

challenges have ranged from strategic issues (e.g., organizational changes, the development of 

strategies, business cases, and capabilities) to tactical issues (e.g., governance structure, system 
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integration, and applications development) to operational issues (e.g., lack of data, data quality, 

and analytic techniques).  

 

Table 1.1 An overview of challenges related to big data in SCM 

Source: Own development 

 

Editors of the Academy of Management Journal proposed the need for management scholars 

to address mechanisms of value creation and mechanisms of value capture related to big data 

Reference Challenges, issues, and barriers 

Kache and Seuring (2017) Corporate level challenges: IT capabilities and infrastructure, business strategy 

and objective, Information management, talent management and HR Cultural 

change, transformational change, information and cyber security, financial 

implications, ethical and managerial implications 

 

Supply chain level challenges: governance and compliance, integration and 

collaboration, business strategy and objective, IT capabilities and infrastructure, 

talent management and HR, financial implications, transformational change, 

information and cyber security, information management, cultural change, ethical 

and managerial implications 

 

Schoenherr and Speier-Pero 

(2015) 

Lack of data, inability to identify most suitable data, security concerns, lack of 

upper management support, unclear business case or value, privacy/confidentiality 

issues, lack of policies and governance structure, inability to make sense of 

available data, no need/not necessary/no benefit, overwhelming and difficult to 

manage, cost of currently available solutions, lack of integration with current 

systems, employees are inexperienced, change management issues, lack of 

appropriate solutions for SCM, current applications unable to meet business 

needs, time constraints 

 
Richey et al. (2016) SC systems integration, improved forecasting/decision making, human capital, 

risk and security governance, storage, operational efficiency, partner transparency, 

one version of the truth, climbing the learning curve, customer orientation 

 

Mishra et al. (2017) To deal with diversified data types (variety), timely response requirements 

(velocity), uncertainties in the data (veracity), applications to handle both semi-

structured and unstructured data, insufficient data sources, to identify the 

difference between reliable and unreliable data, identify its area of applications 

 

Vidgen et al. (2017) Data quality, permissions platform, value sharing, data partnerships, 

anonymization and retention policies, public and private value, legislation and 

regulation, corporate analytics strategy, organizational change, team structure, 

deep domain knowledge, academic partnering, ethics process, agility, explore and 

exploit, data scientist personal attributes, data scientist skills, data scientist as 

‘bricoleur’, acquisition and retention, visualization as story-telling, technology 

selection   

 

Frizzo-Barker et al. (2016) Lack of skill-sets, lack of tools, privacy concerns, labor, legality, integration of 

new technical tools required to collect, store, analyze and use big data, talent 

issues, technology issues, incentives making, cost versus benefit, validation of 

data, dealing with data complexities 
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(George et al., 2014). Initial steps toward how to overcome these challenges have been 

suggested—for example, conducting new project management practices (Dutta and Bose, 2015), 

implementing procedures and SCM applications (Sanders, 2016), and adopting a supply chain 

analytics maturity framework (Wang, Gunasekaran, et al., 2016). Further, survey research has 

emerged to test certain big data constructs and their effects on firm performance (e.g., Fosso 

Wamba, Gunasekaran, et al., 2017; Ji-fan Ren et al., 2017; Müller and Jensen, 2017). From an 

SCM perspective, the cross-functional aspect is an apparent capability through which integration 

among business processes avoids silo practices among business functions. The proposed initial 

steps comply with the need to address the cross-functional aspect of overcoming challenges and 

creating value from big data (e.g., Gunasekaran et al., 2017; Wang, Gunasekaran, et al., 2016). 

However, in-depth insight into using big data for business process purposes is not available, and 

the effects of big data on current practices are not well covered by existing literature. 

Further, a general shortcoming referred to in literature involves lack of empirical insights 

(Brinch, 2018; Frizzo-Barker et al., 2016; Mishra et al., 2017). Mishra et al. (2017) conducted a 

bibliographic study on big data and assessed the most influential articles; almost all articles were 

conceptually based, lacking a research method and empirical data. Such tendency has been 

confirmed in other literature reviews (Brinch, 2018; Frizzo-Barker et al., 2016). The present 

discussion leads to the second problem statement addressed in this PhD dissertation. The 

problem focuses on how value from big data can be created in SCM. To respond to these issues, 

the following research question guided this inquiry: 

 

Research question 2:   How can the value of big data be created in the domain of SCM? 

1.4 Research objectives, sub-research questions and articles 

Although data have always been an embedded part of SCM practices through the alignment of 

information flows and activity flows, big data seems to have made a profound entry into the 

business environment—in fact, companies are now embedded in a big-data environment. As 

previously stated, the motivation of this research was to seek theoretical and practical relevance; 

thus, through theory building, the findings may help company leaders overcome the challenges 

of creating value from big data. Based on the two problem statements and research questions, the 

overarching objective was to build theory to help students and SCM professionals understand big 
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data as a concept and discover how big data value in SCM can be created. With reference to the 

research questions and problem statements, two subobjectives were defined: 

 

Objective 1: To create a conceptual foundation on big data and its terminology 

in SCM.  

Objective 2: To identify the mechanisms of big data value creation in SCM 

 

To meet these objectives, this PhD was structured into four research papers, each guided by a 

research question meeting one or both objectives (Figure 1.2). As the figure shows, paper 1 and 

paper 2 were produced in accordance with objective 1 (conceptualization) and included elements 

in accordance with objective 2 (value creation). Papers 3 and 4 were specifically produced in 

accordance with objective 2. In this dissertation, each paper covers the theoretical problems and 

research gaps in detail. For the purpose of this introductory chapter, the main theoretical gaps 

appear in this subsection to support the subresearch questions.  

 

 
Source: Own development 
Figure 1.2 Visual display of articles, sub-research questions, and objectives 

 

Paper 1, the applications paper, was intended to explore the terminologies and applications of 

big data from a practical point of view. As noted, many definitions and viewpoints exist 

Objective 1 

Conceptualization 

Objective 2 

Value creation 

Paper 1 

Applications paper 
 

RQ 1.1 & RQ 1.2 

Paper 4 

Alignment paper 
 

RQ 2.3 & RQ 2.4 

Paper 2 

Framework paper 
 

RQ 1.3 

Paper 3 

Antecedent paper 
 

RQ 2.1 & RQ 2.2 
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regarding big data, and SCM practitioners have different perceptions and understandings of big 

data (Gandomi and Haider, 2015; Richey et al., 2016; Roden et al., 2017). The application of big 

data in SCM has been rather elusive; thus, practitioners need to understand the supply chain 

questions that can be addressed by big data (Schoenherr and Speier-Pero, 2015). Additionally, 

even though studies on SCM applications of big data have been completed (e.g., Sanders, 2016; 

Wang, Gunasekaran, et al., 2016), empirical insights are not well represented. The exploration of 

terminologies is a first step toward conceptualization, and the exploration of applications is a 

first step toward discovering where big data value in SCM can be applied. The following 

subresearch questions were raised to provide an empirical perspective to terminologies and 

applications of big data in SCM: 

 

Research question 1.1:  What consensus can be drawn on the terminology of big data in 

SCM based on an empirical perspective? 

Research question 1.2:  What consensus can be drawn on the application of big data in 

SCM based on an empirical perspective? 

 

Insights regarding terminologies are not enough for conceptualization purposes. In paper 2, 

the framework paper, I sought to bridge big data constructs and SCM constructs to mitigate the 

apparently weakly understood nature of big data’s value in SCM (Fosso Wamba, Ngai, et al., 

2017; Frizzo-Barker et al., 2016; Goes, 2014; Richey et al., 2016; Roden et al., 2017; Waller and 

Fawcett, 2013a). Conceptualization thus involved the identification and definitions of constructs 

and measures through which concepts have been operationalized. To the best of my knowledge, 

this exercise had not so far been addressed and thus remained an important step in maturing 

knowledge regarding big data in SCM. Additionally, only two articles have incorporated the 

value perspective of big data (George et al., 2014; Sheng et al., 2017). However, neither study’s 

authors explained, adopted, and studied the concept of value in the research design. Paper 2 

addressed both objective 1 and objective 2 to bridge big data and SCM theory as well as to 

integrate the value dimension. Accordingly, the following subresearch question was raised: 

 

Research question 1.3:  How should big data’s value in SCM be conceptualized? 
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Paper 3, the antecedents paper, represented an empirical effort to address the multiple 

challenges to using big data previously outlined in extant literature. Previous researchers have 

predominantly focused on what questions (e.g., Kache and Seuring, 2017; Lamba and Singh, 

2017; Sheng et al., 2017); thus, the more challenging question of how business value and supply 

chain performance are achieved from big data has not been well addressed. Initial results have 

shown that cross-functional aspects are needed to overcome the challenges (Sanders, 2016; 

Wang, Gunasekaran, et al., 2016) but have not properly addressed how to actually achieve this 

goal. Further, based on the perspective that information (that builds on data) has always been an 

embedded part of SCM practices (e.g., see the SCM definitions of Mentzer et al., 2001; Stevens 

and Johnson, 2016; Stock and Boyer, 2009), it was interesting to inquire how big data has 

affected current practices. In paper 3, I examined the required firm-level antecedents as 

mechanisms for the value creation of big data, in terms of the following subresearch questions: 

 

Research question 2.1:  What are the firm-level antecedents required to create value from 

big data in SCM? 

Research question 2.2:  How have these firm-level antecedents and their practices been 

affected by big data? 

 

Paper 4, the alignment paper, built on the same research motivation that underpinned paper 3. 

Paper 4 was intended to address the value creation of big data from an alignment perspective. 

Research adjacent to big data, that is, research on business-process management theory and IT 

business-value theory, has included IT, information management, and business-process 

management as interdependent constructs. In particular, researchers studying IT business value 

have discussed how alignment regarding IT and other firm-level practices affects performance 

(Kohli and Grover, 2008; Melville et al., 2004). In this regard, alignment is a matter of creating 

fit between IT and other organizational practices (Cao, 2010; Jacks et al., 2011; Wiengarten et 

al., 2013). Paper 4 built on this view by promoting the alignment of big data in SCM toward 

other firm-level practices. I present the following subresearch questions: 
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Research question 2.3:  What alignment practices exist in a big-data environment, and 

which alignment practices are critical in creating value from big 

data? 

Research question 2.4:  What are the enabling variables operating toward the realization of 

such alignment practices in the context of the value creation of big 

data? 

1.5 Research scope 

This section provides a brief description of the scope comprising this PhD dissertation. The 

domains of SCM and big data can be defined and understood in multiple ways; thus, no 

consensus exists. In chapter 2, sections 2.1 and 2.2 provide a rich description of these domains. 

Moreover, as previously stated, numerous research directions have been suggested in existing 

literature that could support the research questions and objectives stated. Therefore, it is essential 

to expand on the four main research scope decisions made for this PhD dissertation. 

• Focal-firm perspective. A supply chain can include several perspectives—for example, a 

downstream perspective toward customers, an upstream perspective toward suppliers, a 

focal-firm perspective, and a full supply chain perspective covering downstream, 

upstream, and internal perspectives (Lambert and Cooper, 2000; Lambert and Enz, 2017). 

This PhD dissertation comprised a focal-firm perspective, based on the idea that the 

challenges regarding big data must first be managed and overcome internally before 

addressing the external challenges and opportunities. This perspective has been 

exemplified through the steps of supply chain integration (Stevens, 1989; Stevens and 

Johnson, 2016).  

• Business-process perspective. According to Ellram and Cooper (2014), SCM can be 

categorized as a process, as a discipline, as a philosophy, as a governance structure, and as 

a function. The scope of this PhD dissertation comprised a business-process perspective, 

which is well regarded in central SCM conceptualizations—for example, Porter’s value 

chain (Porter and Millar, 1985), the supply chain operations reference model (Stewart, 

1997), and the global supply chain forum model (Lambert et al., 1998).  

• Strategic–tactical perspective. As depicted in Table 1.1, multiple challenges regarding 

big data have been reported, ranging from strategic to tactical to operational challenges. 
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This PhD dissertation cannot cover all types of challenges. Therefore, I addressed the 

contributory aspects of strategic and tactical challenges that were considered influential in 

helping companies establish strategies, capabilities, and practices that are antecedents 

required before operational challenges can be solved.  

• Big data management perspective. Several challenges exist for practitioners who 

develop big data analytics techniques capable of coping with the dynamics of volume, 

variety, and velocity of data (Chen and Zhang, 2014; Yaqoob et al., 2016). However, the 

scope of this PhD dissertation involved how big data value can be realized from a 

managerial and business process perspective, excluding the core information science 

regarding big data analytics techniques. 

 

Based upon these scope decisions, the unit of analysis addressed in the dissertation was the 

intrafirm business processes, examined from a strategic–tactical and managerial orientation. 

1.6 Structure of the dissertation 

After this introduction, this PhD dissertation contains four additional chapters covering the 

topics of theory (chapter 2), methodology (chapter 3), and papers 1 through 4 (chapter 4). The 

final chapter is a conclusion (chapter 5). In chapter 2, I define and elaborate on SCM and big 

data and describe the theoretical underpinnings used for each paper. Chapter 3 provides 

discussions of the theory of science. I explain how a methodological fit was secured, provide 

details on the research methods, and assess the quality criteria and reflections of the methods. 

Chapter 4 presents the abstracts and development processes for the papers, which comply in 

length and format to journal standards. Chapter 4 closes with the full manuscript of each paper. 

Finally, chapter 5 concludes the dissertation with a research summary addressing the research 

questions, in which I discuss theoretical implications, highlight practical implications, and 

outline general limitations and avenues for future research. References and appendices are 

provided at the end.  
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1.7 Chapter summary 

This introductory chapter provided the motivation, relevance, problem statements, research 

objectives, research questions, and research scopes comprising this PhD dissertation. To 

summarize, the objectives of this research were (a) to create a conceptual foundation for the 

study of big data and its terminology in SCM, and (b) to identify the mechanisms of big data 

value creation in SCM. These objectives were examined through four research papers intended to 

address several subresearch questions. Paper 1 is the application paper, paper 2 is the framework 

paper, paper 3 is the antecedents paper, and paper 4 is the alignment paper. In this dissertation, I 

balance practical and theoretical relevance by developing theory that can help SCM professionals 

understand big data in SCM and learn how value from big data in SCM can be created. Finally, 

the scopes comprising this dissertation included a focal-firm perspective, a business-process 

perspective, a strategic–tactical perspective, and a big-data management perspective.  
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2 Theory 

The chapter on theory provides a holistic view of the four articles in this PhD dissertation and 

encompasses their contributions to theory. In each article, I state the choice of theory, describe 

the theories, describe the use of theories, and discuss the theories related to the research findings. 

However, in this chapter, I will not rewrite what is already stated in the articles, although certain 

overlaps cannot be avoided. This chapter provides additional insights into the key theoretical 

domains of SCM and big data and provides an overview of the underpinning theories used, 

thereby embracing the four articles as a collective dissertation. 

This PhD dissertation was supported by two theoretical domains, namely, supply chain 

management and big data, which are the primary theoretical streams to which this PhD 

dissertation contributes. In the context of theory, supply chain management literature is decades 

old; in contrast, literature on big data is only a few years old. Nonetheless, common consensus 

regarding definitions and perspectives is lacking among scholars for both literature streams. 

Therefore, it is important to explain and define both theoretical domains to clarify the scope and 

contributions of this PhD dissertation.  

2.1 Supply chain management 

Supply chain management (SCM) is supposed to deliver key competitive capabilities related 

to cost, flexibility, quality, delivery, innovation, time, delivery speed, and delivery reliability 

(Chen and Paulraj, 2004). Thus, SCM is a multifaceted domain encompassing a variety of 

disciplines, all of which claim ownership of SCM. However, as mentioned, consensus is lacking 

on the definition of SCM (Burgess et al., 2006). Consequently, there is no such thing as a 

“unified theory of SCM” (Halldorsson et al., 2007). One reason for this may be that SCM as a 

discipline has evolved through the development and integration of other disciplines—for 

example, logistics, marketing, production, and finance (Ballou, 2007); thus, depending on 

viewpoint and educational background, scholars’ and practitioners’ definitions of SCM tend to 

vary.  

From a logistics perspective, SCM has evolved from the integration of purchasing and 

materials management activities, which can be further combined with the physical distribution of 

products as well as with elements of marketing and sales, strategic planning, information 
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services, and finance (Ballou, 2007; Mentzer et al., 2008). The logistics viewpoint is that SCM 

consists of the elements of supply chain structure (participating firms along the supply chain), 

business processes (intra- and interorganizational processes), and management components (e.g., 

planning, control, product structure, measurement system, culture, and product/information flow 

structure; Cooper et al., 1997). The term SCM has been viewed somewhat more broadly than has 

the term logistics. Logistics is generally viewed as occurring within the company, although 

logistics managers handle flows between the company and its suppliers and customers; in 

contrast, SCM includes logistical flows, customer order management, production processes, and 

information flows necessary to monitor all the activities at the supply chain nodes (Lummus et 

al., 2001). 

From a marketing perspective, SCM focuses on elements such as marketing and logistics, 

marketing and manufacturing, integration of SCM and marketing processes, quick response, 

agile supply-chain management, and demand-chain management, thus including levels of 

corporate, customers, suppliers, and marketing/supply integration (Jüttner et al., 2010). The 

marketing view of SCM is predominantly a relational view. Marketing plays a critical role. SCM 

facilitates the synergy of intra- and intercompany integration and management, dealing with total 

business-process excellence and representing a new way of managing the business and 

relationships with other members of the supply chain (Lambert and Cooper, 2000).  

From the operations perspective, SCM is an interfirm orientation extending beyond focal-

company boundaries. In contrast, the manufacturing aspect represents an internal orientation 

within the focal firm itself (Rudberg and Olhager, 2003). While still including the distribution 

and customer focus, the operational perspective further emphasizes buyer–supplier relationships 

as a dyad (Chen and Paulraj, 2004). Mentzer et al. (2008) suggested a view of SCM that 

encompasses logistics, marketing, and production as embedded components within an operations 

management discipline inside the firm. SCM has been viewed as an application of analytical 

tools and frameworks used to improve business processes that cross organizational boundaries. 

Additionally, the concept of service supply chains has been introduced as an operations 

management discipline (Wang et al., 2015). 

Finally, the financial perspective view comprises the idea that a supply chain can deliver 

shareholder value—for example, by using the popular measure of economic value added (EVA), 

that is, operating profits minus the true cost of capital (Christopher and Ryals, 1999). Part of this 
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view rests on a focus on delivering customer value, analyzing total costs, and analyzing 

profitability on segments (Lambert and Burduroglu, 2000). 

The multifaceted understanding of SCM has been further expressed in the domain of 

academic journals (Table 2.1). In this regard, journals typically represent viewpoints related to 

sourcing SCM, operations SCM, logistics SCM, marketing SCM, and general SCM. Further, 

some journals are devoted to certain conferences or schools (e.g., IPSERA, EurOMA, CSCMP, 

and IMP). Thus, SCM can be conceptualized differently depending on the viewpoints of the 

researchers and on the types of journals and schools with which the researchers have engaged. 

The scopes encompassing this PhD dissertation did not favor any specific SCM school, and as 

such, this PhD dissertation addressed a general SCM perspective, although the discussion 

inclined toward the operations and logistics view and thus targeted attendees and readers of these 

types of SCM conferences and journals.  

  

Table 2.1 SCM journal overview 

Sourcing SCM journals 

IPSERA school 

Operations SCM journals 

EurOMA and POMS 

school 

Logistics SCM journals 

CSCMP and NOFOMA 

school 

Marketing SCM 

IMP school 

– International Journal of 

Procurement 

Management 

– Journal of Purchasing & 

Supply Management 

– Journal of Operations 

Management 

– International Journal of 

Operations and 

Production Management 

– Production Planning and 

Control 

– Production and 

Operations Management 

– International Journal of 

Productions Economics 

– International Journal of 

Production Research 

– International Journal of 

Physical Distribution and 

Logistics Management 

– Journal of Business 

Logistics 

– The International Journal 

of Logistics Management 

– Journal of marketing 

– Industrial Marketing 

Management 

– Journal of Marketing 

Research 

General SCM journals 

– Supply Chain Management: An International Journal 

– Journal of Supply Chain Management 

Abbreviations: IPSERA - International Purchasing and Supply Education and Research Association, EurOMA - 

European Operations Management Association, POMS - Production and Operations Management Society, CSCMP 

- Council of Supply Chain Management Professionals, NOFOMA - The Nordic Logistics Research Network, and 

IMP - Industrial Marketing and Purchasing 

Source: Own development 

 

Stentoft et al. (2018, pp. 39–41) noted that SCM can be split into an internal perspective, a 

dyadic perspective, a chain perspective, and a network perspective. In a recent systematic 
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literature review in the Journal of Supply Chain Management, Ellram and Cooper (2014) listed 

the following perspectives of SCM: 

• The process perspective, which encompasses activities or processes versus the 

relationships in supply chains; 

• The discipline perspective, which focuses on whether SCM is a separate domain or area of 

study in its own right; 

• The governance structure perspective, which covers the boundaries between firms, 

ownership types, and relationships among members of the supply chain; 

• The philosophy perspective, which relates to the firm’s orientation and the way the firm 

integrates supply chain implications throughout organizational decisions; and 

• The function perspective, which focuses on whether SCM is a functional area in its own 

right.  

 

As noted, the consequence of the different perceptions toward SCM is a lack of consensus on 

common definitions of SCM. Depending on the purposes and scopes of journal articles, SCM has 

been adopted as logistics and SCM, operations and SCM, marketing and SCM, or simply as 

SCM as a stand-alone domain. SCM can be understood from an interorganizational perspective, 

from an intraorganizational perspective, or from both perspectives, as illustrated by these well-

acknowledged SCM definitions: 

1. “The management of a network of relationships within a firm and between interdependent 

organizations and business units consisting of material suppliers, purchasing, production 

facilities, logistics, marketing, and related systems that facilitate the forward and reverse 

flow of materials, services, finances and information from the original producer to final 

customer with the benefits of adding value, maximizing profitability through efficiencies, 

and achieving customer satisfaction” (Stock and Boyer, 2009, p. 706) 

2. “a set of three or more entities (organizations or individuals) directly involved in the 

upstream and downstream flows of products, services, finances, and/or information from a 

source to a customer, (and return)”(Mentzer et al., 2001, p. 4) 

3. “the systemic, strategic coordination of the traditional business functions and the tactics 

across these business functions within a particular company and across businesses within 
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the supply chain, for the purposes of improving the long term performance of the 

individual companies and the supply chain as a whole” (Mentzer et al., 2001, p. 18). 

4. “the management of upstream and downstream relationships with suppliers and customers 

in order to deliver superior customer value at less cost to the supply chain as a whole” 

(Christopher, 2011, p. 3). 

 

As noted, different definitions of SCM exist (see e.g., Croom et al., 2000; Gibson et al., 2005; 

Ho et al., 2002; Lummus and Vokurka, 1999; Stentoft et al., 2018). Researchers should position 

their research in accordance with their SCM perspective. In this regard, three research levels of 

SCM are displayed in Figure 2.1: (a) the examination of functional level phenomena, (b) the 

examination of the relationships among intrafirm functional phenomena, and (c) the examination 

of the relationships among interfirm supply chain phenomena (Mentzer et al., 2008). 

 

 

Source: Mentzer et al. (2008) 

Figure 2.1. A hierarchy of research focus (Mentzer et al., 2008) 

2.1.1 Scopes of SCM encompassing this PhD 

Based on the views presented regarding perspectives and definitions of the domain of SCM, 

no one perspective correctly constitutes or defines the SCM domain. In this PhD dissertation, I 

Operations management 

Logistics Marketing 

Production 

Level 1 

Functional level 

Level 2 

Intra-firm level 

Level 3 

Inter-firm level 

The 

supply 

chain 

Supply chain management 

The 

firm 



 

24 | P a g e  

 

viewed SCM as an all-encompassing domain involving various perspectives, although not all the 

perspectives could be included in this research. Therefore, instead of settling on a specific 

definition of SCM, different scopes of SCM were selected to support the purpose of this PhD 

dissertation, comprising the intrafirm scope, business-process scope, and integration scope. 

2.1.1.1 Intrafirm scope 

This PhD dissertation encompassed a focal-firm scope. According to Mentzer et al. (2008), 

the focal-firm perspective positioned this research toward the examination of the relationships 

among intrafirm functional phenomena. The logic behind this decision stemmed from the idea 

that big data is a new and emerging phenomenon, and companies have faced severe challenges in 

managing and creating value from big data. In accordance with many SCM maturity models, the 

premise of the focal-firm perspective is to manage internal aspects before addressing external 

aspects (see e.g., Garcia Reyes and Giachetti, 2010; Lahti et al., 2009; Lockamy and 

McCormack, 2004; Söderberg and Bengtsson, 2010), which also is exemplified through the steps 

in achieving supply chain integration (Stevens, 1989). Consequently, to overcome the challenges 

with big data and to create value, it is paramount for companies to address the intrafirm 

challenges before addressing interfirm challenges. The intrafirm scope includes the elements 

embedded in the functional levels; these topics are addressed at an abstract level. Additionally, 

the intrafirm scope is not completely internal—the scope also includes aspects regarding how 

supplier and customer flows can be managed (Lummus et al., 2001). 

2.1.1.2 Business-process scope 

Based on the SCM categorization by Ellram and Cooper (2014), in this PhD dissertation, I 

chose to take the stance of a business-process scope toward SCM. Despite various 

conceptualizations of SCM, the element of business processes has remained consistent. Stock 

and Boyer (2009) found activities associated with SCM occurred most often in SCM definitions, 

which have contained two subthemes: (a) material/physical, finances, services, and information 

flows; and (b) networks of internal and external relationships. Burgess et al. (2006) reported a 

similar finding after reviewing one hundred SCM articles, the majority of which framed SCM in 

the form of process. Further, Cooper et al. (1997) showed business processes as a core element in 

their SCM conceptual framework. Notably, the business-process stance is well regarded and 
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illustrated in several SCM frameworks, including Porter’s value chain (Porter and Millar, 1985), 

the supply chain operations reference model (Stewart, 1997), and the global supply chain forum 

model (Lambert et al., 1998). Although these conceptual frameworks are rather old, they have 

significantly shaped understanding of the SCM domain and prompted the view of SCM as an 

integrated stance between business functions and entities.  

This PhD dissertation was intended to clarify the conceptualization of big data as well as to 

show how big data value can be realized in SCM. Literature on business processes was central to 

this PhD dissertation, implemented in different degrees in the four articles. To encompass SCM 

as a process-based view had the advantage that the implications of this research cut across 

various SCM perspectives, thereby allowing findings and implications to span more than one 

perspective. For example, findings on a business-process level can be analytically generalized 

toward an interfirm level as well as toward function-level elements such as logistics, marketing, 

and production. 

2.1.1.3 Integration scope 

In a business-process stance toward SCM, the attribute of integration is closely related. 

Therefore, the integration aspect is an underlying stance throughout the articles in this PhD 

dissertation. Business processes are by nature cross-functional, linking, aligning, and crossing 

functional boundaries to meet business objectives. Stevens and Johnson (2016) defined supply 

chain integration, a foundation to SCM, as “the alignment, linkage, and coordination of people, 

processes, information, knowledge, and strategies across the supply chain between all points of 

contact and influence to facilitate the efficient and effective flows of material, money, 

information, and knowledge in response to customer needs” (p. 22). Further, supply chain 

integration includes the elements of governance, organization structure, systems, relationship 

management, business strategy, process design, and performance management (Stevens and 

Johnson, 2016). Thus, SCM contains a series of other factors that link, align, and integrate with 

one another and is not just a matter of having a business-process orientation.  

Supply chain integration contains different levels of “arcs of integration,” spanning from a 

narrow inward integration to a broad external integration (Frohlich and Westbrook, 2001). Both 

internal and external integration have shown positive and significant correlations with firm 

performance (Leuschner et al., 2013). Given the intrafirm scope selected, the narrow arc of 
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integration was adopted for this PhD dissertation. The logic was that integration can break down 

functional silos; however, inward processes must first be effectively management and integrated 

before addressing outward processes (Min and Mentzer, 2004). In this regard, supply chain 

integration has been discussed in terms of having a supply chain orientation, which is an 

intrafirm capability concerned with creating fit between SCM strategy and SCM structure (e.g., 

organizational design, human resources, information technology, and organizational 

measurement; Esper et al., 2010). Proponents of the supply chain orientation viewpoint have 

argued for the importance of internal structural elements in achieving effective external supply 

chain exchange. In addition, firms that are more organized around business processes are more 

likely to embrace integration (Esper et al., 2010). In terms of the focus on big data through the 

scope of business processes, important elements enabling supply chain integration consist of 

physical flow, information flow, processes, information technologies, and information systems 

(Fabbe‐Costes and Jahre, 2008; Gunasekaran and Ngai, 2004; Power, 2005; Trkman et al., 

2007). In this PhD dissertation, the integration stance reflected a scope that was more holistic 

than simply focusing on the business-process attribute, thereby also addressing other intrafirm-

level aspects that affect the value creation of big data in SCM. Thus, this PhD dissertation 

reflected a strategic focus rather than a business-process model focus.  

2.2 Big data 

Chapter 1 provided some insight into the nature of big data. However, it seems that limited 

common grounding on the concept of big data exists (Goes, 2014; Phillips-Wren et al., 2015; 

Richey et al., 2016). The theoretical domain of big data contains several dimensions. In this 

section, I discuss the development of big data, the Vs of big data, definitions and schools of big 

data, analytic taxonomies, big data frameworks, and research themes. The purpose of this section 

is thus to equip readers with a more granular understanding of the big data concept by providing 

an overview of the elements comprising big data.  

2.2.1 Relating big data to industry 4.0 and digitalization 

Nowadays, big data is not the only emerging technological concept currently shaping and 

reshaping SCM practices. Larger agendas are keeping pace. Business leaders have been tackling 

the major trends of industry 4.0, digitalization, and the embedded technologies that come with 
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the trend (Oesterreich and Teuteberg, 2016). In fact, this agenda has been labeled the fourth 

industrial revolution—industry 4.0 (Lasi et al., 2014; Liao et al., 2017). Industry 4.0 can be 

described as the increasing digitization and automation of the manufacturing environment as well 

as the creation of a digital value chain to enable the communication between products and their 

environment and business partners (Oesterreich and Teuteberg, 2016). In addition, the term 

industry 4.0 refers to cyber-physical systems and smart factories, which include big data 

technologies but also several other emerging technologies, such as the Internet of Things, 

wireless sensor networks, cloud computing, embedded systems, mobile Internet, and cloud 

technologies (Wang, Wan, et al., 2016). Further, industry 4.0 activities are highly data-

dependent—the business environment is interconnected and thus shares information with other 

components, thereby enabling fast, accessible information in any operation (Schlechtendahl et 

al., 2015). The digital perspective includes the rethinking of current operations from new 

perspectives enabled by digital technology. Company leaders have been considering digital 

transformations with the goal of increasing internal efficiency and exploiting external 

opportunities presented by the disruption of current business roles (Parviainen et al., 2017). In 

this regard, IT organizations should restructure their resources and focus on operational 

excellence by redesigning processes (Kohli and Johnson, 2011). To leverage digitalization, a 

firm must increase its digital maturity; effective digital strategies are less about implementing the 

right technologies and more about reconfiguring businesses to take advantage of the information 

these technologies enable (Kane et al., 2015).  

With this background, big data should be considered in the larger context of industry 4.0 and 

digitalization, wherein big data is one of several embedded technologies that all depend on each 

other. This research focuses solely on the concept of big data and contributes to the larger 

agendas of industry 4.0 and digitalization.  

2.2.2 Preceding development to big data 

The use of IT systems, data, and information has existed for many decades. Mortenson et al. 

(2015) introduced the paradigm of “dianoetic management,” which is the development of 

management based on logic and evidence rather than on “gut feeling”. This paradigm emerged in 

the early 1900s; practitioners sought to make available data, tools, and analyses to provide the 

evidence that could allow decision makers to access discursive evidence as a supplement to their 
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intuition and experience for more effective decision making (Mortenson et al., 2015). Six periods 

of this paradigm are displayed in Figure 2.2, ranging from the early scientific management of 

Taylorism to modern analytics. Mortenson et al. (2015) noted that the term analytics was coined 

by Kohavi et al. (2002), who highlighted the drivers of verticalization (the creation of bespoke 

software for more industries); increased accessibility of models to different business users; 

analysis tools better integrated into information systems; cross-functional use in different 

business silos; and uses in performance management.  

 

 

Source: Own development based on Mortenson et al. (2015) 

Figure 2.2. Historical perspective on the dianoetic management paradigm 

 

Another historical perspective showed three waves of IT-driven competition: (a) the 1960s to 

1970s reflected automation of individual activities in the value chain, from order processing and 

bill paying to computer-aided design and manufacturing resource planning; (b) the 1980s to 

1990s showed the rise of the Internet; and (c) in the 2000s, IT was becoming an integral part of 

the product itself, thus transforming current competitive forces (Porter and Heppelmann, 2014). 
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Chen et al. (2012) offered a similar view, categorizing the evolutions in terms of business 

intelligence and analytics 1.0, 2.0, and 3.0, developing from structured content, unstructured 

content, and mobile and sensor-based content, respectively. Finally, the topic of big data 

emerged in the 2010s (Bi and Cochran, 2014; Chen et al., 2012). Across these periods of IT 

evolutions, gradual developments of technologies and technical requirements have increased 

steadily through the phases of standalone applications, desktop applications, web applications, 

rich Internet applications, and, finally, big data applications (Yaqoob et al., 2016).   

2.2.3 The 5Vs of big data 

Scholars have described and referred to the 5Vs of big data (volume, variety, velocity, 

veracity, and value; e.g., Fosso Wamba, Akter, Edwards, et al., 2015; Gandomi and Haider, 

2015; Goes, 2014; Günther et al., 2017; Janssen et al., 2017; Opresnik and Taisch, 2015; 

Phillips-Wren et al., 2015). The 5Vs highlight the attributes of big data.  

Volume. The volume attribute refers to the rapid exponential growth of data volumes in the 

business world, measured in zettabytes (Yaqoob et al., 2016). Since 2000, data storages have 

shifted from analog to digital, accompanied by a rapid increase in computation capacities to 

handle the growth of data (Manyika et al., 2011, p. 19).   

Variety. The variety attribute refers to the variety in data formats and the variety in data 

sources. Traditionally, data have been structured within databases and in rows and columns. Big 

data can also be unstructured, comprising data from myriad sources —for example, photos from 

a mobile phone; maps from a GPS device; video from a surveillance camera; audio from a call 

center; and e-mails, tweets, and text messages (Galbraith, 2014). Moreover, increased access to 

data sources has altered information flows to a so-called big data chain that comprises multiple 

data sources, variations in flows, and multiple decisions (Janssen et al., 2017).  

Velocity. The velocity attribute refers to the frequency of data generation, the frequency of 

data delivery, or both (Fosso Wamba, Akter, Edwards, et al., 2015). Velocity is a firm’s ability to 

process data successfully at a high speed. A study of the effects of data volume, variety, and 

velocity on the bullwhip effect showed that relative to volume and variety, velocity had the 

greatest potential to enhance performance (Hofmann, 2017).  

Veracity. The veracity attribute refers to the need to deal with imprecise and uncertain data 

(Gandomi and Haider, 2015). Thus, the high volumes, high varieties, and high velocities of data 
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come with different data qualities, which need to be managed to have reliable data. Sivarajah et 

al. (2017) found that veracity is more than data quality—veracity is also about understanding the 

data and coping with biases, doubts, imprecision, fabrications, messiness, and misplaced 

evidence in the data.  

Value. Finally, the value attribute refers to how an enterprise can exploit big data so that 

added value can be created (Opresnik and Taisch, 2015). Moreover, the value attribute is the 

extent to which big data generates economically worthy insights or benefits through extraction 

and transformation. Extraction and transformation can come through creating transparency; 

enabling experimentation to discover needs, expose variability, and improve performance; 

segmenting populations to customize actions; replacing and supporting human decision making 

with automated algorithms; and innovating new business models, products, and services (Fosso 

Wamba, Akter, Edwards, et al., 2015). 

2.2.4 Definitions and schools of big data 

Researchers have paid much attention to the nature and definition of big data. A review of big 

data literature showed that researchers have proposed varied definitions of big data (Frizzo-

Barker et al., 2016): 

• Size of data (rapid growth in heterogeneous massive data) 

• Business tool (extracting commercial value from data, uncovering new patterns of 

customer behavior) 

• 3Vs (volume, variety, velocity) 

• IT tools/new tools needed for managing huge size of data shift in architecture/new 

approach to understanding data 

• 4Vs (volume, variety, velocity, veracity) 

• Interplay of technology, analysis, and mythology (cultural, social, scholarly phenomenon) 

• 5Vs (volume, variety, velocity, veracity, value) 

 

These definitions reveal multiple aspects of big data. In fact, big data has been defined in 

several ways (Table 2.2). Further, SCM-related big data definitions have referred to SCM data 

science, SCM predictive analytics, and supply chain analytics (Table 2.3). Based on my own 
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examination of these definitions, three different types of big data schools have been identified, 

including  

• In a big data analytics school, educators focused specifically on the analytics perspective, 

embracing analytic methods and advanced techniques to cope with the Vs of big data.  

• In a big-data environment school, leaders adopted a wider perspective of big data, namely, 

that big data was a holistic approach to capture the value of big data, thus addressing big 

data as a big-data environment comprising a broader view toward big data.  

• In a big-data SCM school, leaders focused on SCM practices by integrating the dimension 

of big data with SCM concepts and theories.  

 

Table 2.2 Big data definitions 

Reference Big data definitions 

Mauro et al. (2016) Big data is the information asset characterized by such a high volume, velocity and 

variety to require specific technology and analytical methods for its transformation 

into value. 

 

Fosso Wamba et al. (2015) ‘big data’ as a holistic approach to manage, process and analyze 5 Vs (i.e., volume, 

variety, velocity, veracity and value) in order to create actionable insights for 

sustained value delivery, measuring performance and establishing competitive 

advantages. 

 
Gartner IT glossary (2018) Big data is high-volume, high-velocity and/or high-variety information assets that 

demand cost-effective, innovative forms of information processing that enable 

enhanced insight, decision making, and process automation. 

 

Richey et al. (2016) Big data in SCM should be characterized as structured and unstructured 

relationship-based information unique to business because of its volume, velocity, 

variety, and veracity. 

 

Kache and Seuring (2017) Big data analytics can be defined as the application of advanced statistics to any 

kind of stored electronic communication. 

 

Duan and Xiong (2015) Big data is an all-encompassing term for any technique to handle the challenges of 

large data sets. These challenges include capture, storage, transfer, sharing, search, 

analysis and visualization.  

Source: Own development 

 

For this PhD dissertation, two schools—the big-data environment school and the big data 

SCM school—were adopted; the premise was that big data stems from a holistic perspective; 

therefore, big data should be integrated with SCM theory. To contextualize big data toward the 

focus of this PhD dissertation, the perspective on big data is that modern business processes 

occur in a big-data environment, from which volumes, varieties, and velocities of data can be 
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integrated. From this perspective, big data provides new and enhanced input to business 

processes for improving business-process outputs. Hence, business processes have multiple 

informational opportunities showing how decision making can be improved—such opportunities 

were not available before the entry of big data. To take advantage of these opportunities does not 

necessarily require advanced analytic capabilities but may simply involve integrating more data 

sources into the business process. Thus, using quantitative and qualitative methods from a 

variety of disciplines in combination with SCM theory may help solve SCM problems (Waller 

and Fawcett, 2013a).  

 

Table 2.3 Related definitions to big data 

Reference Related definitions to big data 

Waller and Fawcett (2013a) SCM data science is the application of quantitative and qualitative methods from a 

variety of disciplines in combination with SCM theory to solve relevant SCM 

problems and predict outcomes, taking into account data quality and availability 

issues. 

 

Waller and Fawcett (2013a) SCM predictive analytics use both quantitative and qualitative methods to improve 

supply chain design and competitiveness by estimating past and future levels of 

integration of business processes among functions or companies, as well as the 

associated costs and service levels 

 
Wang et al. (2016) Supply chain analytics: Big data analytics implies two perspectives: big data (BD) 

and business analytics (BA). BD refers to high-volume, high-velocity, and high-

variety sets of dynamic data that exceed the processing capabilities of traditional 

data management approaches. BA is the study of the skills, technologies, and 

practices used to evaluate organization-wide strategies and operations continuously 

to obtain insights and guide the business planning of an organization. 

Source: Own development 

2.2.5 Analytic techniques and decision making 

Big data analytics greatly influence current practices. Researchers have included in big data 

applications the elements of forecasting, inventory management, revenue management, 

marketing, transportation, supply chain management, and risk analysis (Choi et al., 2018). 

Further, applications of strategic sourcing, supply chain network design, product design, demand 

planning, procurement, and production have been identified (Wang, Gunasekaran, et al., 2016). 

In fact, researchers have suggested big data is applicable across all stages of the product life 

cycle (Li et al., 2015). To provide more insight into the phenomenon of big data, Table 2.4 

shows an overview of different taxonomies and definitions of analytic techniques that should be 
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applied toward the different application areas. The considerable advancement of these techniques 

has produced a variety of platforms and tools to cope with characteristics of big data. Each type 

of platform has its own capabilities; some are designed for batch processing with little human 

interaction, others for real-time analytics, and some even manage both capabilities or have 

adopted multiple data sources for analytics (Chen and Zhang, 2014; Choi et al., 2018). Examples 

of such analytics platforms include (a) Tableau, a tool used for visualizing data intuitively; 

(b) Hadoop, a well-established software platform that supports data-intensive distributed 

applications; (c) S4, a general-purpose data warehouse providing distributed, scalable, fault-

tolerant, pluggable computing platform for unbounded streams of data; (d) SAP HANA, an in-

memory analytics platform providing real-time analysis on business processes; and (e) SQL and 

NoSQL databases, which can be either column-based databases or dynamic schema for 

unstructured data giving users drill-down options into information (Chen and Zhang, 2014).   

In the pursuit of utilizing these big data analytics techniques, Chen and Zhang (2014) further 

advocated seven principles for designing big data analytics systems:  

1. Good architectures and frameworks are necessary and top priority,  

2. A variety of analytical methods should be supported,  

3. No size fits all,  

4. Bring the analysis to data,  

5. Processing must be distributable for in-memory computation,  

6. Data storage must be distributable for in-memory storage, and  

7. Coordination is needed between processing and data units.  

 

These principles show the difficulty and complexity in designing big data systems. 

Consequently, mastering advanced analytic techniques is not adequate to unlock the value within 

data, but requires a series of other IT capabilities. 
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Table 2.4. Analytics techniques and descriptions 

Analytic 

techniques Description Reference 

Statistics Is the science to collect, organize, and interpret data. Statistical 

techniques are used to exploit correlations and causal relationships 

between different objectives. 
 

Chen and Zhang (2014) 

Choi et al. (2018)  

Yaqoob et al. (2016) 

Statistical 

analysis 

Statistical techniques include two types of techniques: qualitative and 

quantitative. Qualitative methods, based on subjective judgment of 

consumers or experts, are appropriate when past data are not available. 

Quantitative approaches are used to make predictions as a function of 

past data. 
 

Wang et al. (2016) 

Simulation Modeling and simulating complex systems as it focuses on the 

interrelationship between supply chain operations and emphasizes the 

analysis on integral data associated with supply chain integration. 

Wang et al. (2016) 

   

Optimization Analyze highly complex dynamic systems with huge data volumes, 

multiple constraints and factors, and can gain insights that allow decision 

makers to make appropriate decisions. A standard analytical approach to 

finding the optimal (or near-optimal) solutions in quantitative decision-

making problems. 
 

Choi et al. (2018) 

Wang et al. (2016) 

Yaqoob et al. (2016) 

Data mining Is a set of techniques to extract valuable information (patterns) from 

data, including clustering analysis, classification, regression and 

association rule learning. 
 

Chen and Zhang (2014) 

Choi et al. (2018)  

Yaqoob et al. (2016) 

Machine 

learning 

Is the subjection of artificial intelligence aimed to design algorithms that 

allow computers to evolve behaviors. The most obvious characteristic of 

machine learning is to discovery knowledge and make intelligent 

decisions automatically. 
 

Chen and Zhang (2014) 

Choi et al. (2018)  

Yaqoob et al. (2016) 

Descriptive 

analytics 

involves the summarization and description of knowledge patterns using 

simple statistical methods, such as mean, median, mode, standard 

deviation, variance, and frequency measurement of specific events in BD 

streams. 
 

Sivarajah et al. (2017) 

Wang et al. (2016) 

 

Predictive 

analytics 

Is concerned with forecasting and statistical modelling to determine the 

future possibilities based on supervised, unsupervised, and semi-

supervised learning models. 
 

Sivarajah et al. (2017) 

Wang et al. (2016) 

 

Prescriptive 

analytics 

Determines cause-effect relationship among analytic results and business 

process optimization policies. Thus, for prescriptive analytics, 

organizations optimize their business process models based on the 

feedback provided by predictive analytic models. 
 

Sivarajah et al. (2017) 

Wang et al. (2016) 

 

Visualization 

approaches 

Are the techniques used to create tables, images, diagrams and other 

intuitive display ways to understand data. 
 

Yaqoob et al. (2016) 

Web mining Discover usage patterns from large web repositories 
 

Yaqoob et al. (2016) 

Social 

network 

analysis 

Views social relationships in terms of network theory, and it consists of 

nodes and ties 

Yaqoob et al. (2016) 

Source: Own development 
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Even though analytics is an embedded part of big data, analytics is only one influence in 

decision making. Several procedures and framework have been provided as a data value chain or 

decision-making process. In fact, this idea is not new. Hazen et al. (2014) adopted an analogy 

between product and data manufacturing processes. In this analogy, a product manufacturing 

process and a data manufacturing process comprise the steps of input, process, and output. In this 

work, especially, the importance of data quality was emphasized in terms of the dimensions of 

accuracy, timeliness, consistency, and completeness (Hazen et al., 2014). In the context of 

decision making, the steps embedded in a big data value chain include data collection, data 

preparation, data analysis, and decision making (Janssen et al., 2017). The data preparation 

aspect was added because of the complexity in data, which need to be cleaned and prepared for 

further analysis. In addition, data visualization was valuable during data analysis and decision 

making (Chen and Zhang, 2014).  

However, the steps may not be as straightforward as they appear. Bi and Cochran (2014) 

embraced the big data concept in an Internet of Things (IoT) context through data collection, 

data management, and data utilization, consisting of connecting users (e.g., human, computers, 

and robots) with Internet, RFID, sensors, data storages, and data analytics applications in various 

utilization areas (e.g., sales prediction and lean production). The IoT aspect uses cloud solutions 

to acquire data from many data sources, online storage, and transfer opportunities; data users 

develop different tools to analyze the retrieved data and extract knowledge to support decision-

making activities (Bi and Cochran, 2014). Another framework regarding big data is a service-

oriented decision-support system encompassing the components of data sources, data 

management, data services, information services, analytics services, information delivery, 

information management, operations management, servers, and software (Demirkan and Delen, 

2013).  

Indeed, similar to any other information flow, big data is concerned with the flow of data, 

information, and knowledge. A synthesis of the views discussed thus far is provided in Figure 

2.3, representing the data-to-decision value chain of big data and the process by which data 

(“input”) is turned into information (“manufacturing”) and knowledge (“output”) for decision 

making. To enable the data-information-knowledge process, firms’ capabilities of data 

management and information are required to cope with the complexity derived from big data. 
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Further, the Internet of Things allows connectivity among systems, databases, sensors, analytic 

platforms, and ERP systems, among others, for the users of data, information, and knowledge. 

 

 
Source: Own development 

Figure 2.3 Big data’s data-to-decision value chain 

2.2.6 Research themes  

As an emerging phenomenon, big data has prompted a significant number of research 

directions. These directions have been based on different perspectives and theoretical 

underpinnings; however, much remains to be explored and tested. Based on the proposed 

research directions in Table 2.5, researchers have proposed research in four groups.  

Group 1 refers to systems, tools, and analytics. As the volume, variety, velocity, and veracity 

have defined big data, traditional systems, tools, and analytic techniques have been unable to 

cope with the characteristics of big data. Consequently, researchers have suggested research 

directions related to data sources, data preparation, data storage, analysis, data access and usage, 

big data management, and governance (Phillips-Wren et al., 2015). Other suggestions have 

highlighted the importance of data quality, decision-support systems, and database integrations 

(Demirkan and Delen, 2013; Hazen et al., 2014). Suggestions for big data analytics have focused 

on descriptive, predictive, and prescriptive methods designed to support supply chain purposes 

(Hazen et al., 2016; Wang, Gunasekaran, et al., 2016). Moreover, to overcome the challenges 

involved in discovering valuable insights in big and diverse datasets, applied tools for big data 

analysis and various data mining applications such as machine learning and optimization models 

should be developed before new insights can generate value for supply chain decisions (Mishra 

et al., 2016). 
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Group 2 refers to decision making and supply chain applications. The overall purpose of 

deploying big data initiatives is to improve decision making throughout the supply chain. 

Therefore, researchers have acknowledged significant interest regarding which supply chain 

applications can gain the advantage of big data insights. Fundamental applications have been 

identified as being either strategic or operational, focusing on, for example, strategic sourcing, 

supply chain network design, demand planning, procurement, and logistics (Wang, Gunasekaran, 

et al., 2016). Other potential applications such as e-commerce, risk management, relationship 

management, after-sales service, and human resources have been identified (Hazen et al., 2016). 

In a special journal issue, Gunasekaran et al. (2015) recapped the state of research, calling for big 

data theory building in SCM as a general topic and listed topics ranging from performance 

management systems, forecasting models, supply chain agility, and predictive maintenance to 

ethical supply chain, among many others. In addition, the decision-making process was noted as 

a relevant research topic (Fosso Wamba, Akter, Edwards, et al., 2015). 

Group 3 represents aspects of strategy, management, innovation, and implementation. To 

trigger a broader discussion on the topic of big data in management, George et al. (2014) 

introduced mechanisms for value creation and value capture and proposed investigating 

organizational strategies and behaviors. As big data theories have emerged, the big data concept 

has been found in business models, operational strategies, and even in specific big data strategies 

in which innovation topics have been proposed (Hazen et al., 2016). Further, topics such as 

leadership, talent management, company culture, and implementation issues have been 

considered relevant for future research (Fosso Wamba, Akter, Edwards, et al., 2015). 

Finally, group 4 refers to research design and research perspectives. In relation to research 

design, suggestions concerning the choice of method have been made. Researchers have 

expressed an overall sentiment that exploratory research is needed to understand the big data 

phenomenon (Frizzo-Barker et al., 2016). More specifically, authors of several articles 

emphasized that empirical contributions are needed and that research should be conducted in 

real-life cases of companies that have already implemented big data solutions (Frizzo-Barker et 

al., 2016; Phillips-Wren et al., 2015; Richey et al., 2016). In addition, a few researchers have 

suggested quantitative methods to document the relationship between big-data implementations 

and supply chain performance (Hazen et al., 2016; Wang, Gunasekaran, et al., 2016). Another 

approach for research at different levels of analysis was suggested. Fosso Wamba et al. (2017) 
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listed research topics for decision making that involved strategic, tactical, and operational 

research questions. Further, research questions were proposed on process, firm, supply chain, 

and societal levels. Researchers have recommended using different organizational theories, for 

example, resource-based theory, knowledge-based theory, systems theory, contingency theory, 

and institutional theory (Hazen et al., 2014; Waller and Fawcett, 2013a). 

 

Table 2.5 Proposed research for big data in SCM in extant literature 

Reference Title Journal Proposed research topics 

Demirkan and 

Delen (2013) 

Leveraging the capabilities of 

service-oriented decision support 

systems: Putting analytics and big 

data in cloud 

Decision Support 

Systems 

Big data outsourcing, decision support systems (DSS), 

distributed collaboration of DSS, data security, data 

replication, data integration, failure recovery, integration 

of database and business intelligence tools, contentious 

analytics, affordable analytics for masses 

Fosso Wamba et 

al. (2015b) 

How ‘big data’ can make big 

impact: Findings from a 

systematic review and a 

longitudinal case study 

International Journal 

of Production 

Economics 

Leadership, talent management, technology and tools, 

information eco-systems, company culture, data privacy, 

business value, decision making process, big data 

implementation 

Fosso Wamba et 

al. (2017) 

Guest editorial: Transforming 

operations and production 

management using big data and 

business analytics: Future research 

directions 

International Journal 

of Operations and 

Production 

Management 

Operational decision-making, tactical decision-making, 

strategic decision-making, process-level analysis, firm-

level analysis, supply chain-level analysis, societal-level 

analysis 

Frizzo-Barker et 

al. (2016) 

An empirical study of the rise of 

big data in business scholarship 

International Journal 

of Information 

Management 

Empirical research, big data techniques, practical 

applications, consistent concepts and conventions 

George et al. 

(2014) 

Big data and management Academy of 

Management Journal 

Data as a new source for value, strategies, behaviors, 

business process dynamics and opportunities, purchasing, 

mobile applications, social media, value creation, value 

capture 

Gunasekaran et al., 

(2015) 

Special issue on big data and 

predictive analytics application in 

supply chain management 

Computers & Industrial 

Engineering 

Exploring moderating linkages, revisiting organizational 

theory e.g. resource based view, coordination 

mechanism, supply chain risk models, ethical supply 

chain, performance measurement systems, dynamic 

supply chain network, forecasting models, supply chain 

design, supply chain agility and adaptability, resilient 

supply chain, dynamic supply chain alignment, supply 

chain security, service systems, storage services, machine 

learning for inventory predictions, logistics, knowledge 

integration, maintenance prediction 

Hazen et al. (2014) Data quality for data science, 

predictive analytics, and big data 

in supply chain management: An 

introduction to the problem and 

suggestions for research and 

applications 

International Journal 

of Production 

Economics 

Data quality in the perspectives of: resource-based-view, 

knowledge-based-view, systems theory, organizational 

information processing view 



 

39 | P a g e  

 

Reference Title Journal Proposed research topics 

Hazen et al. (2016) Back in business: operations 

research in support of big data 

analytics for operations and 

supply chain management 

Annals of Operations 

Research 

Descriptive analytic methods, predictive analytic 

methods, prescriptive analytic methods, supply chain 

risk, empirical testing of frameworks and business 

models, new technologies, firm integration, information 

sharing, demand fluctuation, supply chain infrastructure, 

innovation, data collection, strategy implementation, e-

commerce, omni-channel logistics, big data techniques, 

performance prediction, decision-making support, virtual 

production, triple bottom line savings, customer service 

levels   

Mishra et al. 

(2016) 

Big Data and supply chain 

management: a review and 

bibliometric analysis 

Annals of Operations 

Research 

Conceptualization of big data and analytics, big data and 

SCM, big data tools and algorithms, big data applications 

in healthcare, big data and forecasting, data mining and 

applications 

Mortenson et al. 

(2015) 

Operational research from 

Taylorism to terabyte: A research 

agenda for the analytics age 

European Journal of 

Operational Research 

Leveraging big data volumes, utilizing new data 

architectures, incorporating unstructured data, streaming 

data and real-time analytics, visualizing data, operational 

research/management science and the wider ecosystem 

Phillips-Wren et 

al., (2015) 

Business analytics in the context 

of big data: A roadmap for 

research 

Communications of the 

Association for 

Information Systems 

Data sources, data preparation, data storage, analysis, 

data access and usage, big data management and 

governance 

Waller and 

Fawcett (2013) 

Data science, predictive analytics, 

and big data: A revolution that 

will transform supply chain design 

and management 

Journal of Business 

Logistics 

Forecasting, inventory management, transportation 

management, human resources, customer and supplier 

relationship management, transaction cost economics, 

resource-based view, contingency theory, resource 

dependency theory, agency theory, institutional theory 

Wang et al. (2016) Big data analytics in logistics and 

supply chain management: Certain 

investigations for research and 

applications 

International Journal 

of Production 

Economics 

Organizational and supply chain performance, descriptive 

analytics, predictive analytics, prescriptive analytics, 

supply chain analytics for strategic and operational 

applications, supply chain analytics maturity, sustainable 

supply chain analytics, business analytic capabilities, 

business analytic performance, feedback mechanisms, 

validation process 

Richey et al. 

(2016) 

A global exploration of big data in 

the supply chain 

International Journal 

of Physical Distribution 

& Logistics 

Management 

Firm performance, resource value, leveraging benefits 

between companies, integrating systems, supply chain 

relationships, operational outputs, strategic outputs, risk, 

security, power asymmetry   

Source: Own development 

 

To summarize, many research opportunities exist in big data in SCM. This PhD dissertation 

addressed all four groups of research directions from the perspective that each research direction 

was important to clarify big data as well as to discern how big data value can be achieved. 

However, not all research directions were answered because of the scopes selected and research 

questions asked.  

2.3 Theoretical underpinnings 

It is evident that big data is an emerging phenomenon comprising its own literature stream; in 

fact, big data is considered a stand-alone construct because of its disruptiveness to current 
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practices and its dissimilar characteristics regarding traditional use of data (Davenport et al., 

2012). A review of literature on big data showed that adjacent research and consecutive theories 

have not been much used. However, despite this lack, the use of data and IT is not new and has 

been an embedded SCM practice since its origin. For example, Davenport and Short (1990) 

identified IT capabilities and IT benefits (e.g., transactional, analytical, and informational) and 

argued that the awareness of big data should influence process designs. The lack of extant 

theories has perhaps been why SCM researchers have viewed big data as an overestimated 

research theme (Wieland et al., 2016). Based on this perspective, this PhD dissertation integrated 

adjacent and preceding theories for theory building purposes, matching the research questions 

addressed in papers 1 through 4, covering business process theory, value theory, IT business-

value theory, and alignment theory. All four papers were based on big data in SCM as the 

primary literature stream. Figure 2.4 shows the integration of theories toward the different 

papers:  

• Paper 1 adopted a process-oriented framework for analyzing the application of big data. 

• Paper 2 adopted business-process theory and value theory for conceptualization purposes 

and to introduce research propositions regarding how big data value can be created in 

SCM. 

• Paper 3 adopted theory on business-process management and IT business value to provide 

an initial set of antecedents and practices to be further explored using empirical data. 

Further, the conceptual big data SCM framework from paper 2 was adopted to establish an 

interview guide. 

• Paper 4 adopted alignment theory as a derived discussion from IT business-value theory to 

clarify the critical alignment practices of big data, based on the practices and antecedents 

identified in paper 3. 

 

Therefore, the contributions of each paper were supported by adjacent and consecutive 

theories. This approach followed the neo-positivist logic, wherein insights into extant knowledge 

and literature are desirable (Yin, 2015, pp. 22, 106). In each article, I discuss theories in terms of 

definitions, use, and implications for current and future research. In this section, therefore, I only 

briefly describe each underpinning theory and discuss why these theories were adopted. 
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Generally, adopting and integrating these theoretical underpinnings with the study of big data in 

SCM was a novel research approach. 

 

 

Source: own development 

Figure 2.4 Theoretical underpinnings for `big data and SCM´ theory building 

2.3.1 Business-process theory 

In each paper, I adopted a business-process perspective toward understanding the value 

creation of big data in SCM. Therefore, it was paramount to discuss the key dimensions within 

business-process theory. Business processes are a set of logically related tasks performed to 

achieve a defined business outcome, wherein a set of business processes forms a business system 

comprising two characteristics: (a) they have internal or external customers, and (b) they cross 

functional boundaries, generally independently of organizational structure (Davenport and Short, 

1990). Business processes are understood as having an input, an activity, and an output; 

business-process theory contains the concepts of total quality management (TQM), business 

process reengineering (BPR), and business process management (BPM; Armistead and Machin, 
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1997; Hammer, 2010; Nadarajah and Kadir, 2014). In particular, the concept of BPM has been 

adopted in SCM, understood as a structured approach to analyze and continually improve 

fundamental activities such as manufacturing, marketing, communications, and other major 

elements of a company’s operations (Zairi, 1997). A supplementary view encompasses BPM as a 

customer-focused approach to the systematic management, measurement, and improvement of 

all company processes through cross-functional teamwork and employee empowerment (Lee and 

Dale, 1998). The process view includes three management approaches: (a) functional-vertical 

approach, in which processes are designed within departments or functional units; (b) transversal 

functional processes, in which the organization is structured functionally but recognizes cross-

functional processes; and (d) horizontal processes, in which the organization is structured 

according to cross-functional processes (Aparecida da Silva et al., 2012; Paim et al., 2008).  

The objective of BPM is to improve both efficiency and effectiveness (Işik et al., 2013); 

however, critics have claimed the practices of process management negatively influence radical 

innovation and adaption in turbulent environments; thus, business process practices have a better 

fit with stable environments (Benner and Tushman, 2003). This fit could be caused by the 

emphasis on process standardization and work documentation abridged by a too-rigid process 

system, resulting in obstacles when a business process needs to be redesigned. Thus, 

simplification of processes is encouraged when pursuing innovation (Lee and Dale, 1998). 

Further, critics of BPM have argued that BPM is a fad primarily focused on continuous 

improvement rather than on thorough reengineering (Škrinjar and Trkman, 2013); in addition, 

reengineering projects that contain radical changes include more risks. Despite these criticisms, 

the importance of BPM has grown in practice and is listed as a top priority in most surveys 

(Škrinjar and Trkman, 2013).  

BPM can be considered a management philosophy of how to manage and improve business 

processes. Business processes are viewed as essential in all company operations. In this regard, 

process orientation, or organizational process alignment, as a construct, represents the capability 

of managing and improving the organization’s business processes and is thus an important 

determinant of firm performance, which consists of seven dimensions:  

1. design and documentation of business processes;  

2. management commitment toward process orientation;  

3. the process owner role;  
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4. process performance measurement;  

5. corporate culture in line with the process approach;  

6. application of continuous process improvement methodologies; and  

7. process-oriented organizational structure (Kohlbacher and Gruenwald, 2011). 

 

In particular, the alignment perspective is important because business processes should be 

aligned with customers, strategy, performance measurements, and information technology 

(Lockamy and Smith, 1997). The essence involves converting the organization from a traditional 

functional management approach to a process-oriented management approach (Aparecida da 

Silva et al., 2012). Other studies have outlined key components of BPM: 

• process strategy, process architecture, process ownership, process measurement, and 

process improvement (Smart et al., 2009) 

• strategic alignment, governance, methods, IT, people, and culture (Rosemann and vom 

Brocke, 2015) 

• process design, process metrics, process performers, process infrastructure, process owner, 

leadership, culture, governance, and expertise (Hammer, 2010) 

 

By extension, experts have proposed a number of critical practices, rules, and principles be 

included in BPM—for example, top management support, strategic alignment, understanding of 

the BPM concept, fit between the business environment and business processes, fit between IT 

and business processes, standardization, and IT investments (Buh et al., 2015; Škrinjar and 

Trkman, 2013; Trkman, 2010; Zairi, 1997). Thus, the practices of BPM are multifaceted, 

implying several components should be aligned, or integrated, or both, to have well-functioning 

processes and process innovation. Hence, from an intracompany perspective, the practices of 

BPM are consistent with the underlying stance of supply chain integration.   

In relation to big data, business processes have been adopted in several studies (see e.g., 

Braganza et al., 2017; Fosso Wamba and Mishra, 2017; Gunasekaran et al., 2017; Vera-Baquero, 

Colomo-Palacios and Molloy, 2015a). The notion is that actionable information can be delivered 

as an input to the business process, thereby improving the output of the existing process by 

strengthening decision-making quality (Bumblauskas et al., 2017; Janssen et al., 2017). 

Therefore, based on the embedded nature of viewing SCM in terms of business processes and 
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based on the assertion that business processes are closely aligned to IT, I applied business-

process theory in this PhD dissertation as the primary underpinning theory embracing all four 

articles. In particular, in papers 2, 3, and 4, I adopted the managerial components of BPM in their 

theory sections; thus, the papers became an embedded part of the research findings. 

2.3.2 Value theory 

The incorporation of value theory in this PhD dissertation was based on skepticism toward 

how the current body of literature has emphasized value related to big data without including 

what constitutes value in a business setting. For example, the term value is included in the Vs of 

big data, which relate predominantly to economically worthy insights (Fosso Wamba, Akter, 

Edwards, et al., 2015), competitive advantages (Côrte-Real et al., 2017), extracting commercial 

value from data (Frizzo-Barker et al., 2016), and firm performance (Ji-fan Ren et al., 2017). 

Thus, in many ways, value has been used as a buzzword to argue for the relevance of studying 

big data with the implicit belief that business value could be achieved by adopting and utilizing 

big data. Therefore, the idea of value in the context of big data needed granular clarity. George et 

al. (2014) advocated a need to study the mechanisms of value creation and value capture related 

to big data. The existing articles on big data have seemed to focus only on the value capture 

aspect in terms of competitive advantages, commercial value, and firm performance, excluding 

inquiry or discussion of other value dimensions. With this background, I found a stream of 

literature in which researchers discussed what constitutes value; I integrated this debate into 

paper 2 for conceptualization purposes, thus adding additional dimensions to the nature of value 

of big data in SCM.  

Value theory is based on the premise that the purpose of business is to create and maintain 

value; value is a company’s ability to possess valuable and rare resources as the basis for 

developing competitive advantages (Sirmon et al., 2007). Primarily, these theories rely on a 

resource-based view and dynamic capabilities with the presumption that resources are valuable 

to the company (see e.g., Ambrosini et al., 2011; Ambrosini and Bowman, 2009; Bowman and 

Ambrosini, 2010). A resource is valuable if 

• it exploits opportunities and/or neutralizes threats in a firm’s environment; 

• it either enables customer needs to be better satisfied, or it enables a firm to satisfy needs 

at lower costs than do competitors; and 
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• it enables a firm to conceive of or implement strategies that improve its efficiency and 

effectiveness (Bowman and Ambrosini, 2000). 

 

Thus, value is concerned with competition, customers, and consumers’ expectations as well as 

with the efficiency and effectiveness of company operations.  

Similarly, big data can be viewed as a valuable resource. For example, researchers have 

argued (a) that big data is a strategic asset that should be integrated across business activities to 

enable integrated enterprise-level business analytics capabilities (Wang, Gunasekaran, et al., 

2016); (b) that big data is increasingly considered an enterprise asset critical to organizational 

success (Sheng et al., 2017); and (c) that organizations should embrace big data in order to build 

superior capabilities, which can become a decisive competitive advantage (Fosso Wamba, Akter, 

Edwards, et al., 2015). Extending the resource-based view are dynamic capabilities, defined as 

the firm’s ability to integrate, build, and reconfigure internal and external competencies to 

address rapidly changing environments (Teece et al., 1997). Emphasized is the idea that the 

pursuit of dynamic capabilities occurs intentionally as a deliberate strategic action (Ambrosini 

and Bowman, 2009), comprising a renewal of the current resource base (Ambrosini et al., 2009). 

In terms of big data, researchers have found that process-oriented dynamic capabilities play a 

mediating role in the relationship between big data analytics capability and firm performance 

(Fosso Wamba, Gunasekaran, et al., 2017). Further, big data analytics can support organizational 

knowledge management, allowing the creation and enhancement of dynamic capabilities such as 

organizational agility, which also affects process-level performance (Côrte-Real et al., 2017). 

Consequently, big data is a valuable resource and asset but requires current business-process 

practices to change to create more value.   

In an early attempt to define value, Bowman and Ambrosini (2000) used terms such as use 

value, exchange value, value creation, value capture, total monetary value, and new use value, 

and added exchange value to show that several perceptions of value exist (see Table 2.6 for 

definitions). Overall, there is a subjective aspect to value that is defined by customers based on 

their perceptions of the usefulness of the product; in addition, there is an objective aspect to 

value represented by the amount paid by the buyer to the producer (Bowman and Ambrosini, 

2000). These views have been extended by introducing the idea that use value refers to the 

specific quality of a new job, task, product, or service as perceived by users in relation to their 
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needs. Further, exchange value is either the monetary amount realized at a certain point in time, 

when the exchange of the new task, good, service, or product takes place, or the amount paid by 

the user to the seller for the use value of the focal task, job, product, or service (Lepak et al., 

2007). The aim of the company is to deliver value to customers, which is determined by the 

market satisfaction through customers’ expectations and the benefits customers achieve from 

buying a product (Martinez-Hernandez, 2003, p. 27,63). The customer-orientation toward value 

is consistent with the view of SCM, wherein the supply chain, also referred to as a value chain, 

ultimately aims to deliver value to customers and consumers (Al-Mudimigh et al., 2004).  

 

Table 2.6 Definitions of value  

Term Definition 

Use value Customers’ perceptions of the usefulness of the product on offer 

Exchange value The amount paid by the buyer to the seller for the use value 

Value creation The process of new use value 

Value capture The realization of exchange value by economic actors (firms, customers, resource 

suppliers, employees) 

Total monetary value The price the customer is prepared to pay 

New use value The outcome of the actions of employees who combine and transform acquired use 

values 

Added exchange value The amount by which the realization of exchange value is superior to the costs of the 

resource inputs, including wage costs (equivalent to profit) 

Source: Bowman and Ambrosini (2000) 

 

Several researchers have addressed the value aspect in their research on big data. As noted 

earlier, George et al. (2014) urged the need to study big data value creation and value capture. 

Additionally, Sheng et al. (2017) used the terms value discovery, value creation, and value 

realization in a conceptual model; however, the framework was introduced only in their 

conclusion chapter, and the value dimensions were not described and explained. Fosso Wamba et 

al. (2015) and Ji-Fan et al. (2017) adopted business value in their big data research from an 

information science perspective, defining the dimensions of transactional business value, 

strategic business value, and transformational business value as follows: 

• Transactional value refers to the degree to which the user perceives that big data analytics 

provide operational benefits, for example, cost reductions. 

• Strategic value refers to the degree of perceived benefits to the organization at a strategic 

level, for example, competitive advantage. 
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• Transformational value refers to the degree of perceived changes in the structure and 

capacity of a firm as a result of big data analytics, which serve as a catalyst for future 

benefit (Ji-fan Ren et al., 2017). 

 

These three elements build on the factors of IT benefits provided by Grover et al. (2006) within 

the literature stream of IT business value. However, these dimensions primarily focused on value 

capture aspects and did not incorporate use value as a subjective element. Therefore, the aspects 

of use value, exchange value, value creation, and value capture—further supplemented by value 

discovery—were adopted for paper 2 instead of the IT perspective. Nevertheless, the perspective 

of IT business value remains relevant in the context of big data, which is why perspectives from 

literature on IT business value, in combination with business-process theory, were adopted for 

papers 3 and 4. 

2.3.3 IT business value 

IT business-value literature in the information science domain was adopted in this PhD 

dissertation to bring additional dimensions to the business process perspective, thus providing an 

interdisciplinary approach to study how the value of big data can be created in SCM. As an 

underpinning theory, literature on IT business value has been concerned with two questions: 

whether IT creates firm performance, and if IT creates performance, how firm performance 

through IT is achieved. An accumulated amount of articles has assessed these questions and 

researchers have concluded that IT does create value, whether financial, intermediate (process-

related), or affective (perception-related; Kohli and Grover, 2008). However, measuring IT’s 

effect on firm performance is a complex matter, and results have been mixed because 

standardized scales to measure a firm’s level of IT capability have been absent (Santhanam and 

Hartono, 2003). In addition, results have been obscured by rapid technological developments. 

The overarching conclusions regarding how IT creates value is that IT alone does not create 

value. IT value is created within business processes with the supplementary organizational 

elements such as strategy, organization, and culture (Cao et al., 2016; Kohli and Grover, 2008; 

Melville et al., 2004; Wiengarten et al., 2013). Therefore, the reasons for selecting the integration 

of IT business-value theory were as follows: 

• IT capabilities are closely related to the value creation of big data. 
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• IT business value theorists hold the perspective that value from IT is created through 

business processes, thus emphasizing the criticality of business process practices and the 

alignment toward IT practices.  

• IT business value theorists hold the perspective that complementary resources are needed 

to facilitate the value creating process, thus supporting the integration perspective as the 

underlying stance.  

 

Table 2.7 Sample of IT business-value literature of practices affecting performance and 

business value 

Reference Practices 

Ramirez, Melville and 

Lawler (2010) 

Input factors (i.e. information technology, capital, labor), process redesign (i.e. 

cost rationalization, work restructure), performance (i.e. production efficiency, 

market value) 

 

Buchwald et al. (2014) Comprehensibility of regulations, adequacy of regulations, understanding the IT 

value chain, top management commitment, persuasiveness of communication, 

IT’s business orientation, IT governance, alignment of business and IT, 

transparency of IT costs, transparency of IT services 

 

Cao (2010) Organizational processes, organizational structures, organizational culture, 

organizational power and politics 

 

Wiengarten et al. (2013) Human IT resources, technological IT resources, organizational strategy, 

organizational processes, organizational culture, organizational structure 

 

Shanks and Bekmamedova 

(2012) 

High-quality technology and data infrastructure; people with business analytics, 

banking and interpersonal skills; embedding business analytics within the 

business; continuous evolution; senior management support and involvement 

 

Jacks, Palvia, Schilhavy, 

and Wang (2011) 

 

IT resources, IT capabilities, IT/business alignment, organizational performance 

 

Melville, Kraemer, and 

Gurbaxani (2004a) 

IT resources (i.e. technology and human), complementary organizational 

resources, business processes, performance 

 

Kohli and Grover (2008) IT resources (i.e. technology and human), organizational complementary 

resources, IT/strategy alignment, IT-based capabilities 

Source: Own development 

 

IT business-value theory are pursued and integrated in articles 3 and 4, respectively, with the 

purpose of assessing the practices that facilitate the value creation of IT. The practices include 

several parameters documented in structured literature reviews (see Table 2.7), which in paper 3 

are reported to include human, IT, organizational, performance, process, and strategic practices. 

Notably, these practices already identified within IT literature could be transferred to a big data 
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context, given the notion of that creating value from big data could be considered dependent on a 

variety of organizational factors and not solely dependent on IT and business process 

capabilities. Therefore, these practices were synthesized and used as a theoretical lens during the 

analysis of empirical data in the study of big data.  

2.3.4 Alignment theory 

Alignment theory is derived from theory of IT business value, which involves the fit between 

IT and complementary practices. Fit is both the degree of coherence between realized business 

strategy and realized IT strategy and the relationship between external business strategy and 

internal infrastructure and processes. Further, fit is equivalent with terms such as linkage, 

harmony, and fusion (Chan and Reich, 2007). For the purpose of this dissertation, fit was defined 

as the extent to which strategic and operational practices and variables are effectively and 

efficiently in coherence with one another and supporting the same goal. The original work by 

Henderson and Venkatraman (1993) portrayed two types of alignment. First, strategic integration 

is the link between business strategy and IT strategy. Second, operational integration is the link 

between organizational infrastructure and processes and IT’s infrastructure and processes. Thus, 

alignment is a matter of creating strategic fit and functional integration, which fits well with the 

scope of business processes and the stance of SCM integration. 

In recent literature, researchers have agreed that IT needs to align with the components of 

strategy, structure, process, and culture; further, these alignment practices should be pairwise 

aligned among each other (Wiengarten et al., 2013). Various other overviews have been 

suggested (see e.g., Gerow et al., 2015; Jia et al., 2018; Luftman, 2000). Counterarguments 

against IT alignment include the idea that alignment research is mechanistic and fails to capture 

reality (Alotaibi and Liu, 2016; Chan and Reich, 2007). Consequently, researchers have 

encouraged studying the relationships among antecedents rather than merely listing antecedents 

(Chan and Reich, 2007). In addition, researchers have yet to examine the components of 

alignment empirically. As mentioned, the entry of big data is considered disruptive; IT alignment 

literature has shown that many challenges exist in implementing systems in a continuously 

changing environment. The BPM and business-process modeling tools have been introduced as 

means to address these challenges (Ullah and Lai, 2013). Thus, in this PhD dissertation, I sought 

to mitigate the criticism by supplementing alignment theory with business-process theory, 
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thereby including additional concepts and perspectives to help users promote functional 

integration and ensure efficient and effective process outcomes.  

In terms of the construct of big data, only a few studies have addressed the alignment 

perspective (Akter et al., 2016; Comuzzi and Patel, 2016; Ghasemaghaei et al., 2017; Mikalef et 

al., 2018). In addition, these few studies have covered only a few perspectives of IT alignment. 

Nonetheless, alignment is important to the value creation of big data in combination with 

moderating factors such as strategy, governance, and culture that potentially could yield more 

positive value outcomes (Grover et al., 2018). 

2.4 Chapter summary 

This chapter had three purposes. The first purpose was to define SCM and describe the SCM 

scopes encompassing this PhD dissertation. SCM is a multifaceted domain comprising different 

viewpoints and schools through the development and integration of related disciplines (e.g., 

logistics, marketing, production, and finance). The scopes encompassing this PhD dissertation 

did not favor any specific SCM school; as such, in this PhD dissertation, I adopted a general 

SCM perspective inclined toward the operations and logistics view involving attending and 

targeting operations and logistics SCM conferences and journals. Further, the dissertation 

focused on the SCM scopes of focal firm, business process, and integration perspective.  

The second purpose of the chapter was to provide a more granular understanding of the big 

data concept. In this regard, the chapter highlighted the relation between big data and the larger 

agenda of industry 4.0 and digitalization. I explained the development leading up to big data, 

described big data in relation to the 5Vs (volume, variety, velocity, veracity, and value), 

highlighted different definitions and schools of big data, explained the different analytic 

techniques and the route to decision making, and outlined the current research themes involving 

big data. 

The third purpose of the chapter was to provide information about the theoretical 

underpinnings used in papers 1 through 4. In this regard, paper 1 relied on business-process 

theory, paper 2 depended on business-process theory and value theory, paper 3 was based on 

business-process theory and IT business-value theory, and paper 4 emerged from business-

process theory and IT alignment theory. All four papers were used to examine big data in SCM.   
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3 Methodology 

This chapter addresses the research methodology used in this PhD dissertation and the four 

papers included herein. Similar to the process used in the theory chapter, for each paper, I 

present the choice of method and describe the methodological steps that were carried out. To 

supplement the papers, I provide my stance toward theory of science. I discuss how a 

methodological fit toward the purpose of this PhD dissertation was secured and provide 

supporting methodological information regarding the development of each paper. Finally, I 

discuss and outline quality criteria and subsequent reflections. 

3.1 Theory of science 

Theory of science involves the ultimate presumptions researchers bring to their 

methodological views, referred to as a paradigm, thus representing a bridge between 

methodology and the field of study (Arbnor and Bjerke, 2009, p. 12). Although theory of science 

has declined and is rarely used in paper-based PhD dissertations (Rajkumar et al., 2016), it is still 

important to elaborate on the paradigmatic stance underpinning the research and from which its 

quality and contribution should be judged. 

A paradigm represents “a worldview that defines, for its holder, the nature of the world” 

(Guba and Lincoln, 1994, p. 107). Several categorizations of paradigms have been introduced. 

For example, Arbnor and Bjerke (2009, p. 55) represented three views: the analytic view, the 

systems view, and the actors view. Guba and Lincoln (1994, p. 109) represented the ontological, 

epistemological, and methodological stances of positivism, postpositivism, critical theory, and 

constructivism. Morgan (1980) proposed the paradigms of functionalist, interpretive, radical-

humanist, and radical-structuralist. Ultimately, these categorizations of paradigms have 

addressed variations of the subjectivist and objectivist stances, which are based on different 

assumptions of reality and consequently guide research methods and steer how theory is 

developed (Smircich and Morgan, 1980).  

A review of paradigmatic stances in SCM showed that ninety-seven out of one hundred 

articles had a functionalist view, that is, aligned with positivism (Burgess et al., 2006). SCM 

research has been dominated by searches for causal relationships, beliefs in empiricism, 

assumptions that science is values-free, and views that the foundation of science is based on 
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logic and mathematics (Burgess et al., 2006). Thus, SCM is a discipline with a strong tradition 

inclined toward positivism (Chicksand et al., 2012; Sachan and Datta, 2005). Additionally, SCM 

is a domain embedded in the complexity of the practical world in which researchers seek to 

tackle the real-life problems faced by SCM practitioners (Coughlan et al., 2016). However, more 

recently, a shift in paradigm has emerged placing more emphasis on the importance of 

qualitative research, which by nature is more subjective. Researchers have suggested exploratory 

studies could spark debates and encouraged new thinking to identify new operations problems 

and offer insights into emerging paradigms (Roth et al., 2016). Further, researchers have 

recommended conducting additional high quality conceptual and inductive research (Fawcett et 

al., 2014).  

In the context of the paradigmatic stance for this PhD dissertation, in accordance with Guba 

and Lincoln’s (1994) categorization scheme, I considered myself personally as a modified 

objective, part of the postpositivist paradigm. An analogy of this paradigm, seen in Arbnor and 

Bjerke’s (2009) categorization scheme, would be the systems view. Overall, the postpositivist 

stance is in the so-called middle ground between the extreme poles of objectivism and 

subjectivism (Yin, 2015, p. 23), although more inclined toward objectivism and positivism. This 

stance is consistent with the traditions of SCM research (Arlbjørn and Halldorsson, 2002). Three 

implications of choosing this paradigm are as follows: (a) reality exists but can never be fully 

comprehended, (b) objectivity is the ideal but can only be approximated, and (c) research studies 

that rely on different sources and qualitative methods depend on extant theory and reintroduce 

discovery into the inquiry process (Guba, 1990, pp. 20–23). The systems view shows that reality 

is arranged by a group of objects that work in concert to produce some result, for example, 

through the integration of several subsystems, even though all subsystems cannot be identified 

(Arbnor and Bjerke, 2009, p. 102). The systems view is suitable when the theoretical domain is 

too complex for cause-effect relations and is typically used to solve SCM problems 

(Gammelgaard, 2004); thus, the systems view complies with the emergent status of big data, in 

which little consensus and knowledge exist. An overview of how the postpositivist paradigm was 

operationalized appears in Figure 3.1. I summarize the key elements of the ultimate 

presumptions, paradigm, methodological view, operative paradigm, and study area. 
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Source: Own development based on Arbnor and Bjerke (2009, p. 17, 67), Guba (1990, p. 23) and Guba and Lincoln 

(1994, p. 109) 

Figure 3.1. Operationalizing of the post positivistic paradigm 

3.2 Creating a methodological fit 

Although the study area focused on big data and SCM, it is important to explain the 

methodological fit to show how this study area should be researched. Edmondson and McManus 

(2007) claimed the methodological fit is an overarching criterion for ensuring quality field 

research, which methodological fit is defined as the internal consistency between the elements of 

research question, prior work, research design, and contribution to literature. The aim is to 

develop theory, which can be regarded as four components: (a) definitions of constructs or 

variables, (b) a domain in which the theory applies, (c) relationships among variables, and 

(d) specific predictions (Wacker, 1998). The research question guides the research and defines 

the theoretical knowledge a researcher seeks to develop. An appropriate research design should 

be selected and pursued as the best possible way to answer the research question; however, often 

the researcher faces practical challenges in gaining access to cases and must work backward 

from the available cases to identify the relevant research question (Caniato et al., 2018). The 

advantage of working backwards to the research question is that the research addresses real 

industry issues and therefore has high practical relevance; the downside is that finding a 

methodological fit for the research question and theoretical contribution becomes more 

challenging. Further, the research question should be based on prior literature and should address 

a specific gap in literature that the researcher seeks to close, that is, the contribution of the study. 

The theory-method-fit is important because the choice and configuration of the methodological 

tools should suit the research question and the theoretical aims of the project (Gehman et al., 

2018). The ultimate goal of an empirical article is to offer a strong theoretical contribution by 

Ultimate 

presumptions 

Methodological 

view 
Study area 

• SCM 
 

• Big data 

 

• Theory 

grounded 
 

• Natural settings 
 

• Explanation 

seeking (causal 

relations) 

Paradigm 

 

• Post 

positivism 
 

• Systems view 

 

• Reality is 

driven by 

natural laws  
 

• Critical realist 
 

• Modified 

objectivist 

 

Operative 

paradigm 

 

• Qualitative 

(primary) 
 

• Quantitative 
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being strong in theory building, strong in theory testing, or strong in both (Colquitt and Zapata-

Phelan, 2007).  

In this PhD dissertation, I aimed to build theory with an emphasis on defining terms and 

variables related to big data and SCM. I sought to study the relationships between variables and 

to develop predictions regarding how value from big data can be created in SCM. Theory 

building focuses on developing theory that is testable, generalizable, logically coherent, and 

empirically valid (Gehman et al., 2018) or on elaborating on existing theory (Fawcett et al., 

2014), thus matching the postpositivist stance that reality is objective. However, theory building 

often requires rich knowledge that only qualitative methods can provide (Shah and Corley, 

2006). Theory building from qualitative methods has been criticized for being too subjective 

because this type of data is difficult to quantify and generalize; however, if done well, theory 

building can be objective (Eisenhardt and Graebner, 2007), despite depending on the 

paradigmatic viewpoint from which it is evaluated. Yin (2015, pp. 13–15) argued that qualitative 

research needs to be conducted transparently and methodically and adhere to evidence in order to 

be seen as quality research in a positivist theoretical domain. Specifically, research procedures 

need to be transparent to readers. Transparency means all data should be available for potential 

inspection. Regarding “methodical-ness,” researchers should rigorously follow certain 

procedures but leave adequate room for discovery and unanticipated events. In terms of 

adherence to evidence, it is important to ground the research findings on explicit evidence as 

derived from the data collected (Yin, 2015, pp. 13–15). Other recommendations have included 

providing strong justification, theoretical grounding, methodological clarity, and storytelling 

(Fawcett et al., 2014), all for the purpose of increasing construct validity, internal validity, 

external validity, and reliability (Ellram, 1996; Gibbert et al., 2008; Stuart et al., 2002). Further, 

qualitative research can either be inductive (letting the data emerge into concepts), deductive 

(adopting theoretical concepts as initial categories for data collection and analysis; Yin, 2015, 

p. 100), or abductive (allowing back and forth analysis between empirical data and extant theory; 

Kovács and Spens, 2005). 

Edmondson and McManus (2007) defined archetypes of methodological fit based on three 

states of prior theory: nascent, intermediate, and mature. The nascent state calls for exploratory 

and theory building research when a theoretical field is immature and emerging; the intermediate 

state is a mix of theory building and theory testing; and the mature state calls for quantitative 
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research methods and formal hypothesis testing (Edmondson and McManus, 2007). The 

theoretical domain of big data in SCM is a nascent to intermediate state for several reasons. First, 

in a study of big data in business scholarship, researchers concluded that big data remains a 

fragmented, early-stage domain of research in terms of theoretical grounding, methodological 

diversity, and empirically oriented work (Frizzo-Barker et al., 2016). Second, I found in my 

structured literature review that the first articles about big data in SCM appeared in 2013 

(Brinch, 2018). Third, as documented earlier, there exists a wide array of proposed research 

directions in regard to big data—many research questions are currently left unanswered, and 

many of these research calls have an exploratory nature involving what and how questions (see 

e.g., Fosso Wamba, Ngai, et al., 2017; Hazen, Skipper, Boone, et al., 2016; Mortenson et al., 

2015). Additionally, there seems to be common agreement among researchers that much is 

unknown about big data; in fact, many articles have connected the term emergent with research 

on big data (see e.g., Chen et al., 2012; Phillips-Wren et al., 2015; Schoenherr and Speier-Pero, 

2015; Sheng et al., 2017; Sivarajah et al., 2017). Finally, research on big data has been weakly 

represented through empirical studies (Fosso Wamba, Akter, Edwards, et al., 2015; Frizzo-

Barker et al., 2016; Sivarajah et al., 2017). Thus, researchers need to retain a healthy skepticism 

until rigorous research has been done in an operations context (Fosso Wamba, Ngai, et al., 2017). 

Accordingly, this PhD dissertation was situated in the theory-building spectrum of research. 

Given the paradigmatic stance toward objectivism, in this research, I intended to explore, 

identify, and define the relationships among constructs and variables to show how the value of 

big data could be created in SCM, primarily using qualitative research methods that afterward 

are subject to future research and theory testing for further validation. 

3.3 Research methods 

With reference to the research questions proposed for each respective paper, different research 

methods were deployed to ensure a methodological fit. Methods deployed were a mixed method 

for paper 1, a content analysis-based literature review for paper 2, and a single case study for 

papers 3 and 4. An overview of the methods deployed for each paper along with their theoretical 

aims appears in Table 3.1.  
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Table 3.1 Method overview 

 Paper 1  

Applications paper 

Paper 2  

Framework paper 

Paper 3 

Antecedents paper 

Paper 4 

Alignment paper 

Theoretical 

aim 

Definitions of 

constructs or variables  

Relationships between 

variables 

Specific predictions 
 

Definitions of 

constructs or variables  

Specific predictions  

 

Definitions of 

constructs or variables  

Specific predictions  

 

Relationships between 

variables 

Specific predictions  

 

Method(s) Mixed method 

(Delphi method and 

survey-questionnaire) 
 

Structured literature 

review 

Single case study Single case study 

Approach(s) Deductive  

Inductive  

 

Inductive  

Theoretical lens 

 

Deductive 

Theoretical 

framework 
 

Deductive 

Theoretical 

framework 

Data 

 

Three round answers 

from 23 experts  

49 survey responses 
 

72 peer-review 

articles 

Pre-study 

18 interviews 

4 documents 

Pre-study 

18 interviews 

 

Analysis 
 

Descriptive analysis Content analysis Content analysis Content analysis 

Software 

support 

SurveyXact 

SPSS v22.0 

Mendeley 

Excel 

NVivo 11 Pro  

Excel 

NVivo 11 Pro  

Excel 

Source: Own development 

 

In addition, Figure 3.2 illustrates the timeline of each paper. Each method is discussed in the 

following subsections. Reflections regarding how I implemented the research methods are 

included in the discussion. 

 

Source: Own development 

Figure 3.2 PhD timeline 

  

Year 1 Year 2 Year 3 

Paper 2 – Framework paper 

Paper 1 – Application paper 

Paper 3 – Antecedent paper 

Paper 4 – Alignment paper 

Pilot case study 

 
Assembling and 

writing the collective 

PhD dissertation 
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3.3.1 Mixed method – Paper 1 

The purpose of paper 1 was twofold. First, I sought to clarify understanding of the 

terminology associated with big data. Second, I aimed to increase understanding of the SCM 

application areas of big data. These purposes required a qualitative open-ended inquiry because 

of the desire for “understanding.” Accordingly, the Delphi method was appropriate to address 

these purposes. However, the open-ended approach comes with certain biases because of its 

subjective nature. The opportunity arose to survey a group of SCM professionals on their 

perceptions, applications, and strategies of big data. Given that SCM and operations management 

are positivistically inclined, the pure qualitative approach could have garnered criticism for its 

lack of objectivity and scientific rigor (Choi et al., 2016). To increase the scientific merit of the 

study, the Delphi method was supplemented with a survey-based questionnaire to strengthen the 

findings.   

The mixed methods approach is a combination of qualitative and quantitative methods used to 

develop a deep understanding of a phenomenon of interest. Mixed methods can be a “sequential 

or concurrent combination of quantitative and qualitative methods (e.g., data collection, analysis, 

and presentation) within a single research inquiry” (Venkatesh et al., 2013, p. 24). The essential 

attribute of mixed methods is to combine methods to strengthen or extend the research findings. 

Mixed methods are deployed for the purposes of triangulation, complementarity, development, 

initiation, and expansion (Greene et al., 1989). For paper 1, the initiation purpose was excluded 

because the purpose was not to uncover paradoxes or contradictions; instead, the mixed method 

approach had the following purposes: 

• Triangulation – To employ methods that were different from one another, thereby 

mitigating the biases from the Delphi method and thus increasing the validity of the study 

• Complementarity – To use the results from the Delphi method to enhance the findings by 

assessing the subjective findings from another method and another sample of respondents 

• Development – To implement one method first and use the results to develop the 

instrument and further inform the analysis, thereby comprising a sequential mixed-method 

design  

• Expansion – To extend the scope, breadth, and range of inquiry by using different 

methods for different inquiry components, in which additional questions were added to 

clarify the strategic status of big data in SCM  
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3.3.1.1 Delphi method 

The Delphi method is a methodology used to gather information from people who are 

embedded in the topic of interest and can provide real-time, real-world knowledge; the Delphi 

method can have multiple objectives (Hsu and Ohio, 2007). For paper 1, the objective was to 

collect opinions that could generate a consensus on the phenomenon of big data in SCM; thus, I 

sought to demystify the concept of big data and abridge the current hype surrounding the 

terminology of big data. Additionally, not much empirically oriented work has been done on the 

application of big data, and the Delphi study’s main advantage was to create consensus in an area 

of uncertainty or lacking in empirical evidence (Powell, 2003). Therefore, the Delphi method 

was highly relevant to address the purpose of paper. Linstone and Turoff (2002) characterized 

the Delphi method as “a method for structuring a group communication process so that the 

process is effective in allowing a group of individuals, as a whole, to deal with a complex 

problem” (p. 3). Data collection and data analysis occur in several rounds according to the 

following steps: design, selection of experts, rounds of brainstorming (data collection), 

condensation of factors, ranking of factors, and analysis (Okoli and Pawlowski, 2004).  

To bridge research and practice, the sampling strategy was to recruit a diverse group of 

experts from larger Danish organizations of manufacturing, wholesalers, retailers, and service 

providers. Further, professors who focused on applied SCM research and consultancies were 

included because they had a more context-free understanding of big data compared to industry 

experts. Twenty-three experts agreed to participate in a three-round online questionnaire 

consisting of two parts (a deductive big data terminology part and an inductive application part). 

3.3.1.2 Survey-questionnaire 

As mentioned, the opportunity came to examine in more depth the Delphi study findings to 

elucidate the findings in another empirical context, consisting of a panel of SCM executives in 

the Danish Purchasing and Logistics Forum (DILF). The survey was conducted by DILF; thus, 

not all the Delphi study questions could be integrated in the survey questionnaire. Therefore, we 

had to be selective regarding what questions to integrate into the survey. In addition, we wanted 

to expand the research by asking a few new questions to assess the current state and need of big 

data. Thus, the survey questionnaire focused on assessing the following: 
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• Relevance and actual need for big data attributes in data collection, data management, and 

data utilization (terminologies of big data) 

• Actual need and current level of investments of big data on a process level 

• Degree of pursuit of digital strategies on a process level and on a corporate level 

(digitalization strategy) 

 

These questions illustrate a deeper strategic focus compared to what we asked in the Delphi 

study. The highest Delphi study scores regarding the terminology were chosen, but other than 

that, the higher-level questions were aimed at addressing processes and strategies and not 

specific applications.  

At the time of this study, eighty-six members were on the SCM DILF panel, and we received 

forty-nine valid responses. The findings are thus based on a small sample size with limited 

generalizability and possibilities for executing statistical test. To mitigate this limitation, the 

analysis relied on the strategies of using extant literature, applying prior research results (Delphi 

study), not solely applying descriptive analytics, and drawing careful conclusions (Beuckelaer 

and Wagner, 2012). 

3.3.2 Content-analysis-based literature review – Paper 2 

The literature review conducted in paper 2 was based on Jesson et al.’s (2011) definition of 

content analysis as “a desk-based method involving the secondary analysis of explicit 

knowledge, so abstract concepts of explicit and tacit knowledge are explored” (p. 9). More 

specifically, a systematic review is one with a clearly stated purpose, a research question, a 

defined search approach, stated inclusion and exclusion criteria, and a qualitative appraisal of 

articles, thus representing a synthesis and meta-analysis of existing literature (Jesson et al., 2011, 

p. 11,13). Hart (2006, p. 27) noted that literature reviews can be driven by eleven different 

purposes. Regarding paper 2, the overarching purposes were (a) to discover important constructs 

and variables relevant to the topic, (b) to synthesize and gain a new perspective, and (c) to 

establish a context of the topic (Hart, 2006, p. 27).  

Regardless of the nascent state of big data research, a surprisingly large number of literature 

reviews on big data exist; the number of reviews has continued to grow. In a search in my 

personal Mendeley database for the phrase big data literature review, I found twenty-two articles 
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reviewing literature in information science, operations management, and supply chain 

management journals (see e.g., Addo-Tenkorang and Helo, 2016; Dubey et al., 2016; Günther et 

al., 2017; Hazen, Skipper, Boone, et al., 2016; Lamba and Singh, 2017; Larson and Chang, 2016; 

Mikalef et al., 2018; Mishra et al., 2017; Sheng et al., 2017; Sivarajah et al., 2017; Wang, 

Gunasekaran, et al., 2016). These literature reviews most often applied a traditional deductive 

approach of using a systematic literature review to categorize, describe, and discuss a big data 

topic, for example, applications, research clusters, or analytics methods. To differentiate from 

these literature reviews, two approaches were implemented. First, I applied an inductive 

synthesis and content analysis of literature instead of a deductive approach (Seuring and Gold, 

2012), which was suitable because of the nascent state of big data research. Second, I 

incorporated business-process theory and value theory as theoretical lenses, from which a 

conceptual model was developed with supporting propositions (Webster and Watson, 2002), thus 

providing a theoretical contribution not provided by previous studies.  

When I began this PhD dissertation, it was important to gain rich insight into extant literature 

to understand the status of and knowledge about big data in SCM. I quickly realized that not 

much knowledge and little consensus existed, prompting the idea of conceptualizing big data in 

SCM through an inductive content analysis. Further, the knowledge gained from this literature 

review was used as basis for grounding the other three papers. The literature review showed that 

between January 2016—the first iteration of data collection—and April 2017, the total number of 

search hits for articles (after removing duplicates) more than doubled from 101 to 241 articles. 

Thus, the number of research articles about big data in SCM has been growing rapidly. To stay 

current as I developed the other papers, I received e-mail alerts from peer-reviewed databases 

(EBSCO, Scopus, Elsevier, Engineering Village, Science Direct, Emerald, Taylor & Francis, 

Web of Science, and IEEE Explore) using the same search criteria used for paper 2, as follows: 

“big data”-title AND “supply chain*”-text.  

3.3.3 Case study – Paper 3 and 4 

Case study research, a well-known, widely used method in the social science discipline, is the 

most frequently used qualitative research method in operations management (Caniato et al., 

2018). Based on Gehman et al. (2018) and Ridder (2017), various qualitative and case study 

approaches have been proposed by different scholars, including Eisenhardt (Eisenhardt, 1989; 
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Eisenhardt and Graebner, 2007), Yin (Yin, 2014), Stake and Burawoy (Burawoy, 1998; Stake, 

1978), Gioia (Gioia et al., 2013), and Langley (Langley, 1999). Their approaches show how a 

case study should be conducted. For papers 3 and 4, I followed a Yin-based case-study research 

design consisting of the following elements: research question, existing theory, proposition, 

framework, purposeful sampling, qualitative data as the primary choice, pattern matching as the 

primary choice, and analytic generalization (Ridder, 2017). The Yin-based approach is 

positivistically inclined and oriented toward a realist perspective (Yin, 2014, p. 17). I chose this 

approach because of its strength in using extant literature in the research design. Yin (2014) 

discussed a twofold definition regarding the scope and features of a case study: 

1. A case study is an empirical inquiry that (scope) 

a. investigates a contemporary phenomenon (the case) in depth and within its real-

world context, especially when 

b. the boundaries between phenomenon and context may not be clearly evident 

2. A case study inquiry (feature) 

a. copes with the technically distinctive situation in which there will be many more 

variables of interest than data points and as one result 

b. relies on multiple sources of evidence, with data needing to converge in a 

triangulation fashion, and as another result 

c. benefits from the prior development of theoretical propositions to guide data 

collection and analysis (pp.16–17). 

 

The case methodology is a multifaceted method, incorporating different research designs to 

answer different types of research questions and research purposes. Stuart et al. (2002) defined 

the purposes of case studies as discovery, description, mapping, relationship building, theory 

validation, and theory extension and refinement. Voss et al. (2002) defined the purposes of case 

studies as exploration, theory building, theory testing, and theory extension and refinement. The 

research design for exploratory and theory building purposes is matched with in-depth, focused, 

longitudinal, multisite, best-in-class case studies, whereas theory testing and theory extension 

and refinement are better suited to using multiple cases, experiments, and contextual cases 

(Stuart et al., 2002; Voss et al., 2002). Accordingly, the purpose of the case study was to build 

theory that could predict how the value of big data in SCM could be created. The process 



 

62 | P a g e  

 

included (a) identifying and describing key variables, (b) identifying linkages between variables, 

and (c) identifying why these relationships existed (Stuart et al., 2002; Voss et al., 2002). 

3.3.3.1 Empirical setting 

The empirical setting on which the case study was based was the wind turbine manufacturer 

and service provider Siemens Gamesa Renewable Energy. More specifically, the case study 

involved the digitalization program in the service business unit. Consequently, the case study 

represented a service supply chain distinguishable from a manufacturing supply chain by being 

more labor intensive and thus included issues of management of capacity, flexibility of 

resources, information flows, service performance, and cash flow management that were 

different from manufacturing issues (Sengupta et al., 2006). The service supply chain in the wind 

industry focuses on operation and maintenance strategies to reduce costs and increase turbine 

availability to compete with other energy sources (Utne, 2010). The bundling of service offerings 

with wind turbines is an example of servitization, which has become increasingly relevant for 

manufacturers to improve competitive advantages (Cohen, 2018; Johnson and Mena, 2008). In 

this regard, the wind industry particularly benefits from big data, wherein large amounts of data 

are increasingly accumulated in the energy sector, enabling smarter energy management and 

smart-connected products (Manyika et al., 2013; Porter and Heppelmann, 2014; Zhou et al., 

2016). Additionally, previous researchers have found that big data has been particularly 

beneficial for service supply chains (Boone et al., 2017; Brinch et al., 2018; Cohen, 2018; Li et 

al., 2015; Liu and Wang, 2016; Opresnik and Taisch, 2015; Zhong et al., 2016). The case 

company had strategically worked on digitalization efforts with the vision of “turning data into 

value” and succeeded in developing advanced analytic capabilities in certain functional areas to, 

for example, establish predictive and condition-based maintenance practices, achieve quicker 

reactive remote diagnostics on turbine failures, and improve granularity in sales project 

calculations. Further, members of the digitalization program were working to establish digital 

capabilities across the organization, and digitalization efforts had lately become a cross-business 

unit strategy (although these were not included in this study).  

To conclude, the case was representative for the study of big data. In addition, the in-depth 

single case study fit the purpose of theory building. In terms of the business-process scope, the 

case was representative because the company leaders had worked strategically and operationally 
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to design and standardize BPM practices. The case findings can thus be analytically generalized 

to a manufacturing supply chain; however, implications of the findings include the caveat that 

issues, strategies, operations models, and processes differ between service and manufacturing 

supply chains.  

3.3.3.2 Pilot case study 

First, a pilot case study was conducted. The need for a pilot study is an example of the 

aforementioned challenge that researchers must sometimes work backward from the available 

cases to identify relevant research questions (Caniato et al., 2018). This situation was a given 

condition because this was an industrial PhD dissertation embedded in the service business unit 

of Siemens Gamesa Renewable Energy. To cope with the challenge of working backward from 

case to theory, first I sought to gain a rich understanding of extant literature, and in parallel, I 

conducted a pilot case study to understand the company, industry, context, strategies, 

departments, stakeholders, business processes, IT architecture, information flow, and use of big 

data and digitalization. The pilot case study was a preliminary study aimed at developing and 

refining the research questions and preparing and refining the procedures carried out later in the 

formal case study (Yin, 2014, p. 240). Pilot cases are associated with rigor and should be widely 

used for their capacity to strengthen the research design and provide deeper insights into the 

issues being studied (Dubé and Paré, 2003). The advantage of this approach was an assurance of 

having both theoretical and practical relevance for the research as well as having obtained a 

thorough understanding of the empirical context prior to formal data collection. The pilot case 

study included the following activities:  

• Participating and assisting the digitalization program through workshops and strategy 

development 

• Mapping of business processes and information flows at a functional level through 

document analysis and open-ended interviews to understand operations 

• Identifying through survey and interview data the business-level, process-level, and IT-

level challenges related to big data and its value creation 

• Drafting and defining research questions in alignment with key stakeholder interests 

• Networking among employees and managers to identify key informants to be interviewed 

in the formal case study 
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3.3.3.3 Single case study 

According to Yin (2014, p. 1), a case study is a linear but iterative process involving six steps: 

plan, design, prepare, collect, analyze, and share. These steps guided how we implemented this 

case study. Although papers 3 and 4 produced some insights into the activities conducted in the 

case study, this section provides a detailed description of the steps and activities and covers the 

iterative processes that took place. 

Plan. Planning was a matter of deciding if a case study was the most appropriate method to 

answer the research question, defining the nature of a case study, and preparing arguments for 

why a case study method was chosen; the case study method was a predefined decision.  

Design. Design involved identifying five components especially important for the case study 

research design: (a) the case study questions, (b) the propositions, (c) the unit or units of 

analysis, (d) the logic linking data to propositions, and (e) the criteria for interpreting the 

findings (Yin, 2014, pp. 29–37). In this case study, my aim was to answer the second research 

question about how the value of big data can be created in the field of supply chain management, 

from which I derived subresearch questions related to antecedents and alignment, respectively, as 

part of an iterative process during data analysis. I defined two overarching propositions: (a) the 

criticality of BPM for the value creation of big data in SCM was exemplified in the propositions 

presented in paper 2; and (b) additional firm-level factors influenced the value creation of big 

data in SCM, based on prior BPM and IT business-value theory. Cases can have one or multiple 

units of analysis, and the units of analysis can be holistic or embedded (Yin, 2014, p. 50). This 

case study had one unit of analysis, namely, the business processes of the company. Thus, for 

two reasons, I assumed the value creation of big data was created through business processes. 

First, researchers have indicated that the value creation of big data is enabled through business 

processes (see e.g., Brinch, 2018; Fosso Wamba and Mishra, 2017; Janssen et al., 2017). Second, 

in literature on IT, researchers have largely agreed that IT business value is moderated through 

the business processes of the company (Kohli and Grover, 2008; Melville et al., 2004). The logic 

for linking data to these propositions was part of the analysis step. To make these propositions 

more explicit, an analysis framework was developed consisting of six firm-level practices 

identified in BPM and IT business-value theory. Finally, I chose the criteria for interpreting the 

findings related to using strategy for data analysis prior to data collection. In this regard, the 
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content-analysis approach was selected beforehand, thus enabling an in-depth analysis. However, 

the precise content-analysis technique was not predefined.   

Prepare. To prepare, researchers need to take certain actions prior to data collection. A first 

consideration is to train case study researchers with the desired attributes; this training occurred 

during the pilot case study. Further, I completed a PhD course on qualitative methods and read 

case study literature. The attributes of a case study researcher include (a) asking questions that 

follow and support the inquiry and provide evidence to support or reshape propositions; (b) being 

a good listener by paying attention to the exact words used by interviewees; (c) adapting to 

adjust to unexpected events or answers while complying with the original purpose; (d) having a 

firm grasp of the issues being studied—in this case, my grasp of the issues was obtained from an 

in-depth insight into literature as well as from insights gained from the pilot case; and 

(e) avoiding bias and conducting research ethically (Yin, 2014, pp. 73–77). Further, the 

preparation step includes creating a case-study protocol, which was particularly important in this 

project because the intention was to develop two papers from the case study (Yin, 2014, p. 84). 

This protocol included a two-column description, one for the antecedent paper and one for the 

alignment paper, and included discussions of coauthors, research gap, research question, research 

objective, short abstracts, intended literature, method, data sources, and coding techniques. This 

protocol was a living document. That is, not all aspects were specified beforehand; this approach 

was intentional because of the exploratory nature of the study, in which I applied an adaptive 

research design (Yin, 2014, p. 65). For example, the specific framework for analysis and coding 

techniques was defined after data collection, when the elements of paper 4 on alignment began to 

emerge during data analysis.  

Collect. The considerations during data collection are to determine which type of data to 

collect as sources of evidence and to outline the actual collection of data (Yin, 2014, p. 106). 

Interviews were chosen as the primary data source. The pilot case revealed that the case 

company had a wide range of challenges related to big data—in fact, in only a few areas did the 

case possess best-in-class practices. Therefore, it was important not only to understand users 

current practices, which were obtained during the pilot case but also to gain insights into how 

these challenges could be overcome. Interviews with selective key informants were the most 

insightful data collection technique. An interview guide was developed following the dimensions 

and constructs of value discovery, value creation, and value capture, as theorized in paper 2. 
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Additionally, specific questions regarding BPM were included because the unit of analysis was 

business processes. The interview questions appear in appendix A. I approached interviewing in 

an exploratory, semistructured manner; thus, not all questions were explicitly asked, but each 

overall dimension was addressed with several questions in each interview. The selection of 

interviewees was based on the pilot case study, through which three departments were chosen for 

the formal case study: supply chain management (spare parts), operations (service of turbines), 

and technology (engineering expertise and diagnostics). These departments were important to the 

operational value creation of the company along with their degree of being data-driven.  

Thirteen key informants were identified in the three departments. Additionally, five key 

informants were identified in the support functions of business improvement, quality 

management, IT, digitalization, and product life-cycle management. All interviewees were 

selected based on their expertise in business processes, IT, and analytics. All had different job 

functions that included managers, project managers, program managers, process specialists, and 

data scientists, thus providing the basis for a holistic analysis from varied perspectives. Most 

interviews were conducted face-to-face at interviewees’ facilities. A few interviews took place 

using Skype meetings because these interviewees were based in England, the United States, or 

Spain. Skype was a common meeting tool at Siemens Gamesa. Additionally, a series of 

documents were collected, and a few of the more strategy-related documents were selected as 

appropriate to support the research and analysis of data.  

Analyze. Given the exploratory nature of the project, it was particularly important to have a 

rigorous approach as a means to increase the validity of the study. Yin provided only high-level 

guidance on analytic techniques; therefore, I adopted Johnny Saldaña’s (2016) book, The Coding 

Manual for Qualitative Researchers, to define how to analyze and code data. Prior to data 

analysis, the case-study protocol was adapted, and a theoretical framework was developed for the 

purpose of data analysis. I used one framework for data collection and another framework for 

data analysis, a deliberate choice intended to maintain the exploratory nature of the study. The 

analysis framework, based on extant BPM and IT business-value literature, included six 

categories: human, IT, organization, performance, process, and strategy. All eighteen interviews 

were fully transcribed, comprising more than twenty-one hours of interview data. The evaluation 

committee of the PhD dissertation received confidential copies of the interview transcripts. The 

analysis framework was adopted in the first coding iteration, in which I used the provisional 
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coding technique to identify the constructs related to answering the research question regarding 

the firm-level antecedents required in creating value from big data in SCM (RQ 2.1). Provisional 

coding is a text-coding technique based on a preestablished framework that can be revised, 

modified, deleted, or expanded into new codes (Saldaña, 2016, p. 168). This deductive technique 

was used to cope with the large amount of text. The second coding iteration for paper 3 adopted 

the inductive coding technique of subcoding, that is, adding a secondary tag to the primary code 

to detail or enrich the coding (Saldaña, 2016, p. 91). Subcoding was specifically designed to 

address how firm-level antecedents and their practices were affected by the intersection of big 

data (RQ 2.2), based on coding of attributes within each type of antecedent. For paper 4, the 

analysis built on the theoretical framework and the provisional coding, adding a third coding 

iteration, wherein I applied the causation coding technique for the provisional coding tags. 

Causation coding is a technique used to discern the interrelationships among the antecedents 

identified (Saldaña, 2016, p. 188), thus revealing the alignment practices that existed in a big-

data environment and providing an indication of which alignment practices were critical (RQ 2.3 

and RQ 2.4). All interview transcripts were processed in the Nvivo 11 Pro software, in which all 

coding procedures were applied. The three coding iterations included activities of recoding and 

adjusting how certain texts were coded. Thus, coding was an iterative process to generate 

categories that I inductively refined during the coding process (Seuring and Gold, 2012). 

Share. Finally, in sharing the results, I noted the different audiences of papers 3 and 4. 

Paper 3 was targeted at an operations management audience, and paper 4 was targeted at an 

information science audience. The case study was initiated on the idea of defining antecedents 

affecting the value creation of big data in SCM. Early drafts represented in research 

developmental abstracts and conference proceedings were written prior to the final article. 

Paper 4 was a spin-off article from paper 3—a pattern emerged during the data analysis. 

Accordingly, paper 4 was later integrated into the case-study protocol and had no early stage 

abstract or conference proceeding. 

From these six steps, in accordance with the Yin-based approach of conducting case study 

research, Figure 3.3 displays a summary of how the case study was conducted. The figure shows 

the steps of plan, design, prepare, collect, analyze, and share, illustrating the iterative process 

between the different steps. Note that several backward steps were taken during the case-study 

process. 



 

68 | P a g e  

 

 
* Note: The colors represent different case study steps. Dashed boxes indicate a backward taking step.  

Source: Own development 

Figure 3.3 Flow of iterative case study activities 

3.4 Quality criteria 

The term quality of research refers to the validity, credibility, and reliability of the research 

findings. In quantitative and survey research, the quality of research can be measured through 

different test procedures; however, in qualitative and theory-building research, quality is 

subjective and difficult to quantify. Therefore, it is important to take steps in the research design 

to strengthen the credibility of the study (Yin, 2015, p. 85). Different measures on research 

quality are possible, depending on the paradigmatic stance of the researcher; positivistically 
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inclined research should be evaluated on the criteria of internal validity, external validity, 

construct validity, and reliability (Healy and Perry, 2000). Guba and Lincoln (1994) expressed 

these criteria as appropriate within the positivist and postpositivist paradigms for the 

conventional benchmarks of rigor and further noted the criterion of objectivity, wherein 

researchers seek to be neutral and distanced from the study. These criteria were defined as 

• construct validity – using prior theory, creating a study database, applying triangulation, 

collecting multiple sources of evidence, establishing chain of evidence, having key 

informants review the research, and identifying correct operational measures for the 

concepts being studied (Ellram, 1996; Healy and Perry, 2000; Yin, 2014, p. 46); 

• internal validity – identifying causal relationships between variables and results, making 

proper inferences from the data, considering alternative explanations, and using 

convergent data and related tactics (Ellram, 1996; Yin, 2014, p. 47); 

• external validity – noting the generalizability of results, applying statistical 

generalization, and employing analytical generalization (Ellram, 1996; Yin, 2014, p. 48); 

and 

• reliability – promoting repetition of research, using transparent procedures, disclosing 

study protocols, and reproducing findings (Ellram, 1996; Yin, 2014, pp. 48–49). 

 

These quality criteria dominate how research studies are designed, conducted, and judged but 

have also received criticism—they are not always seen as legitimate in qualitative and theory-

building research because they do not allow interpretations made by the researchers (Tracy, 

2010). For example, internal validity applies only for explanatory studies and should not be used 

as a criterion for exploratory studies (Yin, 2014, p. 46). Some researchers have developed their 

own concepts of validity and have instead adopted criteria of quality, rigor, and trustworthiness 

(Golafshani, 2003). In theory-building research, the process involves exploring ideas, linking 

concepts, noting patterns, and examining tentative topics, from which relationships between 

categories are specified so that theory can be inferred from the research themes (Cepeda and 

Martin, 2005). This intellectual and subjective thought process encompasses dimensions in 

addition to the positivistically inclined quality measures. For example, Tracy (2010) developed 

an all-encompassing set of criteria for conducting valid qualitative research across paradigms: 

• topic – relevant, timely, significant, and interesting; 
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• rigor – theoretical constructs, data and time in the field, sample(s), context(s), data 

collection and analysis processes; 

• sincerity – self-reflexivity (about subjective values, biases, and inclinations of the 

researcher) and transparency (about methods and challenges); 

• credibility – thick description (concrete detail, explication of tacit knowledge, showing 

rather than telling), crystalization2 and triangulation, multivocality,3 and member 

reflections; 

• resonance – aesthetic merit,4 naturalistic generalizations,5 and transferable findings6; 

• contribution – theoretically significant, practically significant, methodological 

significant, and heuristically significant7; 

• ethical – procedural ethics, situational and culturally specific ethics, relational ethics, and 

exiting ethics; and 

• coherence – achieves what it purports, uses methods and procedures that fit its stated 

goals, and meaningfully interconnects literature, research questions/foci, findings, and 

interpretations with each other.  

 

There are overlaps between the different types of criteria, for example, construct validity vs. 

rigor, external validity vs. resonance, and reliability vs. credibility and sincerity. Additional 

criteria can be added within the established quality criteria: the criteria of topic, contribution, 

ethics, and coherence. Internal validity was excluded because it does not apply to exploratory 

and theory-building research. Based on these quality criteria, I took steps in the four papers to 

secure the implementation of these quality research criteria applicable for postpositivist and 

theory-building research. Table 3.2 provides an overview showing how I implemented the 

quality criteria each paper. 

 

                                                 
2 To use triangulation for the purpose of exploration, not validation 
3  Includes multiple and varied voices in the qualitative report and analysis. 
4 The text is presented in a beautiful, evocative, and artistic way. The way the qualitative report is written or 

presented is significantly intertwined with its content. 
5 Readers make choices based on their own intuitive understanding of the scene, rather than feeling as though the 

research report is instructing them what to do. Good research provides readers with vicarious experience. 
6 When readers feel as though the story of the research overlaps with their own situation and they intuitively transfer 

the research to their own action. 
7  Develops curiosity in the reader and helps inspire new discoveries. 
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Table 3.2 Implementation of quality criteria for each paper 

 Paper 1  

Applications paper 

Paper 2  

Framework paper 

Paper 3 

Antecedents paper 

Paper 4 

Alignment paper 

Topic Addresses a timely discussion on 

big data terminology 

Addresses a timely discussion on 

big data applications in SCM 

Addresses the divergent views of 

big data 

Addresses how value of big data 

can be discovered, created and 

captured 
 

Addresses the important 

antecedents in enabling value 

creation of big data in SCM 

Addresses the important alignment 

practices in enabling value creation 

of big data in SCM 

 

Coherence Research purpose fits well with the 

methods deployed  

Strong interconnects relevant 

literature 

Stringent execution of Delphi study 
 

Research purpose fits well with the 

methods deployed  

Strong interconnects relevant 

literature 

 

Research purpose fits well with the methods deployed 

Coherence between research questions and content-analysis techniques 

Strong interconnects relevant literature 

Construct validity 

and rigor 

Using literature on big data 

terminology 

Using SCOR framework 

Experts reviewing results  

Method triangulation 

Using exploratory search criteria for 

peer-reviewed literature 

Adopts the theoretical lens of 

business process- and value theory 

Three iterations on structured data 

collection and data analysis  

Exposes preliminary findings to be 

criticized 
 

Pilot case study to establish domain knowledge and identify key informants 

as interviewees 

Interview guide based on big data SCM framework 

Analysis framework based on BPM and IT business-value literature 

Full, consistent and iterative content analysis using Nvivo 11 Pro software 

External validity 

and resonance 

Diversified group of experts 

Paper accepted to meet journal 

standards 

Macro-framework encompassing 

multiple SCM processes and 

disciplines 

Paper accepted to meet journal 

standards 
 

Representative case 

Representative interviewees 

Research motivated to compel to audience 

Findings displayed in tables and figures 

 

Reliability, 

credibility and 

sincerity 

Transparent questions and 

procedures 

Co-author iteration between Delphi 

rounds  

Data are showed in tables 

Transparent procedures that could 

be repeated 

Detailed description of constructs 

Data are showed in tables 

Intuitive framework introduced 

Adaptive case study protocol 

Distanced from interviewees to secure objectivity 

Transparent interview questions, procedures and transcripts 

Sample quotes and degree of coding observations provided  

Examples are provided  

Representative for the company has read and approved case analysis 
 

Contribution Theoretical contribution 

Practical contribution 

Method contribution 
 

Theoretical contribution 

Practical contribution 

Theoretical contribution 

Practical contribution 

Ethical Anonymity between experts 

Answers were evenly considered 

during analysis 

The final paper is shared with all 

contributing stakeholders  

Analysis followed an analysis of 

literature and not based on 

researcher opinion 

 

Stakeholder alignment 

Anonymity between interviewees 

All coding tags treated with equal importance 

 

Source: Own development 
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3.4.1 Quality reflections 

Although steps were taken to strengthen the credibility of the study findings, some steps were 

not taken. This section provides reflections on certain quality issues and limitations of each 

paper. 

3.4.1.1 Paper 1 – applications paper 

Regarding the Delphi study, a first reflection involves the selection of experts. It was 

paramount that the experts possessed expert knowledge about supply chain processes, business 

analytics, and big data. Because we targeted larger companies at which we had no direct relation 

or contact person, it was difficult to identify the right experts. We described our study’s purpose 

and explained our sampling criteria; however, rich insight about the experts’ knowledge was not 

obtained beforehand. Additional efforts could have been taken to assess the appropriateness of 

experts for this study. By extension, this limitation constrained the data collection—some 

respondents provided thorough responses and discussed multiple application areas within each 

business process; in contrast, others spoke briefly, describing only one or a few applications. 

Some respondents were engaged, and others expressed little engagement, thus emphasizing the 

conclusion that additional efforts could have been taken to find experts who not only possessed 

the appropriate knowledge but also would have been engaged and interested in the research. 

Moreover, other experts from other companies and industries may have defined other types of 

applications. Reflecting more deeply on these limitations could have increased the external 

validity of the study. 

A second reflection showed that after I reviewed the results, I determined that the applications 

represented in the service processes were downstream-focused, involving, for example, 

identifying customer segments and gaining customer insights. However, I could have questioned 

whether these were real service processes or if they belonged to another process and therefore 

limited construct validity. We did define the service processes as “the delivery of customer 

services” in the online questionnaire. However, based on the results, additional information 

about what constituted the different processes could have been beneficial to produce results that 

were more consistent. A brief phone or video meeting to explain the definition of each process 

could have led to a common understanding of each process. 
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Regarding the survey questionnaire, an external organization conducted the survey and was 

responsible for collecting survey data; in fact, the survey served another perhaps more practical 

purpose, and the results were disseminated in a quarterly DILF magazine. Despite the external 

data collection, we recognized an opportunity to expand on the Delphi study findings among a 

panel of SCM executives. However, this approach constrained the scientific rigor because only a 

few questions could be integrated, causing a lower construct validity. Moreover, because we did 

not collect the data ourselves, we had little control over how data were collected and thus were 

unable to take actions to increase the response rate. In total, forty-nine valid survey responses 

were received, which was a small sample; therefore, conclusions from the study should be drawn 

cautiously (Beuckelaer and Wagner, 2012). Based on the survey itself, external validity was low; 

however, because the mixed-method approach included the same overall findings, external 

validity was strengthened. 

3.4.1.2 Paper 2 – Framework paper 

Subsequent reflection on the content analysis-based literature review showed several 

limitations. First, this paper was a solo-authored article, thus reflecting possible biases that may 

have occurred in the decisions to include and exclude articles as well as during the content 

analysis, wherein variables were condensed into constructs. Coauthors could have been included 

to increase the rigor and reliability of the study; for example, two or more coders could have 

crosschecked each other’s findings (Seuring and Gold, 2012). The solo-author approach was 

selected because at least one article must be solo-authored in the PhD dissertation. Because of its 

structured approach, this article was most suitable to be the structured literature review. Another 

subsequent reflection involved the induction process of reviewing extant literature. The induction 

process can be overemphasized, leading to an assumption that completely theory-free approaches 

are unattainable; in practice, literature reviews actually involve more abduction than induction 

(Gehman et al., 2018). Because of the abduction process, implicit categorizations of data into 

constructs were potentially biased by reviews of prejudiced literature.  

3.4.1.3 Paper 3 and 4 – Antecedent and alignment papers 

An obvious reflection involves the case-study approach of using a single case study. The 

single case study is problematic for generalizing findings; readers could question whether the 
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findings would apply for other companies in different contexts and industries. Even though steps 

were taken to mitigate the single case study approach, for example, increasing construct validity 

through theory integration and securing rigor during data analysis, the question of external 

validity is still viable. Second, regarding the objectivity of the study, I disclose that as an 

industrial PhD student, I assisted in the digitalization program in several ways and therefore was 

part of different work streams. Interviewees’ awareness of my role in the digitalization program 

could have biased their responses and motivated them to withhold important information. 

However, biased responses were unlikely; the interviewees were open-minded, provided detailed 

information, and gladly participated; however, this bias did potentially exist. Moreover, my 

contribution to the digitalization program was commercially focused and not targeted at the 

business-process perspective; thus, I had no direct work relationships with the interviewees.  

In terms of construct validity, additional steps could have been taken to strengthen the 

credibility of the findings. First, the case analysis relied heavily on the interview responses and 

integrated only a few additional strategic documents. More efforts to integrate multiple sources 

into the data analysis could have been beneficial. For example, the pilot study could have 

gathered data in a more detailed format, which then could have been included in the content 

analysis. Further, adding observation data from workshops, meetings, and informal conversations 

would have been beneficial to increase the validity and generate potential new findings (or 

contradictions). Finally, I implemented the process of collecting, transcribing, and analyzing the 

interviews; higher validity could have been obtained if the coauthors were involved in the data 

analysis to crosscheck codes and agree on how text should be properly coded in accordance with 

the constructs. 

Both papers 3 and 4 encompassed several antecedents and alignment practices, described and 

detailed through the case findings. The papers were holistically based on a firm-level perspective 

toward business processes and big data and consequently produced little text to provide a thick 

description of each antecedent and alignment practice. Therefore, interview quotes and case 

examples were represented only minimally in the text, which may have affected the reliability of 

the findings.    
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3.5 Chapter summary 

This chapter had four purposes. First, a discussion of theory of science addressed the ultimate 

assumptions that guide how research is conducted. In this regard, the paradigmatic stance for the 

dissertation contained the postpositivist paradigm based on a modified objective reality (Guba 

and Lincoln, 1994) equivalent to the systems view (Arbnor and Bjerke, 2009). The research was 

thus theory-grounded, located in natural settings, and designed to seek explanations using 

qualitative methodologies as the primary approach.  

The second purpose was to establish a methodological fit between the matureness of theory 

and the methods to be applied. In this regard, big data in SCM is in a nascent to intermediate 

state suitable for theory building purposes with the aims of exploring, identifying, and defining 

the relationships among constructs and variables to show how the value of big data can be 

created in SCM. 

The third purpose was to elaborate on the research methods deployed for each paper. Paper 1 

adopted a mixed method consisting of a Delphi study and a survey questionnaire. Paper 2 

adopted a content analysis-based literature review. Papers 3 and 4 were based on a single case 

study method. Each method was defined and justified; further, I presented details about how the 

research was conducted that are not described in the respective papers.  

The fourth purpose was to describe the implementation and reflections of quality criteria. The 

quality criteria included a mix of the positivistically inclined criteria of construct validity, 

external validity, and reliability (Yin, 2014, pp. 46–49) and the qualitative quality criteria of 

topic, rigor, sincerity, credibility, resonance, contribution, ethics, and coherence (Tracy, 2010). 

Table 3.2 provided an overview of how each paper addressed the implementation of the quality 

criteria. Finally, I offered reflections on how I could have strengthened each paper’s research 

quality. 
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4 Presentation of papers 

As stated in the introduction, I answered the two overarching research questions addressing 

the purposes of conceptualizing big data in SCM and the value creation of big data in SCM in 

four different papers, each addressing a subresearch question related to the purposes. The first 

two papers (papers 1 and 2) focused on the topics of application and conceptualization with 

the primary aim of addressing the purpose of conceptualization. Additionally, papers 1 and 2 

provided insights into how the value of big data in SCM can be created. The other two papers 

(papers 3 and 4) focused on the value creation purpose and addressed the perspectives of 

antecedents and alignment. Collectively, these four papers provide answers to the research 

questions and subresearch questions stated in the introduction, and each paper provides a 

contribution to literature in its own right.  

The papers have been through a development process (Figure 4.1) and presented at several 

conferences, abroad stays, and workshops and courses to obtain feedback on the approaches 

and preliminary findings. Papers 1 and 2 were published in The International Journal of 

Logistics Management and the International Journal of Operations and Production 

Management, respectively. Papers 3 and 4 await a publication process in which iterations and 

double-blind review may improve the presentation of the papers. Paper 3 was targeted at an 

operations management journal with a word limit of 6,000 to 8,000 words. Paper 4 was aimed 

at an information science journal having a word limit of approximately 10,000 words. In this 

chapter, I present the abstracts for each paper in a similar format, consisting of purpose; 

design, methodology, and approach; findings; research limitations and implications; practical 

implications; originality and value; keywords; paper type; and reference (if published). 

For all four papers, I was the first and corresponding author. Thus, I took the initiative and 

lead in developing, designing, executing, and writing each paper. Coauthor declarations 

(appendix B) are attached for documentation. Coauthors supported, supervised, and critically 

reviewed the progress of the papers, and only a few sections in the articles were written by a 

coauthor. In addition to the academic papers produced in this dissertation, practice-oriented 

dissemination activities were undertaken based on the results of this research and are included 

in the following publications and presentations: 

• Brinch, Morten (2015), “Big data: Et innovationsemne i forsyningskæden.” Børsens 

Ledelseshåndbøger: Supply Chain Innovation 5.4. 

• Brinch, Morten (2016), ”Big data i supply chain management: Værdiskabelse og 

praktiske anbefalinger”, DILF Orientering, 53, september, pp. 50-52. 
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• Stentoft, Jan., Mikkelsen, Ole. S. & Brinch, Morten (2016), “Big data applications in 

sourcing processes”, DILF Orientering, 53, November, pp. 38-42 

• Brinch, Morten and Stentoft, Jan (2017), “Digital supply chains: Still more "wannabe" 

than practice, DILF Orientering, 54, may, pp. 22-28. 

• Brinch, Morten (2018), “Actionable analytics to support decision-making in service 

operations at Siemens Gamesa Renewable Energy”, in Stentoft, Jan; Mikkelsen, Ole S.; 

Rajkumar, Christopher “Supply chain management: Sources for competitive 

advantages”, Hans Reitzels forlag, second edition, Copenhagen.  

• Teaching on big data in courses of production management, knowledge management 

and supply chain innovation. 

• Speaker at VCM day at Via University College, Aarhus, “addressing big data in SCM”. 

• Presenting and disseminating research findings in Siemens Gamesa Renewable Energy. 

 

*Note: HICSS - Hawaii International Conference on System Sciences; IJLM - The International Journal of 

Logistics Management; EurOMA - European Operations Management Association; IJMR - International 

Journal of Management Reviews; IJOPM - International Journal of Operations and Production Management; 

CSCMP - Council of Supply Chain Management Professionals; NOFOMA - The Nordic Logistics Research 

Network. 

Source: Own development 

Figure 4.1. Paper development and publication processes 
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4.1 Paper 1 abstract 

Title – Practitioners understanding of big data and its applications in supply chain 

management 

Purpose – Big data poses as a valuable opportunity to further improve decision making in 

supply chain management (SCM). However, the understanding and application of big data 

seem rather elusive and only partially explored. The purpose of this paper is to create further 

guidance in understanding big data and to explore applications from a business process 

perspective.  

Design/methodology/approach – This paper is based on a sequential mixed-method. First, a 

Delphi study was designed to gain insights regarding the terminology of big data and to 

identify and rank applications of big data in SCM using an adjusted supply chain operations 

reference (SCOR) process framework. This was followed by a questionnaire-survey among 

supply chain executives to elucidate the Delphi study findings and to assess the practical use 

of big data.  

Findings – First, big data terminology seems to be more about data collection than of data 

management and data utilization. Second, the application of big data is most applicable for 

logistics, service and planning processes than of sourcing, manufacturing and return. Third, 

supply chain executives seem to have a slow adoption of big data.  

Research limitations/implications – The Delphi study is explorative by nature and the 

questionnaire- survey rather small in scale; therefore, findings have limited generalizability.  

Practical implications – The findings can help supply chain managers gain a clearer 

understanding of the domain of big data and guide them in where to deploy big data 

initiatives.  

Originality/value – This study is the first to assess big data in the SCOR process framework 

and to rank applications of big data as a mean to guide the SCM community to where big data 

is most beneficial. 

Keywords – Supply chain management, big data, decision making, information technology, 

mixed method, business processes, digital strategy, applications 

Paper type – Research paper 

Reference – Brinch, M., Stentoft, J., Jensen, J. K., & Rajkumar, C. (2018). Practitioners 

understanding of big data and its applications in supply chain management. The 

International Journal of Logistics Management, Vol. 29, No. 2, pp. 555–574. 

http://doi.org/10.1108/IJLM-05-2017-0115 
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4.2 Paper 2 abstract 

Title – Understanding the value of big data in supply chain management and its business 

processes: Towards a conceptual framework 

Purpose – The value of big data in supply chain management (SCM) is typically motivated 

by the improvement of business processes and decision-making practices. However, the 

aspect of value associated with big data in SCM is not well understood. The purpose of this 

paper is to mitigate the weakly understood nature of big data concerning big data’s value in 

SCM from a business process perspective.  

Design/methodology/approach – A content-analysis-based literature review has been 

completed, in which an inductive and three-level coding procedure has been applied on 72 

articles.  

Findings – By identifying and defining constructs, a big data SCM framework is offered 

using business process theory and value theory as lenses. Value discovery, value creation and 

value capture represent different value dimensions and bring a multifaceted view on how to 

understand and realize the value of big data.  

Research limitations/implications – This study further elucidates big data and SCM 

literature by adding additional insights to how the value of big data in SCM can be 

conceptualized. As a limitation, the constructs and assimilated measures need further 

empirical evidence.  

Practical implications – Practitioners could adopt the findings for conceptualization of 

strategies and educational purposes. Furthermore, the findings give guidance on how to 

discover, create and capture the value of big data.  

Originality/value – Extant SCM theory has provided various views to big data. This study 

synthesizes big data and brings a multifaceted view on its value from a business process 

perspective. Construct definitions, measures and research propositions are introduced as an 

important step to guide future studies and research designs. 

Keywords – Big data, Supply chain management, Value, Business process management, 

Conceptual framework, Literature review 

Paper type –  Literature review 

Reference – Brinch, M. (2018). Understanding the value of big data in supply chain 

management and its business processes: Towards a conceptual framework. 

International Journal of Operations & Production Management, Vol. 38, No. 7, 

pp. 1589–1614. http://doi.org/10.1108/IJOPM-05-2017-0268  
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4.3 Paper 3 abstract 

Title – Firm-level antecedents for big data considering information technology, business 

processes, and supply chain performance 

Purpose – This research was motivated by a desire to understand how companies can create 

value from big data in the field of operations and supply chain management, thus overcoming 

the challenges proclaimed in existing literature. The purpose was to identify firm-level 

antecedents required in creating value and supply chain performance from big data. 

Design/methodology/approach – A theory-building single case study was completed by 

adopting a big data SCM framework for data collection and an antecedent framework 

underpinned by business process management and IT business-value literature for data 

analysis. The analysis was a two-iteration content analysis comprising twenty-two data 

sources. 

Findings – This study examined and identified twenty-four types of antecedents related to IT, 

business process, performance, human, strategic, and organizational practices that affect the 

value creation of big data in SCM. Further, attributes and benefits were identified for each 

type of antecedent 

Research limitations/implications – The case study confirmed that practices and antecedents 

of adjacent theories apply in a big data setting, but certain practices and their attributes are 

changed as well as reinforced at the intersection of big data. Additional research is advocated 

to explore and test these antecedents further. 

Practical implications – Practitioners may use this research as a holistic overview into 

important big data practices and antecedents useful for creating value and performance from 

big data. 

Originality/value – The holistic approach toward the identification of antecedents provides a 

valuable overview of important antecedents affecting how value from big data in SCM can be 

created. 

Keywords – Big data, supply chain management, business process management, IT business 

value, value creation, capabilities, performance 

Paper type – Case study 
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4.4 Paper 4 abstract 

Title – Exploring critical practices toward the value creation of big data through an IT-

alignment perspective 

Purpose – Despite the knowledge that big data creates business value, knowledge regarding 

how the value of big data is created remains limited, and research is needed to discover big 

data’s value mechanism. The purpose of this study was to explore the value creation of big 

data through an IT-alignment perspective. 

Design/methodology/approach – An exploratory theory-building single case study was 

adopted to study alignment practices. Eighteen interviews with key informants were subject to 

an iterative coding procedure using Nvivo 11 Pro software to explore alignment practices in 

the context of big data.  

Findings – Based on an alignment framework consisting of human, IT, organizational, 

performance, process, and strategic practices, fifteen alignment practices were examined. The 

case revealed and exemplified enabling variables fostering the realization of each alignment 

practice in the context of big data. Further, the integral practices among IT, process, and 

performance practices were most important and were moderated by complementary alignment 

practices.  

Research limitations/implications – The findings of this study contribute to the literature on 

big data, IT business value, and IT alignment. Additional alignment practices were observed 

that have not yet been covered in extant IT-alignment literature. The study has limited 

generalizability and requires further studies. 

Practical implications – Managers are challenged in creating value from big data. This study 

can show managers which alignment practices are more critical than others, as well as the 

mechanism through which such alignment practices can be achieved. 

Originality/value – This study provides an important empirically based overview of how 

alignment logic can create consistency among the various elements of big data to yield 

positive value outcomes   

Keywords – Big data, analytics, IT alignment, value creation, IT business value, business 

process management, case study 

Paper type – Case study 
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1. Introduction  

The application of data and information flows in supply chain management (SCM) is not 

new, but as technologies has evolved, the practice of SCM is adopting big data and business 

analytics as a mean to improve information flows and decision making, where high volumes 

of multidimensional data exceed traditional information technologies (George et al., 2014; 

Ramanathan et al., 2017). In SCM, interest has been devoted to big data and future research 

include several promising research directions (Fosso Wamba, Ngai, Riggings and Akter, 

2017; Mishra et al., 2016; Mortenson et al., 2015; Wieland et al., 2016). Hitherto, the value of 

big data has been rather implicit, and a recent Delphi study discovered that profound 

opportunities for big data exist on a corporate- and supply chain level, but also that several 

challenges are present in its realization (Kache and Seuring, 2017). Though, recent 

quantitative studies show a positive relation between big data, operational efficiency and firm 

performance (Côrte-Real et al., 2017; Fosso Wamba, Gunasekaran, Akter, Ren, Dubey, and 

Childe, 2017; Gunasekaran et al., 2017), and existing operating models are to be affected by 

big data (Roden et al., 2017). In this regard, sustainable competitive advantages could be 

achieved through the application of big data (Matthias et al., 2017). The potential outcome of 

big data is, from a business process perspective, improved decision-making quality, but this 

often non-linear process varies dependent on the numerous data sources available (Janssen et 

al., 2017). With big data, information and communication technologies enable information to 

be readily accessible and improved analytic capabilities generate new insights, which are 

changing many supply chains by, e.g. reconfiguring business processes (MacCarthy et al., 

2016; Nudurupati et al., 2016). Therefore, existing analytic applications are to be improved 

and new applications could arise, which operations and SCM researchers need to further study 

(Hazen et al., 2016).  

Despite valuable opportunities for big data, some of the fundamental questions are still 

unanswered. For example, Roden et al. (2017) questions what big data is? How big data can 

be used? And to what extend big data can affect processes and operating models? Thus, both 

academics and supply chain managers tend to be confused about the terminology of big data 

and unbiased managerial guidance on its application is currently weakly established (Richey 

et al., 2016). Studies on big data in business processes like plan, source, make, deliver, and 

return have only partially been explored (Sanders, 2016; Wang et al., 2016). Schoenherr and 

Speier-Pero (2015) stress that the application of big data in SCM is rather elusive and there is 

a need to understand what kind of supply chain questions can be addressed by big data. 
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Furthermore, research questions are devoted to understanding how big data can improve 

internal and external processes and its decision making on a strategic, tactical, and operational 

level (Fosso Wamba, Ngai, Riggings and Akter, 2017). Overall, the adoption and application 

of big data in operations and SCM are relatively a new area that misses empirical insights 

(Matthias et al., 2017; Tan et al., 2015). Therefore, an important first step is to create a better 

understanding of big data in a SCM context, while also guiding practitioners to where big data 

could be applied best. In the present study, the purpose is to further understand big data by 

exploring big data and its application in SCM from a business process perspective, which 

could help the supply chain community in understanding where the value of big data can be 

applied. This paper intends to move the conversation on big data in a SCM context, so it rests 

on empirical data to understand its application in practice.  

This paper advances the understanding of big data by deploying a sequential mixed method 

design, which includes a Delphi study and a questionnaire-survey. The Delphi study explores 

how the terminology of big data is understood in relation to data collection, data management 

and data utilization. The Delphi study, furthermore, explores and ranks possible applications 

of big data in the supply chain operations reference (SCOR) process framework. The 

questionnaire-survey further elucidates the Delphi study findings and assesses the practical 

use of big data by means of digital strategies and investments.  

The paper continues with the underlying theoretical foundation for this study, followed by 

an explanation and argument for our choice of method. Next, the empirical findings are 

presented and discussed against existing theory. The paper ends with a conclusion that 

includes limitations, theoretical implications, practical implications and suggestions for future 

research directions. 

 

2. Relevant literature  

2.1 The big data terminology  

Big data is related to business intelligence as well as business analytics and has emerged as 

a separate concept (Chen et al., 2012). From a management perspective, big data is a holistic 

approach for obtaining actionable insights to create a competitive advantage, which differs 

from business analytics in terms of 5V’s: volume, variety, velocity, veracity, and value (Fosso 

Wamba et al., 2015). Generally, existing literature agree that information flows are to support 

decision making through the process of data input, data processing and data output (Hazen et 
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al., 2014), which in a big data setting is associated to a knowledge-discovery process (Philip 

Chen et al., 2014).  

Various conceptually defined big data frameworks and architectures are available in 

existing literature (Bi and Cochran, 2014; Biswas and Sen, 2016; Hofmann, 2017; Phillips-

Wren et al., 2015; Rehman et al., 2016). To assess the practitioner view on big data, this study 

follows the framework provided by Bi and Cochran (2014) that includes data collection 

(DAC), data management (DAM) and data utilization (DAU). For data collection, the 

characteristics of data have become more diverse and include various data formats like 

numbers, text, images, and audio (Goes, 2014). Companies have been logging their 

transactions and activities resulting in large amounts of internal data. Combining this with the 

Internet of Things have enabled access to external data sources that can support the business 

even further, because it creates insights on the business environment at a more granular level 

(Bi and Cochran, 2014). Finally, the pace at which data are captured through advanced 

technologies, i.e., in real time, enable faster responses to change as they occur (Davenport et 

al., 2012). For data management, the structured and unstructured data are to be stored in 

different systems in which a transparent IT-infrastructure enables data integrations and data 

sharing (Duan and Xiong, 2015). Here, various analytic techniques are to be applied, such as 

machine learning, data mining and visualization methods (Philip Chen et al., 2014). Intra- and 

inter-organizational decision support systems rely on a network of systems for which 

governance procedures assure reliable data analytics (Demirkan and Delen, 2013). For data 

utilization, knowledge discovered is either to support decision making or to make automated 

decision making (Davenport and Kirby, 2016). The analytic insights derived may identify 

problems and opportunities within existing processes, discover explanatory and predictive 

patterns about what will happen and provide reasons for the occurrence, and determine the 

best possible outcome between alternatives based on accumulated knowledge (Wang et al., 

2016). 

 

2.2 Big data applications in SCM  

The research domain of SCM is not new and has become an important capability for 

companies who seek to meet market and customer requirements in relation to cost, quality and 

time. SCM seeks to improve the long-term performance of the individual company and the 

supply chain as a whole by coordinating business functions (Mentzer, 2001, p. 22). In this 

regard, one company must seek a strategic supply chain orientation, where SCM is a 

necessary antecedent to effectively align supply chain strategy and supply chain structure 
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within organizational design, human resources, information technology and organizational 

measurements (Esper et al., 2010). The use of data and information flows have for long been a 

requirement in managing intra- and inter organizational business processes (Lambert et al., 

1998). But as SCM has evolved, it has become a knowledge-based approach that relies on 

better use of information to make proactive decisions (Stevens and Johnson, 2016). Thus, big 

data has emerged as a paradigmatic shift on how organizations make decisions (Mortenson et 

al., 2015).  

The application of big data in SCM has been referred to as SCM data science (Waller and 

Fawcett, 2013), predictive analytics (Schoenherr and Speier-Pero, 2015), business analytics, 

big data analytics and supply chain analytics (Wang et al., 2016), which are primarily similar 

terminologies for applying advanced qualitative and quantitative analytics for supply chain 

purposes by utilizing the vast amount of fast moving and diversified data available. From a 

supply chain analytics view point, data management resources are key building block in 

business analytics activities, thus enabling data-driven processes for operational performance 

(Chae et al., 2014). There is a common acceptance that big data can be adopted at strategic, 

tactical and operational levels, thus improving existing decision-making practices (Fosso 

Wamba, Ngai, Riggings and Akter, 2017; Kache and Seuring, 2017; Phillips-Wren et al., 

2015).  

In recent years, publications on the application of big data in operations and SCM have 

increased, where most emphasis has been given to manufacturing, procurement and logistics 

(Lamba and Singh, 2017). A literature search on “big data”-title and “supply chain*”-text was 

carried out in peer-reviewed databases to identify most prominent research conducted. 2.2.1  

 

2.2.1 Main contributions so far  

In a literature review, themes and sub-themes for the application of big data in operations 

and SCM have been mapped (Addo-Tenkorang and Helo, 2016). This study set forth that 

data-driven concepts are applied to achieve operational excellence, enhance customer 

experience and develop new business models, where also big data technologies relevant to 

SCM are identified. Furthermore, themes of big data acquisition, big data storage, big data 

analysis, big data application and big data value adding are identified with regard to the 5V’s.  

Souza (2014) provides a descriptive study on the application of supply chain analytics in 

the SCOR framework. Even though the study does not explicitly focus on big data, it still 

includes big data aspects. This work provides examples of decision making at strategic, 
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tactical and operational levels for each SCOR process, while also identifying relevant analytic 

techniques.  

The work by Sanders (2016) identifies source, make, move, and sell as primary application 

areas for big data. For source, big data may be used to segment suppliers, evaluate sourcing 

channel options, integrate with suppliers, and support supplier negotiations. For make, 

potential applications are granular performance reporting, mitigation of capacity constraints, 

inventory optimization, facility location/layout, and workforce analytics. For move, the 

application of big data involves routing, scheduling, using transportation alternatives, 

optimizing, and maintaining vehicles. Finally, for sell and marketing purposes, big data 

enables micro- segmentation of customers, the capture and prediction of customer demand as 

well as price and assortment optimizations. These applications are defined as conceptual, but 

also involve some empirical grounding.  

A structured literature review based on 101 articles study big data and business analytics in 

a taxonomy for descriptive, predictive and prescriptive analytics and differentiates between 

strategic and operational applications (Wang et al., 2016); however, the empirical basis for the 

included articles is not presented. Nonetheless, the work systematically introduces a range of 

applications for strategic sourcing; supply chain network design; product design and 

development; demand planning; procurement; production; inventory and logistics, which give 

guidance to where big data may be applied. Furthermore, a five-stage analytic maturity 

framework is linked to the applications.  

A conceptual study by Li et al. (2015) argues that big data can be applied at every stage of 

the product lifecycle: from the beginning, in the middle and toward the end of a product life. 

Beginning of the product lifecycle includes production aspects of procurement, 

manufacturing, equipment management, marketing and design. Middle of the product 

lifecycle contains the applications of warehouse management, transport, customer service, 

product support, corrective- and preventive maintenance. Lastly, end of the product lifecycle 

can use big data to enhance recycling in a product recovery system.  

Other application specific studies are also published and include manufacturing in cyber-

physical systems (Huang et al., 2015), service parts management (Boone et al., 2017), 

resource management (Braganza et al., 2017), sustainable SCM (Kaur and Singh, 2017; 

Papadopoulos et al., 2017), shop floor scheduling and facility layout ( Ji and Wang, 2017; 

Tayal and Singh, 2016), transport operations (Mehmood et al., 2017), servitization (Opresnik 

and Taisch, 2015), maintenance processes (Zhang et al., 2017) and process improvements 

(Vera-Baquero et al., 2015). 
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To summarize, the above-mentioned studies have investigated the application of big data 

in SCM and clearly states that big data could be used for many purposes and in many business 

processes. However, existing literature falls short in empirical contributions, where 

conceptual frameworks and taxonomies on the application of big data dominate the current 

body of knowledge. Therefore, real-world insights on big data in SCM are necessary to 

understand its application in practice. 

 

2.3 A process-oriented framework for analyzing big data  

To empirically identify supply chain applications of big data, this study draws upon the 

SCOR model, which includes the cross-functional processes of plan, source, make, and 

deliver (Stewart, 1997), where return processes was added later. The SCOR processes are 

widely used as a deductive framework to study supply chain topics (e.g. Sangari et al., 2015; 

Stavrulaki and Davis, 2010). SCOR as a framework has earlier been used to determine the 

effect of business analytics on supply chain performance (Oliveira et al., 2012; Trkman et al., 

2010). The potential of big data is not limited to manufacturing companies; retailers, service 

providers and healthcare professionals, among others, also see a potential in big data (Fosso 

Wamba et al., 2015). In this regard, big data is also for service supply chains (Fosso Wamba 

et al., 2015; Opresnik and Taisch, 2015; Zhong et al., 2016), which is why the aspect of 

service processes has been added to this study as a supplement to the SCOR framework and 

represents the view of service supply chains as well as service processes in manufacturing 

settings. 

 

3. Methodology  

Big data in management research is in its initial phases and empirical studies are 

encouraged to further develop the research field (Frizzo-Barker et al., 2016). Existing studies 

on the application of big data in SCM falls short of empirical contributions, which leaves little 

insights toward how big data actually is applied in practice. In addition, the perception of big 

data among SCM professionals is not clear (Richey et al., 2016). Therefore, the present paper 

applies a mixed-method approach to explore experts, understanding of big data and its 

applications in SCM and to further elucidate these findings among SCM executives. The 

mixed approach allows investigating big data in SCM among different samplings, which is an 

advantage when inadequate knowledge exists. Mixed methods are acknowledged in empirical 

driven research, because multiple perspectives of a problem can be explored (Choi et al., 
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2016). The design strategy for mixed methods is to apply method triangulation that can 

eliminate the existing bias when just applying one method (Greene et al., 1989), which is 

found important to enhance research quality within SCM (Boyer and Swink, 2008). Mixed 

methods can be combined in several ways and can contain both qualitative and quantitative 

approaches (Howick and Ackermann, 2011), where the methods can be applied concurrently 

or sequentially (Venkatesh et al., 2013).  

This study adopts a sequential mixed-method design containing a Delphi study and 

questionnaire-survey, which combination previously has been adopted in SCM research (e.g. 

Cegielski et al., 2012). The first study applies a Delphi method that is explorative in nature, 

which in turn, deals with uncertainty in an area with imperfect knowledge (Huscroft et al., 

2013). Because of the confused perception of big data, it has been found appropriate to use 

the Delphi study as a method that consolidates expert knowledge. The aim of the Delphi study 

is to empirically explore the terminology and application of big data in SCM. The second 

study contains answers from a questionnaire-survey based on the Delphi study findings, 

which intends to further elucidate the Delphi study findings on a larger and different sample 

to see if any relationship exists among the various factors of interest. 

 

3.1 Delphi study  

Linstone and Turoff (2002) characterize the Delphi method as “a method for structuring a 

group communication process so that the process is effective in allowing a group of 

individuals, as a whole, to deal with a complex problem.” The strength of the method is its 

ability to create consensus on an unexplored topic that lacks empirical evidence (Powell, 

2003), which is the case of big data in SCM. With an end goal of ranking applications of big 

data in SCM, the method will be applied to identify the ways in which big data is applied in 

supply chain processes. The study has followed the traditional Delphi study approach of 

design, selection of experts, data collection rounds of brainstorming, narrowing down of 

factors and ranking, and finally analysis (Okoli and Pawlowski, 2004).  

In a Delphi study, recruitment of appropriate experts is essential for the validity of the 

results (Rowe and Wright, 2011). As big data seems to be most applicable in larger 

companies (Frizzo-Barker et al., 2016), the sampling criteria includes that the experts should 

have practical experience with and knowledge about supply chain processes, business 

analytics, and big data, as well as experience working with big data in one of the larger 

organizations in Denmark. The sampling strategy was to have a diversified group of experts; 

therefore, experts represented larger Danish organizations of manufacturing, wholesalers, 
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retailers, and service providers. Specifically, when contacting the organizations, we asked for 

the person responsible for supply chain, IT, and/or big data. Furthermore, experts from 

universities and consultancies were also chosen as they have a more context-free 

understanding of big data compared to industry experts. The experts were not asked to 

evaluate current organizational practices, but instead asked to share their overall knowledge of 

the field. Within the 100 largest companies in Denmark, 67 companies were contacted, and 23 

experts agreed to participate, which is a sample size considered appropriate for a Delphi study 

under typical circumstances (Worrell et al., 2013). In the expert panel, 17 hold a master’s 

degree, MBA or PhD and 17 have more than five years of experience with data usage in 

SCM.  

The Delphi study was designed as a three-round online questionnaire with two parts. The 

first part focused on understanding what characterizes big data in SCM, while the second part 

focused on exploring possible areas of application for big data in SCM. Each Delphi round 

can have the purpose of brainstorming to identify dominant factors in a particular domain 

and/or to rank/prioritize a seeded list (Worrell et al., 2013). In the first round, seeding 

procedures were applied to reach consensus on the terminology of big data in SCM context. 

This step drew on existing big data definitions and theory related to data collection, data 

management and data utilization as already elaborated in the literature section. Furthermore, a 

brainstorming section about the areas of application for big data in supply chain processes 

was accomplished based on the SCOR processes. Prior to the second round, the brainstorming 

responses on the application of big data in each SCOR process were condensed by the authors 

to four to eight statements. These applications were then ranked in the second Delphi round, 

where answers for the big data terminology were reevaluated based on the mean value 

achieved from the first round. In the final Delphi round, the experts reevaluated the 

application scores based on the mean values achieved in the second Delphi round. For all 

ranking, a five-point Likert scale has been applied. 

 

3.2 Questionnaire-survey  

In a study carried out together with the Danish Purchasing and Logistics Forum (DILF) on the 

digital supply chain, an opportunity did rise to further elucidate the Delphi study findings. 

Thus, a questionnaire-survey has been conducted, where the application of big data has been 

studied in a new empirical context.  
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3.2.1 Data collection  

DILF has together with university researchers established a supply chain panel containing 

supply chain executives in the Danish business environment. The panel members receive 

annually four mini-surveys per year, each focusing on a specific supply chain issue (e.g. big 

data in SCM, digital supply chains and supplier relationship management). Only one person 

per company can be panel member. Each survey consists of 10 to 15 questions. The basic idea 

with the panel is to obtain improved practical relevancy (Toffel, 2016) in terms of raising 

research questions (a problem of knowledge production) and relevancy in the communication 

with practice (a problem of knowledge transfer) (Carter, 2008). At the time where the survey 

was conducted, the panel had 86 members companies that were contacted via personalized e-

mail. In total, 49 valid answers were received, resulting in a response rate at about 57 percent. 

All questions were measured on a five-point Likert scale with end points of “very low degree” 

and “very high degree.” The findings are thus based on a rather small sample size and 

methodological issues of small samples are present, though, small samples are common in 

SCM and by relying on: extant literature; prior research results (Delphi study); not solely 

applied descriptive analytics; and carefully drawing conclusions, the biases of small sample 

sizes are sought mitigated (De Beuckelaer and Wagner, 2012).  

 

3.2.2 Constructs  

Overall, four questions were asked, and these constructs are considered based on the 

literature review and the Delphi study findings. First, the constructs for big data terminology 

were selected based on the highest scores for retrospectively data collection, data management 

and data utilization (Q1). Here, the questions concerning data-driven SCM were asked related 

to the relevance and actual pursue. The selected constructs for the terminology of big data are: 

• integrate multiple data sources (DAC);  

• automated data collection methods (DAC);  

• store large amounts of data (DAC);  

• cross data and cross system analysis (DAM)  

• apply advanced data analysis methods (DAM);  

• apply visualization techniques making complex data simple to the decision maker 

(DAM);  

• IT-enabled processes for fact-driven decision making (DAU);  

• determine optimal decision (DAU); •  
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• identify problems and opportunities within existing processes (DAU); and  

• discover explanatory and predictive patterns (DAU). 

 

Second, the questionnaire-survey included questions related to digital strategies on a 

company level (Q2) and digital strategies within digital planning, digital services, digital 

logistics, digital supply, digital manufacturing, and digital return management (Q3). 

Subsequently, the questionnaire-survey also included questions relating to the actual need for 

big data analytics and current investment in big data analytics within logistics, service, 

manufacturing, planning, sourcing, and return processes (Q4). 

 

3.2.3 Data analysis  

The IBM© SPSS© statistics software v22.0 was used to evaluate the correlation among the 

questions of interest. This analysis explicitly recognizes the correlation among the various 

applications of big data within a business environment. In cases where no correlation is found, 

the findings will be descriptively reported. Correlation analysis was applied on: 

• the correlation between Q1 and Q2;  

• the correlation between Q1 and Q3;  

• the correlation between Q1 and Q4; 

• the correlation between Q2 and Q3;  

• the correlation between Q2 and Q4; and  

• the correlation between Q3 and Q4. 

 

4. Findings  

4.1 Delphi study findings  

Respondents have been questioned in regard to three aspects of the big data terminology. 

The questions asked, the mean values, and standard deviation (SD) are presented in Table I. 

Overall, the three aspects received a score higher than 4, indicating that these are all 

considered as important attributes of big data in SCM, although the data collection (DAC) 

aspect was rated highest by the experts (mean score of 4.4). Here the respondents especially 

agree that big data in  
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Table I. Scores for the big data terminology in SCM 

Factor 

 

Big data in SCM involves? 

First 

answer 

Second 

answer 

 Mean S.D. Mean S.D. 

Data  

collection  

(DAC) 

DAC1 Different data sources (e.g. product-, market-, supply chain- and financial 

data)? 

4.7 .54 4.8 .42 

DAC2 Automated technologies to collect data (e.g. sensors, RFID, internet, 

GPS)? 

4.7 .57 4.6 .58 

DAC3 Large amounts of data? 4.4 .71 4.4 .71 

DAC4 Different types of data (e.g. numbers, text, audio and video)? 4.1 .90 4.2 .83 

DAC5 High speed collection of data (e.g. real time data)? 4.1 .90 4.0 .88 

  Overall 4.4 .43 4.4 .42 

Data  

management 

(DAM) 

DAM1 Cross data and cross system analysis? 4.3 .75 4.3 .70 

DAM2 Advanced algorithms, tools and applications for data analysis (e.g. 

optimization-, statistical- and simulation software)? 

4.3 .77 4.3 .77 

DAM3 Advanced visualization techniques to support decision-making? 4.1 .75 4.1 .75 

DAM4 Advanced system infrastructure for data acquisition, data storage and 

data access? 

4.1 .77 4.1 .75 

DAM5 Establishing and maintaining an integrated data- and system network? 4.0 .64 4.0 .64 

DAM6 Complex governance procedures of harmonizing, cleaning and sharing of 

data? 

3.6 1.20 3.7 1.11 

  Overall 4.0 .45 4.1 .44 

Data  

utilization  

(DAU) 

DAU1 Determines optimal decision by utilizing accumulated knowledge? 4.1 .63 4.2 .58 

DAU2 IT-enabled processes for fact-driven decision-making? 4.2 .73 4.2 .74 

DAU3 Operational decision-making (e.g. short term, focus on efficiency)? 4.2 .89 4.2 .89 

DAU4 Discovers explanatory and predictive patterns about what will happen 

and reasons why so? 

4.2 .95 4.2 .95 

DAU5 Identifies problems & opportunities within existing processes and 

functions? 

4.1 .85 4.1 .82 

DAU6 Supporting business processes with actionable insights? 4.0 .64 4.0 .60 

DAU7 Strategical decision-making (e.g. long term, focus on effectiveness)? 4.0 .71 4.0 .71 

DAU8 Automated decision systems? 3.6 .95 3.5 .90 

 Overall 4.1 .47 4.1 .48 

Note: First answer (N=23), second answer (N=19) 

 

SCM involves different data sources, automated generation of data, and large amounts of 

data. In regard to the aspect of data management (DAM), the questions of cross-data and 

system analysis as well as advanced algorithms, tools, and applications for data analysis had 

the highest scores. The lowest rated statement for data management is that big data in SCM 

involves complex governance procedures. However, the answers revealed some disagreement 

on this statement. For data utilization (DAU), the questions achieved more or less equally 

distributed scores, although the statement of automated decision making received the lowest 

scores. In addition, the data utilization scores reveal that the utilization of big data is more for 

operational purposes than strategic purposes. 

The brainstorming performed by the respondents on how big data may be applied in SCOR 

processes resulted in the identification of 39 potential areas of application of big data in SCM 

as listed in Table II. Specifically, four to eight statements were provided for each process as 

defined by the SCOR framework ranging from the return (RET) process with four statements 

to eight statements for the service (SER) process. The scores were distributed with service 
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(SER) having the highest score, followed by return (RET), logistics (LOG), planning (PLA), 

sourcing (SOU), and manufacturing (MAN) respectively. For sourcing, big data will most 

likely be used as decision support for purchasing and information that could be utilized when 

negotiating with suppliers. For manufacturing, the respondents agreed that big data would 

have the greatest impact on identifying optimization possibilities, identifying root causes for 

manufacturing issues, as well as gaining insights to the manufacturing processes. For the 

application of big data in service, the respondents agreed or strongly agreed on all eight 

statements. The scores for service revealed that big data may especially be deployed to 

identify customer segments, gain customer insights, adjust/customize/develop service 

offerings, and to practice direct marketing. When it comes to logistics, the highest scores were 

assigned to utilize big data for gaining logistical insights and to assess logistical performance. 

In planning, the scores show that big data would have the greatest impact on improving 

independent forecasting techniques and gaining insights about end-user consumption for 

existing products. Lastly, for return, big data would mainly enable learnings from customer 

complaints and the identification of root causes on defects (quality improvement).  

The scores show rather similar mean scores when evaluating the SCM processes to as 

where big data will be most applicable. In anticipation of these results, the respondents were 

asked to prioritize the different SCM processes in terms of which processes the application of 

big data would be most applicable. As Table III highlights, logistics (mean score of 5.3) had 

the highest score, which was followed by service, planning, manufacturing, sourcing, and 

return processes (mean score of 1.4). These scores indicate that the mean values from Table 

II, on a grouping level, are not fully consistent regarding to which processes big data is most 

applicable. For example, return processes were initially scored as having greater importance 

than manufacturing and sourcing (Table II), but when prioritized, return processes scored 

lowest (Table III). Therefore, the prioritized list should probably be considered more reliable 

when evaluating on a group level. 

 

4.2 Questionnaire-survey findings  

Table IV contains the respondents’ answers on pursuing a data-driven supply chain, where 

attributes of big data have been ranked to its actual application and perception of relevance. 

The findings suggest a trend of medium to low scores, though, for its actual pursue all scores 

are below three. The highest actual scores are for IT-enabled fact-driven decision making, 

identifying problems and opportunities within existing processes and to determine optimal 

decisions. For all cases, the actual application is lower than its perceived relevance, wherein, 
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the largest gap exists to apply visualization techniques to complex data sets. An interesting 

finding is also that the storage of large volumes of data and applying the use of advanced data 

analysis methods scoring the lowest. No correlation was found for the terminology of big data 

to the other questions raised. 

 

Table II. Scores for big data’s application in SCM 

Factor 

 

Big data's application is, especially, useful in? 

First  

answer 

Second 

answer 

 Mean S.D. Mean S.D. 

Sourcing  

processes  

(SOU) 

SOU1 Decision support for purchasing? 4.3 .72 4.3 .72 

SOU2 Providing information for supplier negotiations? 4.1 .57 4.1 .57 

SOU3 Assessing supplier performance? 3.9 .70 3.9 .66 

SOU4 Supplier integration and data sharing? 3.9 .73 3.9 .70 

SOU5 Identifying and evaluating sourcing options for products and suppliers? 3.6 .76 3.7 .65 

SOU6 Automated purchasing decisions? 3.7 1.08 3.7 1.08 

SOU7 Benchmarking the sourcing process? 3.6 .59 3.6 .59 

  Overall 3.9 .37 3.9 .38 

Manufacturing 

processes  

(MAN) 

MAN1 Identifying optimization possibilities? 4.4 .50 4.4 .50 

MAN2 Identifying root causes regarding manufacturing issues? 4.1 .54 4.1 .54 

MAN3 Gaining insights about manufacturing processes? 4.0 .85 4.0 .85 

MAN4 Assessing manufacturing performance? 3.9 .85 3.9 .85 

MAN5 Digitalizing manufacturing processes? 3.7 .87 3.7 .73 

MAN6 Understanding manufacturing cost structures and product profitability? 3.7 .99 3.7 .99 

MAN7 Designing flexible manufacturing setups? 3.4 .68 3.3 .67 

  Overall 3.9 .46 3.9 .46 

Service  

processes 

(SER) 

SER1 Identifying customer segments? 4.6 .75 4.7 .66 

SER2 Gaining customer insights? 4.6 .51 4.6 .50 

SER3 Adjusting existing service offerings? 4.4 .51 4.4 .51 

SER4 Customizing service offerings? 4.4 .51 4.4 .51 

SER5 Practicing direct marketing to specific customers? 4.4 .68 4.4 .68 

SER6 Developing new service offerings? 4.3 .57 4.3 .57 

SER7 Learning from and reacting to customer assessments? 4.1 .77 4.1 .77 

SER8 Supporting interaction with customers? 4.1 .77 4.1 .79 

  Overall 4.4 .41 4.4 .42 

Logistics  

processes  

(LOG) 

LOG1 Gaining logistical insights (e.g. by tracking movement and identifying 

waste)? 

4.4 .51 4.4 .51 

LOG2 Assessing logistical performance 4.1 .79 4.2 .60 

LOG3 Informing suppliers and customers on operational logistical performance 

(e.g. delays)? 

4.2 .70 4.1 .67 

LOG4 Scheduling transportation (e.g. products and employees)? 4.1 .76 4.1 .76 

LOG5 Designing logistics networks? 3.9 .72 3.9 .72 

LOG6 Identifying and evaluating logistical options? 4.0 .89 3.9 .85 

 Overall 4.1 .47 4.1 .48 

Planning  

processes 

(PLA) 

PLA1 Forecasting independent demand (e.g. finished goods)? 4.4 .51 4.4 .51 

PLA2 Gaining insights about end-user consumption for existing products? 4.3 .47 4.3 .47 

PLA3 Determining appropriate demand and supply strategy? 4.1 .55 4.1 .55 

PLA4 Assessing planning performance? 4.1 .77 4.1 .77 

PLA5 Planning dependent demand (e.g. raw materials)? 4.0 .83 4.0 .73 

PLA6 Gaining insights about end-user consumption for new product releases? 3.9 1.02 4.0 .92 

PLA7 Conducting scenario and contingency planning? 3.8 .94 3.8 .86 

 Overall 4.1 .53 4.1 .50 

Return  

processes 

(RET) 

RET1 Learning from customer complaints? 4.3 .64 4.4 .59 

RET2 Identifying root causes for defects? 4.2 .95 4.3 .87 

RET3 Predicting return rates? 4.1 .79 4.2 .67 

RET4 Assessing return process performance? 3.8 .70 3.7 .64 

 Overall 4.1 .51 4.1 .43 

Note: First answer (N=19), second answer (N=21) 
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Table V shows the correlation between digital strategies, where a significant correlation 

(significant level at 99 percent) was found between a digitalization strategy on a company 

level and a digital strategy on each business process area except for digital return management 

(significant level at 95 percent). The mean values are medium to low, where the highest 

scores are found on digital planning, digital service and digital logistics. Digital supply, 

digital manufacturing and digital return management ranked the lowest. Additional correlation 

analyses were applied. The first was between digitalization strategy on corporate level toward 

the actual need and degree of investments on big data analytics. The second was about digital 

strategies on each business process area toward the actual need and degree of investments on 

big data analytics. However, no significant correlation was found on either. This suggests that 

the digital strategies applied do not include big data analytics.  

Table VI displays the actual and need investments in big data analytics. The scores are 

medium to low, showing a rather slow adoption of big data. When asking specifically on big 

data, it shows that planning, logistics and service processes again have the highest scores, 

whereas sourcing, manufacturing and return processes have the lowest scores. For all 

processes it could be concluded that the actual need for big data is higher than its current 

investments, which indicates that supply chain managers see a potential to use big data, but 

this is not a part of the digital strategy and the budgets for developing their supply chain 

practices. 

 

Table III. Prioritization of big data’s application in SCM 

To which processes is big data most applicable? 
First answers Second answers 

Mean S.D. Mean S.D. 

LOG Logistics 4.5 1.37 5.3 1.20 

SER Service 4.3 1.68 4.7 1.20 

PLA Planning 4.1 1.60 4.1 .91 

MAN Manufacturing 3.6 1.32 3.2 .89 

SOU Sourcing 2.9 1.42 2.2 1.18 

RET Return 1.6 .87 1.4 .81 

Note: A score of 6 indicates that the respondents consider the application most important, whereas a score of 1 is least important. 

Note: First answer (N=19), second answer (N=21) 
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Table IV. Degree of pursuing a data-driven supply chain and its relevance 

Big data attribute  Mean S.D. 

Apply visualization techniques making complex data simple to the decision maker 

(DAM) 

Relevance 3.14 1.16 

Actual 2.49 1.18 

IT-enabled processes for fact-driven decision-making (DAU) Relevance 3.12 1.00 

Actual 2.63 .92 

Determine optimal decision (DAU) Relevance 3.12 1.02 

Actual 2.51 .99 

Identify problems and opportunities within existing processes (DAU) Relevance 3.08 1.05 

Actual 2.59 1.01 

Automated data collection methods (DAC) Relevance 2.92 1.31 

Actual 2.35 1.12 

Cross data and cross system analysis (DAM) Relevance 2.90 1.15 

Actual 2.41 1.14 

Integrate multiple data sources (DAC) Relevance 2.88 1.17 

Actual 2.35 1.04 

Discover explanatory and predictive patterns (DAU) Relevance 2.84 1.09 

Actual 2.33 1.02 

Apply advanced data analysis methods (DAM) Relevance 2.76 1.08 

Actual 2.37 1.00 

Store large amounts of data (DAC) Relevance 2.59 1.12 

Actual 2.35 1.00 
Note: N=49 for all questions 

 

Table V. Correlation between digital strategies 

To which degree does your 

company pursue digital 

strategies within: 

Mean S.D. Factor 

To which degree does your 

company have an explicit 

digitalization strategy?  

Digital planning 3.02 1.12 Digital planning Correlation ,490** 

P-value 0 

Digital services 2.96 1.09 Digital services Correlation ,439** 

P-value 0,002 

Digital logistics 2.92 1.03 Digital logistics Correlation ,563** 

P-value 0 

Digital supply 2.76 1.08 Digital supply Correlation ,539** 

P-value 0 

Digital manufacturing 2.59 1.19 Digital manufacturing Correlation ,456** 

P-value 0,001 

Digital return management 2.27 1.01 Digital return management Correlation ,340* 

P-value 0,017 

**. Correlation is significant at the 0.01 level (2-tailed). 

*. Correlation is significant at the 0.05 level (2-tailed). 

Note: N=49 for all questions 
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Table VI. Actual need and current investments in  

big data analytics 
Factor  N Mean S.D. 

Planning (PLA) Actual need 43 3.19 1.04 

Current investments 44 2.82 1.09 

Logistics (LOG) Actual need 42 3.07 .86 

Current investments 43 2.79 .98 

Service (SER) Actual need 43 2.84 1.01 

Current investments 43 2.65 1.01 

Sourcing (SOU) Actual need 40 2.50 1.16 

Current investments 41 2.27 1.10 

Manufacturing (MAN) Actual need 36 2.44 1.04 

Current investments 35 2.29 1.11 

Return (RET) Actual need 38 2.16 .93 

Current investments 38 2.08 .96 

 

5. Discussion and analysis  

This study has applied a mixed-method methodology containing a Delphi study and a 

questionnaire-survey on the terminology and application of big data in SCM. Based on the 

results, three topics are up for discussion: terminology, application and adoption. 

 

5.1 Terminology  

There have been various views regarding the terminology of big data, for which extant 

publications have used similar terms such as SCM data science, predictive analytics, business 

analytics, supply chain analytics, and big data analytics (Sanders, 2016; Schoenherr and 

Speier-Pero, 2015; Waller and Fawcett, 2013; Wang et al., 2016). Variation in terminology 

usage makes it difficult to identify what big data is and what it is not. We have obtained some 

guidance about how big data may be understood in SCM by asking a group of experts on how 

they perceive big data in relation to data collection, data management and data utilization (Bi 

and Cochran, 2014). The findings indicate that big data is more about data collection than of 

data management and data utilization, and big data is mostly focused on combining various 

data sets for cross-data and cross-system analysis. Chae et al. (2014) found that data 

management resources are the key building block for supply chain analytics, which also can 

be stated in the context of big data because all scores from the Delphi study related to the big 

data terminology in SCM are rather high. This could be an indication that big data is a term 

that incorporates terminologies like business analytics and business intelligence, but with 

additional perspectives. However, the questionnaire-survey revealed that the actual 

application and perceived relevance of applying big data analytics is considered less 

widespread among the supply chain executes than the hype suggests in extant literature 

(Frizzo-Barker et al., 2016). Furthermore, the fact that data collection is rated highest is an 
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indication that companies have not yet been able to utilize their vast amount of data available, 

and, as a result, rate data management and utilization as having less importance when 

determining the terminology of big data. In addition, the supply chain executives responded in 

the questionnaire-survey that applying advanced analytic methods is not of highest relevance, 

rather it is to realize IT-enabled and fact-based decision making and thus helping decision 

makers through data and information visualization. 

 

5.2 Application  

The applications listed for each process area via the Delphi study is the first study to address 

big data in the SCOR process framework equal to earlier studies on e.g. business analytics 

and supply chain analytics (Oliveira et al., 2012; Souza, 2014). The added aspects of service 

and return processes in SCM have been proved valid as its statements received significantly 

high scores. This empirical founded guidance has not been obtained in earlier studies. The 

applications already identified in literature cover a wide range of areas to which big data can 

be applied (Li et al., 2015; Sanders, 2016; Souza, 2014; Wang et al., 2016). This study mostly 

confirms existing applications, though, a few new applications are also identified. Examples 

of new applications would be supporting interaction with customers, learning from customer 

assessments, a differentiation between independent and dependent demand forecasting and all 

applications in return processes have previously not been covered. Although this study has 

identified some new areas of application, the applications listed should not be considered 

exhaustive. The Delphi approach has been guided by brainstorming and not by existing 

literature. For instance, some application areas related to sell, e.g., prize optimizations, were 

not identified (Sanders, 2016). Furthermore, the aspects of supply chain network design and 

decisions on the supply chain infrastructure (Wang et al., 2016) had very limited focus in our 

study. Aspects related to product lifecycle were neither fully identified, e.g., utility and 

maintenance aspects, nor were product recovery decisions (Li et al., 2015). These missing, yet 

important, applications were not identified in our study, which indicate that the field of big 

data in SCM still is evolving and that many opportunities for utilizing big data exist for many 

business process purposes. 

 

5.3 Adoption  

The Delphi study findings have shown high scores for the application of big data and the 

expected value that resides in the utilization of big data is high (Addo-Tenkorang and Helo, 

2016). However, the results from the 49 supply chain executives reveal another perspective. 
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Extant literature acknowledges big data as an emerging phenomenon that still has to prove its 

value (Matthias et al., 2017). The questionnaire-survey findings suggest that digital strategies 

are weak on the agenda both on a company and a supply chain level, where also the actual 

need and current investments on big data receive medium to low scores. Furthermore, a 

significant correlation was found between digital strategy on a company level and digital 

strategy on process levels, but when doing a correlation analysis between big data analytics 

and digitalization strategies, there were no significant correlations found. This finding may be 

biased by a small sample size, but this initial finding suggests that big data is weak on the 

digital agenda for supply chain executives, emphasizing that big data still is in its emerging 

phase. 

 

6. Conclusions  

This study has deployed a sequential mixed-method design to further understand big data and 

its application in SCM. The first study was explorative, where a three round Delphi study 

assessed and ranked 19 statements on the terminology of big data and identified 39 

applications of big data using an adjusted SCOR process framework. The second study was a 

questionnaire-survey among supply chain executives to further elucidate the findings found in 

the Delphi study and to assess the practical use of big data for supply chain purposes. The 

foremost finding of this mixed-method study is that the processes of logistics, service and 

planning are found most beneficial for big data, whereas the process of sourcing, 

manufacturing and return management are found less beneficial. Furthermore, the Delphi 

study suggests that big data is more about data collection than of data management and data 

utilization. Finally, a correlation analysis did not show a relationship between digital 

strategies and big data analytics, where both digitalization and big data seems to have a slow 

adoption into SCM practices. 

 

6.1 Limitations  

This study has sought to enhance the construction validity through method triangulation by 

using a sequential mixed-method approach. But given the exploratory nature of this research 

limitations exist. In general, the findings have limited generalizability for two reasons. One 

being that the Delphi study is explorative, where the expert knowledge may not fully capture 

the general perception and application of big data. Therefore, the applications listed should 

not be considered exhaustive. The other being that the questionnaire-survey includes a small 
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sample size and was only carried out in a Danish context. Furthermore, Richey et al. (2016) 

points that many perceptions of big data exist among SCM managers, which is a potential bias 

for this study. 

 

6.2 Theoretical implications  

Extant research lacks empirical contributions, where big data’s application in SCM is 

rather elusive and proper guidance to practitioners are weakly established (Matthias et al., 

2017; Richey et al., 2016; Schoenherr and Speier-Pero, 2015); therefore, a central 

contribution of this paper is its movement of the big data conversation based on empirical 

insights. Big data has been a rather confused concept in SCM (Richey et al., 2016) and this 

study adds practitioners’ point of view to the discussion in regard to the terminology and 

application of big data. Extant research has sought to further understand big data, where the 

volume, variety, velocity, veracity and value characteristics of big data seem to be agreed 

upon (Fosso Wamba et al., 2015) and several data value chains and architectures have been 

developed (Bi and Cochran, 2014; Biswas and Sen, 2016; Hofmann, 2017; Phillips-Wren et 

al., 2015; Rehman et al., 2016). Though, these do not take practitioners point of view into 

account. This study contributes by adding practitioners’ perception related to data collection, 

data management and data utilization, which could enrich the ongoing discussion on the 

concept of big data.  

Earlier studies have identified a variety of applications of big data in SCM (Li et al., 2015; 

Sanders, 2016; Wang et al., 2016), but all applications identified have not been ranked against 

each other to allow priorities. Furthermore, existing literature have put most emphasis on 

manufacturing, procurement and logistics (Lamba and Singh, 2017). Though, when asking 

SCM practitioners, this study finds that big data is most beneficial in the processes of 

logistics, planning and service; the processes of manufacturing, sourcing and return 

management is found less beneficial for big data. This contribution is rather profound as the 

Delphi study and the questionnaire-survey confirms each other findings on this question. 

Therefore, existing literature might not properly address SCM practitioners focus areas for 

applying big data. Most applications identified have been covered by existing studies; thus, 

the contribution resides that the Delphi panel has ranked specific applications for big data and 

have thereby provided an indication to the most beneficial applications within each business 

process. Applications for return processes have not before been treated in literature, which is a 

contribution by itself. 
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Finally, even though the hype of big data seems rather high with many promising research 

directions (Frizzo-Barker et al., 2016; Mishra et al., 2016), the actual application of big data 

and the current investments indicate a rather slow adoption of big data, where big data is 

weakly in the strategic agenda for the digitalization of SCM practices. 

 

6.3 Practical implications  

The findings of the present study could hopefully help supply chain managers and 

executive officers to better understand big data and its potential applications. The findings are 

based on experts and SCM executives who have shed light on the terminology of big data 

from a SCM perspective. This study highlights that big data is not well understood and that 

the adoption of big data is limited. Thus, by providing empirical insights and guidance toward 

big data applications in SCM, this study could potentially enable big data to become an 

integral part of SCM and digitalization strategies. In this regard, the findings provided can be 

used as a guidance to discuss potential focus areas and investments of big data. The 

applications are not exhaustive and supply chain managers ought to also seek inspiration from 

earlier studies on the application of big data. Furthermore, the findings are generic and not 

context specific and managers should also take their industry, maturity, role in the supply 

chain and other company specific aspects into consideration. 

 

6.4 Future directions  

Five areas for future research are suggested to be further pursued. First, extant research has 

sought to establish overviews of the application of big data, including this study, which covers 

SCM as a broad discipline. These overviews provide only initial guidance because the 

application of big data is context dependent. Therefore, future research on the application of 

big data should attempt to include factors like industries, market dynamics and maturity 

levels, while considering the companies’ role in the supply chain. Second, future research 

should seek more in-depth studies on specific applications that can guide practitioners on 

what data sources are needed, what analytic techniques to apply and how each specific 

application can be implemented and integrated into existing business practices. Third, the 

questionnaire-survey of this study represents a small sample and could contain bias. 

Therefore, large-scale surveys would be valuable to further quantify the adoption and 

application of big data. Fourth, existing research on big data seem to focus mostly on large 

companies (Frizzo-Barker et al., 2016), but big data could also be for small and medium sized 

companies. In this regard, the practices among different firm sizes could be included in future 
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research. Fifth, this study has also indicated a slow adoption of digitalization and big data in 

SCM, which should be further investigated. It is known that barriers exist for implementing 

big data (Kache and Seuring, 2017), but little seems to be known on how to overcome these 

barriers. Therefore, future research are encouraged to help supply chain executives in 

developing data-driven supply chains that incorporate big data into the larger digitalization 

agenda, where other emerging technologies also are affecting the adoption of big data. 
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1. Introduction  

The practices of supply chain management (SCM) are faced with technological 

innovations that disrupt and change current supply chain configurations (MacCarthy et al., 

2016). Noteworthy is that business processes become increasingly data dependent, and data-

derived insights are seen as an instrument to improve supply chain performance, in which the 

concepts of big data and business analytics offer better decision-making practices to improve 

firm-level and process-level performance (McAfee and Brynjolfsson, 2012; Ramanathan et 

al., 2017). Big data is viewed as a new management paradigm and is based on the premise 

that intuition and discursive reasoning are being enhanced by logic, facts and evidence for 

more effective decision making (Mortenson et al., 2015). The emergence of big data is being 

introduced as a new frontier for IT-enabled SCM that has caught practitioner interest because 

it can increase the value delivered to customers, but, at this stage, not much is known about 

how to generate business value from big data (Fosso Wamba, Akter, Coltman and Ngai, 

2015). Scholars and practitioners recognize a valuable opportunity to utilize the vast, fast and 

diverse characteristics of data; however, the current body of literature has limitations 

concerning how to realize the expected value of big data (Kache and Seuring, 2017; Matthias 

et al., 2017; Schoenherr and Speier-Pero, 2015; Waller and Fawcett, 2013a). From a scholarly 

perspective, forward-looking research identifies big data, analytics and decision making as 

important themes for the future of SCM research (Wieland et al., 2016). Thus, value is 

expected from the utilization of big data, and, as this study will show, the value of big data in 

SCM includes several dimensions and cannot be understood as a singular concept.  

Existing research on big data in SCM has steadily increased over the past few years with a 

primary focus on applications within procurement, manufacturing and logistics (Lamba and 

Singh, 2017). Researchers have sought to define big data in relation to “3Vs”(volume, variety 

and velocity) or “5Vs” (volume, variety, velocity, veracity and value), but it is questioned if 

all these conditions need to be met in order to qualify as big data (Roden et al., 2017). 

Therefore, the concept of big data in SCM is not well-established, fundamental theories are 

underdeveloped and researchers need a healthy skepticism toward our current knowledge until 

rigorous research has been done (Fosso Wamba, Ngai, Riggins and Akter, 2017; Frizzo-

Barker et al., 2016; George et al., 2014; Waller and Fawcett, 2013a). The result hereof is that 

the SCM construct of big data is somewhat confusing, weakly understood, perceived 

differently and showing that theory and practice are misaligned (Phillips-Wren et al., 2015; 

Richey et al., 2016). There is fundamentally a need to increase our understanding of big data, 
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and companies need guidance on how to leverage the enormous number of data available to 

achieve business value (George et al., 2014). 

 The purpose of this study is to mitigate the weakly understood nature of big data and to 

move toward a higher level of understanding concerning the value of big data in SCM from a 

business process perspective. Thus, business processes are adopted as the unit of analysis with 

the aim of identifying the pertinent constructs and assimilated measures. By drawing upon 

business process theory and value theory as theoretical lenses, the aim is furthermore to offer 

a big data SCM framework and to make propositions that can direct future research. A 

content-analysis-based literature review has been conducted using existing big data and SCM 

peer-reviewed literature. An inductive coding procedure has been used to synthesize the 

content of 72 articles that have been systematically analyzed in three iterations.  

Following this introduction, the paper continues with a literature section to outline big 

data, business process theory and value theory. Section 3 describes the methodology and the 

activities conducted. Section 4 presents the big data SCM framework, its value dimensions 

and the constructs. Section 5 discusses and introduces research propositions. Finally, Section 

6 concludes the findings and highlights implications. 

 

2. Literature  

SCM is mostly described in terms of processes, more specifically, as chains of activities 

(Burgess et al., 2006). The nature of business processes is to deliver value on a consistent 

basis to customers and consumers (Al-Mudimigh et al., 2004). Several frameworks have been 

introduced in the history of SCM, e.g., the supply chain integration model that emphasizes the 

need to control materials and information flows through value-adding processes (Stevens, 

1989), the global supply chain forum model that conceptualizes eight generic cross-functional 

processes (Lambert et al., 1998) and the supply chain operations reference model that 

introduces plan, source, make, deliver and return as the central processes (Stewart, 1997). 

Stevens and Johnson (2016) argued that supply chain integration is the foundation for SCM 

through the alignment, linkage and coordination of people, processes, information, knowledge 

and strategies across the supply chain to facilitate the efficient and effective flows of material, 

money, information and knowledge in response to customer needs. These central 

contributions to SCM have business processes as a grounded element of SCM. Therefore, this 

study adopts business processes as an appropriate unit of analysis. 
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2.1 Big data in SCM  

Big data, associated with prior and adjacent terminologies like business analytics and 

business intelligence, has emerged as a stand-alone concept, in which traditional analytic 

techniques are advancing and require new ways of handling (Chen et al., 2012). The general 

assumption is that big data can help companies understand their business environments at a 

more granular level and thereby meet market requirements in relation to products and services 

(Davenport et al., 2012). From a business process perspective, big data and business analytics 

may create a new class of economic asset and help companies redefine their business and 

outperform their competitors (Fosso Wamba and Mishra, 2017). Existing literature tend to 

agree that big data can be defined with 3Vs: volume, variety and velocity (Fosso Wamba, 

Akter, Edwards, Chopin and Gnanzou, 2015; Frizzo-Barker et al., 2016). Scholars have 

introduced several aspects to the concept of big data in SCM. Waller and Fawcett (2013a) 

used the term “SCM data science” and described it as the application of quantitative and 

qualitative methods from a variety of disciplines in combination with supply chain theory to 

solve supply chain problems and predict outcomes. Richey et al. (2016) argued that big data is 

structured and unstructured relationship-based information unique to its holder. Wang et al. 

(2016) addressed big data and business analytics as synonyms for supply chain analytics, and 

Kache and Seuring (2017) related big data to the application of advanced analytics. 

 

2.2 Business process theory  

Business processes are widely described as series of interrelated activities crossing 

functional boundaries with inputs and outputs (Armistead and Machin, 1997). The early 

literature on business processes distinguish between business process reengineering (BPR) 

and total quality management (TQM), with a focus on either effectiveness or efficiency 

(Nadarajah and Kadir, 2014). The essence of BPR is to break away from old rules and 

traditional assumptions by taking advantage of information technology and redesigning 

business processes to achieve dramatic improvements in performance (Hammer, 1990). 

Consequently, reengineering decisions come with certain risks and cases of failure, which 

have abridged the radical approach to a less radical nature assimilated to, e.g., business 

transformation, process innovation and business process redesign (Grover and Malhotra, 

1997). TQM represents an approach for incremental improvements as an opponent to the one-

off radical changes associated with BPR (Armistead and Machin, 1997). TQM, along with 

other philosophies like Lean and Six Sigma, seeks to improve productivity on an ongoing 

basis by following certain practices and methods (Stevens and Johnson, 2016).  
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BPR and TQM as two distinct approaches have evolved into an overarching concept of 

business process management (BPM; Paim et al., 2008). BPM analyzes, designs, develops 

and executes business processes while also ensuring the interaction, control and optimization 

of these processes (Morais et al., 2014). In this regard, generic capability and maturity models 

have been offered to orient and pave the way for process improvements by describing the 

development from immature to highly developed BPM practices (Röglinger et al., 2012). 

BPM operates with process principles and BPM tools to increase the business process 

orientation of the company, which emphasizes that processes should grant special attention to 

outcomes and customer satisfaction (Hammer, 2010; Škrinjar and Trkman, 2013). By this, 

BPM seeks to make a transition from functional-based management to process-oriented 

management with three archetypes of organizational structures: functional, functional with 

transversal processes and horizontal processes (Aparecida da Silva et al., 2012). Opponents of 

BPM argue that BPM mostly is focused on continuous improvement of processes rather than 

thorough reengineering (Škrinjar and Trkman, 2013); however, BPM supports companies’ 

improvement in both organizational efficiency and effectiveness and has been moving away 

from its operational roots (Işik et al., 2013).  

With this background on business process theory, this study adopts effectiveness and 

efficiency as central elements to SCM. Benner and Tushman (2003) highlighted the tension 

between effectiveness and efficiency as ambidexterity and state that the difference exists in 

either exploring or exploiting resources to improve performance. For business process 

effectiveness, the aim is to introduce innovations and process redesigns by exploring 

company resources as a mean to address business process goals. For business process 

efficiency, the aim is to continuously exploit existing company resources to better manage 

and improve the output of the current process configurations. 

 

2.3 Value theory  

The term value has been widely associated with big data, and there have been contributions 

studying the relationship between big data and firm performance (e.g. Côrte-Real et al., 2017; 

Gunasekaran et al., 2017). However, firm performance does not solely cover the concept of 

value. George et al. (2014) argued that we need to understand big data through value creation 

and value capture, and Sheng et al. (2017) found that big data value originates in the process 

of value discovery, value creation and value realization. Neither publication, however, 

thoroughly explains and studies the concept of value.  
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Bowman and Ambrosini (2000) argued that a resource is valuable if it exploits and/or 

neutralizes threats in a firm’s environment and enables the firm to implement strategies to 

improve effectiveness and efficiency. They distinguished between “use value” as a subjective 

measure perceived by the customer and “exchange value” which is realized when the product 

is sold and represent the price of the product. Lepak et al. (2007) further elaborated that use 

value refers to the specific quality of a new job, task, product or service as perceived by users 

in relation to their needs; they also stated that exchange value is either the monetary amount 

realized at a certain point in time, when the exchange of the new task, good, service or 

product takes place, or the amount paid by the user to the seller for the use value of the focal 

task, job, product or service. Later, Bowman and Ambrosini (2010) proposed that value has 

different meanings to different stakeholders of the company, i.e., suppliers, investors, 

employees and customers. To the company, use value is either embedded as human resources 

or is made of bought and built separate assets that, when combined, create new use value for 

customers. In this regard, the firm applies tangible resources (e.g. people and components) 

and intangible resources (e.g. data and information) to provide high use value for the optimal 

exchange value.  

Value creation strategies require different organizational structures and processes, e.g., by 

the reconfiguration of assets and resources or by leveraging a replication of process or system 

to another domain area (Ambrosini et al., 2011). In SCM, the term “value chain” refers to a 

series of integrated, dependent processes through which specifications are transformed to 

finished deliverables, with the main focus of delivering value to customers (Al-Mudimigh et 

al., 2004). Treacy and Wiersema’s (1993) work on value disciplines (i.e. customer intimacy, 

operational excellence and product leadership) represents strategic trade-offs and outlines 

different requirements to the configuration of processes. 

 

3. Methodology  

For this study, a content-analysis-based literature review has been conducted. Big data is a 

rather new phenomenon and the literature is moving fast, with a significant growth in 

academic contributions (Frizzo-Barker et al., 2016; Lamba and Singh, 2017; Sheng et al., 

2017). Therefore, there is a substantial amount of literature upon which to ground a content-

analysis-based literature review. Previous literature reviews on big data in SCM have focused 

on strategic and operational applications (Wang et al., 2016); trends within procurement, 

manufacturing and logistics (Lamba and Singh, 2017); and the identification of research 
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clusters to suggest future research directions (Mishra et al., 2016). This literature review 

differs in its unit of analysis and its inductive synthesis of literature.  

A literature review is defined as “a desk-based method involving the secondary analysis of 

explicit knowledge, so abstract concepts of explicit and tacit knowledge are explored […] 

creating a new dimension of fresh perspective that makes a distinct contribution” ( Jesson et 

al., 2011, pp. 9-10). Literature reviews are considered an effective approach to creating a firm 

foundation for advancing knowledge and facilitating further theory development, e.g., by 

establishing conceptual models and propositions (Webster and Watson, 2002). A content 

analysis is a method for text analysis through the subjective interpretation of the content of 

text data and involves a systematic process of coding to identify themes or patterns (Hsieh and 

Shannon, 2005). A content-analysis-based literature review synthesizes the content of a 

research phenomenon by systematic coding and qualitative analysis of existing research 

articles. Seuring and Gold’s (2012) approach has been adopted through the milestones of 

material collection, descriptive analysis, pattern of analytic categories and material evaluation. 

An inductive approach is embedded throughout this study by constantly comparing categories 

and data (Seuring and Gold, 2012). The milestones have been completed in three iterations; 

an overview of these activities is provided in Table I. 

 

3.1 Material collection  

The databases selected as search engines were EBSCO, Web of Science, Science Direct, 

Engineering Village and IEEE Explore, thereby covering the majority of business, operations 

management, SCM, decision science and information science research. Advanced searches 

used the following criteria: “big data” in title “AND” “supply chain*” in text as dual criteria. 

The inclusion criteria were that all articles should be peer reviewed, in English and available 

for full-text download. Conference publications were included because of the immature 

research phase of big data. The material collection added up to 391 hits. After duplicates were 

removed, 241 articles met the search criteria. Articles were excluded if they did not have a 

significant focus on SCM or a SCM discipline either throughout the entire article or within a 

specific section. The SCM definition by Mentzer et al. (2001) was used as a guideline to 

exclude articles: “the systemic, strategic coordination of the traditional business functions and 

the tactics across these business functions within a particular company and across businesses 

within the supply chain, for the purposes of improving the long term performance of the 

individual companies and the supply chain as a whole” (p. 18). The exclusion process had 

three phases: 
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(1)  a rough cut based on title and dissemination outlet to remove articles that were out of 

SCM scope;  

(2)  an abstract, keyword and skim-through cut to remove articles that did not include any 

section on SCM or a SCM discipline; and  

(3)   a reading cut to remove articles whose SCM sections or related sections had too little 

focus on SCM. 

 

Finally, 72 articles met the criteria and were selected as a basis for the content analysis. 

The full reference list of the included articles is provided in the Appendix. 

 

Table I. Method and iteration overview 

   1st iteration 
(jan-16) 

2nd iteration 
(may-16) 

3rd iteration 
(apr-17) 

Literature search procedure    

EBSCO 
(Academic search 
premier & Business 
source complete) 

• Criteria 1: “big data”-title AND  

• Criteria 2: "supply chain*"-text 

• Filter: peer-reviewed, English, full text 

27 45 62 

Science Direct • Criteria 1: "big data"-title AND 

• Criteria 2: "supply chain*"-all fields 

• Filter: journals 

29 42 82 

Web of Science • Criteria 1: "big data"-title AND  

• Criteria 2: "Supply chain*"-topic 

29 37 86 

IEEE Explore • Criteria 1: "big data"-document title 
AND  

• Criteria 2: "supply chain*"-abstract 

14 14 19 

Engineering Village 
(Compendex & Inspec) 

• Criteria 1: "big data"-title AND  

• Criteria 2: "supply chain*"-all fields,  

• Filter: English 

67 82 142 

Total search hits  166 220 391 

Analytic procedure     
Inclusion and exclusion of articles incl. reading x x x 
Descriptive info documented x x x 
Identifying core sections and figures/tables x x x 
Coding of sections (all articles) x x  
Coding of sections (sample articles)   x 
Draft constructs and framework x   
Revise constructs and framework  x x 
Relate to business process theory and value theory    x 
Proposition development   x 
Academic / conference feedback x x  
Practitioner feedback  x  
Review feedback   x 

 

3.2 Descriptive analysis  

Descriptive information for each article was documented for author(s), title, year, outlet 

type, outlet name, method and empirical basis. As presented in Figure I, there are 49 journal 
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publications and 23 conference publications, and all work has been published within a five-

year period. Table II presents the methods applied. Conceptual research designs are most 

used, followed by case studies and experiments. The least used methods are grounded 

methods, mixed methods, literature reviews and surveys. In total, there are 38 non-empirical 

contributions, including conceptual methods and literature reviews, and 34 empirical 

contributions, including case studies, surveys, mixed methods and grounded methods. 

Experiment contributions include four empirical experiments and six non-empirical 

simulations. 

 

 

Figure I. Yearly distribution of publications 

 

Table II. Distribution between research methods 

Research design Reference Total 

Conceptual (Amudhavel et al., 2015; Biswas and Sen, 2016; Bohlouli et al., 2014; Choi 

et al., 2017; Fan et al., 2015; George et al., 2014; Ghosh, 2015; Gölzer et 

al., 2015; Hazen et al., 2016; He et al., 2013; Ittmann, 2015; Leveling et al., 

2014; Li et al., 2015; Lu et al., 2013; Neaga et al., 2015; Opresnik and 

Taisch, 2015; Rehman et al., 2016; Robak and Zielonogórski, 2013; 

Vanauer et al., 2015; Vera-Baquero, et al., 2015a, 2015b, Waller and 

Fawcett, 2013a, 2013b; Witkowski, 2017; Zhong, Newman, et al., 2016) 

25 

Case study (Braganza et al., 2017; Chircu et al., 2014; Dutta and Bose, 2015; Hazen et 

al., 2014; Jin and Ji, 2013; Lee et al., 2014, 2015; Ma et al., 2015; Tan et 

al., 2015; Vera-Baquero et al., 2015c; Vera-Baquero et al., 2014; Zhang et 

al., 2017; Zhao et al., 2017; Zhong, Lan, et al., 2016) 

14 

Experiments (Hofmann, 2017; Hseush et al., 2013; Ji and Wang, 2017; Liu and Yi, 

2016; Liu and Wang, 2016; Mehmood et al., 2017; Vera-Baquero et al., 

2016; Zage et al., 2013; Zhong et al., 2015, 2017) 

10 

Survey (Bughin, 2016; Chen et al., 2015; Chen and Zhang, 2014; Côrte-Real et al., 

2017; Dubey et al., 2016; Fosso Wamba, Gunasekaran, et al., 2017; 

Gunasekaran et al., 2017; Zhang and Cheng, 2016) 

8 

Literature reviews (Addo-Tenkorang and Helo, 2016; Babiceanu and Seker, 2016; Demirkan 

and Delen, 2013; Fosso Wamba and Akter, 2015; Frizzo-Barker et al., 

2016; Wang, Gunasekaran, et al., 2016) 

6 

Mixed methods (Fosso Wamba, Akter, Edwards, et al., 2015; Papadopoulos, Gunasekaran, 

Dubey, Altay, et al., 2017; Phillips-Wren et al., 2015; Sanders, 2016; 

Schoenherr and Speier-Pero, 2015; Wu et al., 2017) 

6 

Grounded methods (Boone et al., 2017; Kache and Seuring, 2017; Richey et al., 2016) 3 

4
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3.3 Analytic categories  

To analyze the large amount of text, core sections and figures/tables related to big data and 

SCM were identified. These sections were typically found in the chapters of introduction, 

literature, analysis and conclusion. Each identified section and figure/table went through a 

coding procedure, with the aim of highlighting concepts and sentences related to the input, 

activity and output in business processes within the scope of big data. In order to process the 

concepts identified, the methodology of Gioia et al. (2012) was adopted as a systematic 

approach for developing new concepts and is used to ensure qualitative rigor in the research 

results by providing a three-level data structure. By identifying first-order concepts and 

second-order themes, a conceptual framework related to the third-order aggregate dimensions 

of value discovery, value creation and value capture was developed. Then, based on construct 

definitions, each concept was linked to a specific construct to ensure that no construct had 

been overlooked. For the first and second iteration, all articles went through a coding process. 

In the third iteration, an overview of the articles was developed to understand their 

contributions, and sample articles were selected for coding to scan for any new concepts or 

categories; however, no new constructs were identified. 

 

3.4 Material evaluation  

The interpretation of the material required several drafts of the framework to be discussed 

among academia and practitioners, which have continuously refined the framework and 

validated the final result. The first draft was presented at a scholarly conference about 

operations and SCM, where review and audience feedback concerned SCM theory and 

practitioner validation. In the second iteration, the manuscript and its framework were further 

developed and subjected to feedback in a publishing workshop. In the third iteration, the 

intuitive understanding of the framework was tested by presenting the framework for bachelor 

and master students of SCM. Moreover, presentations at two large Danish companies were 

conducted for their immediate feedback. Finally, the review process of the paper also 

improved the framework and introduced business process theory and value theory as lenses 

for developing research propositions. 

 

4. A big data SCM framework  

To strengthen the current understanding of big data, a holistic big data SCM framework is 

presented in Figure II. A prerequisite for big data has been emphasized as value; however, a 
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single dimension of value is too simplistic a view, and big data in SCM needs to be 

understood with more granularities through the dimensions of value discovery, value creation 

and value capture:  

• Value discovery represents the ability to generate, locate, collect, store and govern 

trustworthy data that rely on a transparent, yet complex, network of systems, platforms 

and databases embedded with multiple data sources, diverse data characteristics and 

various technologies enabling collection, management, processing and analysis of data.  

• Value creation represents the use value of big data in domain-specific business 

processes and the ability to utilize the information generated from the big data 

ecosystem for strategic and/or operational decision making by using decision (support) 

systems. 

• Value capture represents the exchange value of big data and the strategic components 

enabling big-data-derived economic improvements, competitive gains, better 

performance or other incentives that are realized through value discovery and value 

creation activities.  

 

 

Figure II. Big data SCM framework 
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Business processes are central to the value creation of big data. On the one hand, business 

processes adopt strategic innovation through the exploration of data in order to implement 

more effective process configurations while, on the other hand, managing efficiency through 

exploiting existing data and systems in a faster way. The concepts of data first, problems first 

and business first represent different starting points for big data initiatives. The data first and 

business first concepts are the tension of whether to start exploring data by discovering 

insights that can be utilized in the business processes or to initiate big data projects as an 

outcome of business objectives (Vanauer et al., 2015). The aspect of problem first is adapted 

from Chen and Zhang (2014), who argued for big data problems. Here, a specific function or 

decision maker realizes difficulties with a decision-making practice and starts using big data 

to solve a problem at hand. In the next sub-sections and in Tables III-V, the constructs related 

to value discovery, value creation and value capture will be presented and defined by drawing 

on the most prevailing studies. 

 

4.1 Constructs of value discovery  

As shown in Table III, value discovery includes the constructs of big data ecosystem, data 

characteristics, data sources, technology and analytics. The big data ecosystem is a construct 

of an interconnected network of systems, platforms and databases that enables collection, 

management and extraction of multifaceted data. Ecosystem networks and IT architectures 

facilitate the utilization of big data; however, various overlapping conceptual frameworks for 

a big data ecosystem have been put forward in literature (Addo-Tenkorang and Helo, 2016; 

Demirkan and Delen, 2013; Hofmann, 2017; Phillips-Wren et al., 2015; Rehman et al., 2016; 

Zhong et al., 2017). The purpose of a big data ecosystem is to have a platform that acts as a 

“single source of truth” by means of a shared platform of data integration for all key 

stakeholders (Fosso Wamba, Akter, Edwards, Chopin and Gnanzou, 2015), where isolated 

systems are found inappropriate (Demirkan and Delen, 2013). 

Embedded are several data disciplines such as data aggregation, data reduction, data 

verification, data disposal, data management and governance procedures (Phillips-Wren et al., 

2015; Rehman et al., 2016). The frameworks for a big data ecosystem have certain 

denominators: • The creation and collection of data from multiple sources.  

• Data are stored and integrated in operational data warehouses.  

• Data are extracted from one or more data warehouses to which analytic techniques are 

applied for context-specific application and decision making.  

• Data and system governance is an embedded part of every step in the process. 
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Table III. Constructs of value discovery 
Construct (second order 

themes) 
Definition Measures (first order concepts) 

Big data ecosystem  An environment of 

interconnected systems, 

platforms and databases 

– Data collection 

– Data storage 

– Data aggregation 

– Data reduction 

– Data verification 

– Data quality 

– Data disposal 

– Data update 

– Data processing 

– Data standardization 

– Data management 

– Data ownership 

– Data sharing  

– Data dissemination 

– Database 

– System infrastructure 

– System architecture 

– System design 

– System integration 

– Big data eco system 

– Information system 

– Governance  

– Knowledge 

management 

– Security 

– Privacy 

Data characteristics The nature of data 

features 

– Volume 

– Variety 

– Velocity 

– Veracity 

– Variability 

– Volatility 

– Validation 

– Complexity  

– Structured data  

– Unstructured data 

– Internal data  

– External data 

– Open data 

– Closed data 

Data sources Generic sources for data 

collection 

– Product and machine 

data  

– Customer data 

– Supplier data 

– Performance data 

– Supply chain event 

data 

– Environmental data 

– Internet data 

– Market data 

– Financial data 

Technology Technologies that enable 

the collection, storage, 

processing and 

distribution of data 

– Information 

technology  

– Cloud 

– Sensor 

– RFID 

– Computer power / 

Hardware 

– Track & trace 

– Internet of things 

– 3D printing 

– Communication 

technologies 

– Physical internet 

– Wireless 

Analytics The processing of data 

into information 

– Simulation models 

– Statistical models 

– Optimization models 

– Descriptive analytics 

– Predictive analytics 

– Prescriptive analytics 

– Screening methods 

– Data mining 

– Validation 

– Quantitative methods 

– Business intelligence 

– Big data analytics  

– Algorithms 

– Machine learning 
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Table IV. Constructs of value creation 

Construct (second order 

themes) 
Definition Measures (first order concepts) 

Decision (support) systems A service-oriented 

information system 

enabling or supporting 

decision making 

– Data-as-a-service 

– Information-as-a-

service 

– Analytics-as-a-service 

– Infrastructure-as-a-

service 

– Platform-as-a-service 

– Software-as-a-service 

– Automated decision-

making 

– Human decision-

making 

– Communication 

platform 

– Information interfaces  

– Software 

– Data presentation / 

visualization 

– Centralized decision 

making 

– Decentralized decision 

making 

– System users 

– Decision database 

– Information platform 

Information utilization The application of 

information for domain-

specific purposes 

 

– Knowledge discovery 

process 

– Data manufacturing 

process 

– Actionable insights 

– Real time actions 

– Business analytics 

– Supply chain analytics 

– SCM data science 

– Business process 

analytics 

– Determining hidden 

knowledge 

– Business performance 

information  

– Analytic maturity 

applications 

– Deliver business 

insights 

– Abstracting valuable 

information 

Strategic decisions Strategic SCM 

applications that develop 

effective solutions 

– Problem detection 

– Problem solving 

– Supply chain design 

– Supply chain network 

design 

– Supplier relationship 

management 

– Customer relationship 

management 

– Supply chain 

innovation 

– Process redesign 

– Disaster resilience 

– Human resources 

– Business model 

development 

– Product design & 

development 

– Informing strategic 

direction 

– Partner choice 

– Servitization 

– Product lifecycle 

management 

– Market penetration 

– Green supply chain 

management 

Operational decisions Operational SCM 

applications that leverage 

efficient decision making 

– Performance 

management  

– Risk management 

– Inventory management 

– Logistics 

– Procurement 

– Manufacturing 

– Customer service 

– Sustainability 

– Maintenance 

– Planning 

– Monitoring 

– Sales and marketing 

– Business process 

improvement 

– Control tower 

– Resource management 
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Table V. Constructs of value capture 

Construct (second order 

themes) 
Definition Measures (first order concepts) 

Incentives  Motivational factors for 

the deployment of big 

data in SCM 

– Competitiveness 

– Profit maximization  

– Cost reduction 

– Meeting market and 

customer demand 

– Better customer 

service & experience 

– Stay-in-business 

– Innovation 

– New revenue streams  

– Growth 

– Understanding 

products, markets and 

customers  

– Operational efficiency  

– Market differentiation 

– Process transparency 

– Visible and flexible 

processes 

– Bargaining power 

– Responsiveness 

– Identify improvement 

opportunities 

– Value propositions 

– Exploit captured data 

– Better strategy 

execution 

– New business models 

– Market and industry 

evolvement 

– Better and faster 

decision-making 

Strategy Strategic components for 

the success of big data 

implementations 

– Project management 

– Holistic approach 

across functions 

– Strategic emphasis 

– Big data strategy 

– Big data generation 

– Big data exploitation 

– Supply chain strategy 

– Stakeholder 

management 

– Data analytic 

capabilities 

– Investments 

– Servitization 

– Organizational change 

– Business first vs. data 

first 

– Data scientists 

– Dynamic capabilities 

– Leadership 

commitment 

– Create and realize 

solutions 

– Analytics as a core 

competence 

– Data/Knowledge as an 

asset 

– Data-driven culture 

 

Part of the big data ecosystem is the constructs of data characteristics, data sources and 

technology. The data characteristics construct is not fully defined by the features of volume, 

variety, velocity and veracity. Other Vs, such as variability, have been put forward to describe 

that big data brings more variance and uncertainty than traditional data sets (Li et al., 2015). 

Babiceanu and Seker (2016) introduced volatility, verification and validation as additional Vs 

and argued that big data has a shorter life cycle, needs ensuring measurements and high-data 

transparency and that data generated should come from a purposeful process.  

The data source construct represents data from tiers of suppliers, different stand-alone and 

cross-functional internal processes to tiers of customers and consumers, where data can be 

created and gathered at different supply chain actors and used for a single company purpose 

(Hofmann, 2017). Thus, there is a variety of potential data sources upstream, internally and 

downstream. Examples of other key data sources are product and machine data (Li et al., 
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2015), customer data (Wang et al., 2016), supply chain event logs (Vera-Baquero, Colomo-

Palacios, Stantchev and Molloy, 2015), process performance data (Vera-Baquero et al., 

2015a), environmental data (Dubey et al., 2016) and market data (Sanders, 2016).  

The technology construct represents technologies that enable the collection, storage, 

processing and distribution of data. These technologies ensure automated data collection of 

high-quality, fast data-processing capabilities to store and integrate data, as well as the 

automation of administrative and repetitive tasks (Chen and Zhang, 2014). The technological 

concepts frequently identified are cloud, sensor, RFID, communication technologies, 

computer power and the Internet of Things (Li et al., 2015).  

Analytics as a construct extracts data from the big data ecosystem and process the data into 

information. Generally, a large range of analytic tools exists (Frizzo-Barker et al., 2016). 

Wang et al. (2016) identified simulation, statistical and optimization models as groupings of 

analytic techniques. A further categorization represents descriptive, predictive and 

prescriptive analytics (Rehman et al., 2016; Wang et al., 2016). Other techniques, such as data 

mining, machine learning, social network analysis and algorithms, are more advanced 

techniques for big data analytics (Chen and Zhang, 2014). 

 

4.2 Constructs of value creation  

As shown in Table IV, value creation includes the constructs of information utilization, 

decision systems, strategic decisions and operational decisions. The decision (support) system 

construct is a service-oriented information system enabling or supporting decision making 

that comes in different formats, i.e., data-as-a-service, information-as-a-service and analytics-

as-a-service (Demirkan and Delen, 2013), or as infrastructure-as-a-service, platform as-a-

service and software-as-a-service (Neaga et al., 2015). The decision systems have different 

functionalities, and the kind of decision system found appropriate for the specific process 

depends upon the application. Heterogeneous systems like ERP, CRM and business 

intelligence dashboards deal with standardized and structured data and have difficulties in 

dealing with unstructured data (Vera-Baquero et al., 2016). More customized systems are 

needed when dealing with the different data features embedded in big data.  

Information utilization as a construct is the application of information via a decision 

(support) system for domain-specific purposes. In this regard, big data is being adopted to 

domain-specific areas as business analytics, supply chain analytics, SCM data science or 

business process analytics (Phillips-Wren et al., 2015; Vera-Baquero et al., 2015a; Waller and 

Fawcett, 2013a; Wang et al., 2016). Information utilization determines knowledge, abstracts 
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valuable information in rich data sets and delivers business insights and actionable insights to 

specific supply chain applications (Rehman et al., 2016; Schoenherr and Speier-Pero, 2015). 

The utilization of information results in decision making that is enabled through an 

information flow as an output of a knowledge-discovery process (Chen and Zhang, 2014) or 

as a data-manufacturing process (Hazen et al., 2014). Furthermore, information utilization can 

be differentiated as either functional, process based, collaborative, agile or sustainable, 

representing different maturity levels (Wang et al., 2016).  

The strategic decision construct represents different application areas for effectively 

developing supply chain strategies within strategic sourcing, supply chain network design and 

product design and development (Wang et al., 2016). Examples of other applications span 

across various elements as part of the fully scoped product-life-cycle management (Li et al., 

2015). The aim is to explore innovation possibilities that create a better supply chain setup by 

integrating existing and new data sources (Tan et al., 2015), essentially, to develop the supply 

chain by means of process redesigns (Vera-Baquero et al., 2015a). 

The operational decision construct includes efficiently managing supply chain operations 

at tactical and operational levels and can be applied within sales, demand planning, 

procurement, production, inventory and logistics (Sanders, 2016; Wang et al., 2016). The 

operational applications seek to incorporate big data into already existing processes by 

exploiting existing data for process optimizations, better management practices and decision 

making on a continuous and standardized basis. Other application areas are enabled through 

the speed of data and information, where monitoring has been put to practice for, e.g., 

business process improvements and logistics tracking (Vera-Baquero et al., 2015a; Zhong et 

al., 2015). 

 

4.3 Constructs of value capture  

As shown in Table V, value capture includes the constructs of incentives and strategy. 

Incentives as a construct represent a variety of motivational factors for the deployment and 

utilization of big data for SCM purposes. The high-level goal is to increase sales, reduce costs 

and maximize profits (Rehman et al., 2016; Richey et al., 2016), where data have become a 

valuable asset and resource to improve competitiveness, innovation and efficiency (Braganza 

et al., 2017). Survey studies have documented a positive correlation between big data and 

performance (Côrte-Real et al., 2017; Fosso Wamba, Gunasekaran, Akter, Ren, Dubey and 

Childe, 2017; Gunasekaran et al., 2017). A Delphi study identified 23 different opportunities 

for big data on corporate and supply chain levels, the highest rated being customer behavior, 
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visibility and transparency, operation efficiency and maintenance, information management, 

logistics and integration and collaboration (Kache and Seuring, 2017). Some companies view 

big data as a survivability factor and required to keep up with the competitive environment 

(Rehman et al., 2016). In other cases, big data can be a market differentiator, where new 

services and new business models are introduced (Opresnik and Taisch, 2015). Furthermore, 

big data allows competitive priorities for different segments in either customer service, cost 

competition, quality, time or responsiveness, resulting in different supply chain structures and 

strategies (Sanders, 2016).  

Strategy as a construct is the strategic components needed for the success of big data 

implementations in SCM. First and foremost, big data strategies are being realized as a mean 

to implement big data initiatives (Fosso Wamba, Akter, Edwards, Chopin and Gnanzou, 

2015) and big data has also been embraced as a component in supply chain strategies (Richey 

et al., 2016). From a manufacturing perspective, big data adds new business models in terms 

of servitization through the procedures of big data generation and big data exploitation 

(Opresnik and Taisch, 2015). Studies emphasize that big data initiatives should be integrated 

and aligned across business activities and processes to enable integrated enterprise business 

analytics capabilities (Sanders, 2016; Wang et al., 2016). Dutta and Bose (2015) argued that 

big data projects need to be managed differently as they involve a higher level of complexity 

than other analytic projects. Finally, Waller and Fawcett (2013b) found that new analytic 

competences are required to combine analytic techniques with domain-specific know-how. 

 

5. Discussion  

Through this content-analysis-based literature review on big data in SCM, existing 

literature has been synthesized, and a big data SCM framework has been provided. Pertinent 

constructs and measures are identified from a business process perspective and related to the 

meta-categories of value discovery, value creation and value capture. In this discussion, the 

findings of the big data SCM framework will be informed by business process theory and 

value theory with the purpose of introducing research propositions. This section will be 

structured around value discovery, value creation and value capture. 

For value discovery, there is a potential to extract information from the big data ecosystem 

to be applied in various business process applications. Sheng et al. (2017) argued for 

information retrieval, knowledge discovery and organizational change but without defining 

and explaining value discovery. As pointed out earlier, differences exist concerning what 
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constitutes big data and what big data really means in a SCM context as opposed to just data 

(Roden et al., 2017). In SCM, there is a long history of using data and information to drive 

decisions and the focus on data and information flows are therefore, not new to business 

processes. But, overall, the outset of big data in SCM is to take advantage of information to 

realize better decisions (Richey et al., 2016), and SCM frameworks have traditionally 

considered data and information as an input to the business processes. This literature review 

has showed that today’s business processes can be part of a big data environment that 

provides numerous opportunities to explore and exploit data in new ways. By this, the 

adoption of big data in SCM represents more emphasis on data as an input to a process than 

what has been considered earlier. Thus:  

 

P1.  The adoption of big data in SCM enables business processes to better utilize data and 

information as a new/enhanced resource and input to a specific process or activity. 

 

Big data in SCM is regarded as disruptive. Addo-Tenkorang and Helo (2016) highlighted 

this as a paradigm shift of the information age for more value-adding activities and noted that 

different SCM areas collect diverse amounts of voluminous data. Business process 

improvements are required to cope with the volume and speed of transactions across global 

supply chains, where decision support systems assist complex decision making (Vera-

Baquero et al., 2015a). Business processes should adapt to the increasingly complex 

information flows to ensure that activities and process standards match the data environment. 

Consequently, business processes would need to change and adapt to this new contingency. 

Analytic infrastructures can facilitate supply chain innovations within the supply chain 

network, supply chain technology or supply chain processes (Tan et al., 2015). This would 

transform the configuration of inputs between tangible and intangible resources and require 

new process setups. Thus:  

 

P2.  The adoption of big data in SCM through exploitation and exploration of data will 

change business process configurations. 

 

Value discovery capabilities are dependent on how well the big data ecosystem is managed 

and governed. The digitization of internal operations leads to increasingly many databases to 

be integrated and aligned to support business process activities and analytic applications. 

Moreover, external data sources are also to be governed, even though they are not within 
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company control. The big data ecosystem is dynamic and will scale in both volume and range, 

which makes it hard to control for its data quality. Thus, a data-quality problem exists, which 

requires methods for monitoring and controlling data quality (Hazen et al., 2014), and 

governance processes are a denominator for managing the big data environment (Phillips-

Wren et al., 2015). Following this logic, the more data and systems a company can govern as 

an input to the business processes, the more likely it is that business processes will adopt 

more information to their activities and decision-making practices. Therefore:  

 

P3.  An increase in size and scope of the governed big data ecosystem has a positive 

effect on value-creating activities within the business processes and the utilization of 

data and information. 

 

Value creation is associated with use value as a subjective measure (Bowman and 

Ambrosini, 2000). The use value of big data is the transaction from value discovery to value 

creation, where analytic insights are transferred to and used by employees who thus become 

users of the data and information. Here, a range of requirements are put to the services-

oriented decision support systems in order to secure efficient and effective decisionmaking 

processes (Demirkan and Delen, 2013). The users receive the information via decision 

support systems, and its information utilization give big data in SCM a direct use value effect 

on decision-making practices. However, the value adding of big data is difficult to measure 

because of the subjective nature of use value, and users of big-data-derived information 

determine the direct use value of big data. Lepak et al. (2007) noted that use value refers to 

the quality of a new job, task, product or service. With this in mind, increasing big data 

insights to decision-making practices should increase the accuracy, speed and quality of the 

tasks performed by the employees. Thus:  

 

P4.  An increase in big-data-derived decision making has a positive effect on use value by 

improving business process outputs and the quality of a new job, task, product or 

service performed. 

 

It has been argued that business processes need to adapt to the big data ecosystem; 

however, several challenges are present in its realization and value creation (Kache and 

Seuring, 2017; Schoenherr and Speier-Pero, 2015). In this study, business processes have 

been a central construct to facilitate the use of big data, and the practices of BPM pose as an 
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opportunity to mitigate and overcome these challenges. BPM follows process principles and 

seeks to standardize processes to control inputs and outputs with low variations to ensure 

constant value-adding activities to internal and external customers (Hammer, 2010). 

Standardizing processes across the company would establish data collection procedures to 

help in the consistency and quality of data. In this regard, BPM would moderate the 

establishment of a single source of truth and improve information utilization. Furthermore, 

big data is also used for measuring performance and improving business processes (Vera-

Baquero et al., 2015a, b), which also are an integral part of BPM practices (Škrinjar and 

Trkman, 2013). Thus:  

 

P5.  An increase of BPM practices have a positive effect on the information utilization 

derived from the big data ecosystem. 

 

To succeed with big data, a cross-functional setup is required (Sanders, 2016; Wang et al., 

2016), and integration and collaboration are required with key partners (Kache and Seuring, 

2017). Companies with a functional-based process structure suffer from silo mentality, and 

their processes are poorly coordinated and poorly interconnected with internal departments 

and external stakeholders (Aparecida da Silva et al., 2012). Therefore, the functional structure 

suffers from the capability of identifying and utilizing data that originate from other functions 

and stakeholders. Gunasekaran et al. (2017) studied big data as a technology; assimilation of 

big data is the extent to which technology diffuses across organizational processes, through its 

acceptance by stakeholders and its routinization along governance systems. Implementing 

horizontal processes across functional processes, or instead of functional processes, would 

improve the upstream and downstream integration between information systems and provide 

more options in utilizing data for cross-functional decision-making practices. Therefore: 

 

P6.  The setup and use of horizontal business processes have a positive effect on the 

information utilization derived from the big data ecosystem. 

 

It is being emphasized that big data is a strategic asset to be used for improving 

competitiveness, innovation and efficiencies (Braganza et al., 2017). Value capture represents 

the aim of achieving business value from big data through better profits and competitiveness. 

However, the ideal business cases for applying big data tend to be unclear (Kache and 

Seuring, 2017; Schoenherr and Speier-Pero, 2015). An explanation for this problem is that the 
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exchange values of big data or other competitive incentives are difficult to quantify as a result 

of better decision making. Therefore, the value capture of big data has an indirect effect on 

the measures applied in SCM. By acknowledging this indirect effect, new measurements are 

needed to quantify the value of big data on a decision-making level. By utilizing big data, 

decisions could be made faster, more precisely and more informedly (Côrte-Real et al., 2017; 

Hazen et al., 2014; Hofmann, 2017; Richey et al., 2016). Faster decisions can be quantified by 

measuring decision lead times, more precise decisions can be descriptively quantified by 

measuring the accuracy in the decisions itself, and more informed decisions can be quantified 

using perceptual data derived from the business users. Thus:  

 

P7.  Big data in SCM as a new asset has an indirect exchange-value effect on 

performance, with a strong potential to change supply chain measures. 

 

Building upon BPM practice’ positive effect on the utilization of big data, innovation to 

the current process practices is required. Within BPM literature, maturity and capability 

models have paved the way for advances in process excellence to improve performance 

(Röglinger et al., 2012), and companies have different levels of maturity that effect the 

utilization of data, information and big data (Wang et al., 2016). In order to implement big 

data solutions to SCM, innovation is required as part of the big data strategy (Opresnik and 

Taisch, 2015). The degree of innovation required, though, would depend on the level of 

process maturity. A functional logic with limited BPM practices would require a larger degree 

of process innovations, and the fundamental structure of processes needs to be redefined. On 

the contrary, if the business processes are more mature, an incremental approach is more 

suitable, and smaller adjustments to the process configurations are needed. Therefore:  

 

P8. Low levels of business process maturity imply a focus on more radical process 

innovations to utilize big data (focus on effectiveness) whereas high levels of business 

process maturity imply a greater focus on more managerial and incremental 

approaches (focus on efficiency). 

 

Finally, value capture capabilities depict how well the company can capture the profits as 

opposed to its competitors, and studies have identified a positive link between big data and 

performance (Côrte-Real et al., 2017; Gunasekaran et al., 2017). Thus, an increase in big-

data-derived decision making has a positive effect on the captured exchange value. In the big 
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data implementation framework provided by Sanders (2016), the first step is to define optimal 

segments with clear attributes, which determines how the company intends to compete and 

align strategic priorities in relation to customer service, cost competition, quality, time or 

responsiveness. Therefore, the value disciplines of customer intimacy, operational excellence 

and product leadership (Treacy and Wiersema, 1993) need to be researched further in relation 

to big data in SCM because each value discipline would depict different process 

configurations and strategies as well as how the big data ecosystem is managed and utilized. 

Thus:  

 

P9.  The level of alignment between the value disciplines of customer intimacy, 

operational excellence and product leadership with big data SCM strategies impacts 

the level of captured exchange value. 

 

6. Conclusions  

The hype surrounding big data is high, the perception of big data is somewhat confused 

and existing SCM literature have lacked a thorough understanding of big data and its value. 

By conducting a content-analysis-based literature review on big data in SCM, this study 

introduces a big data SCM framework through the dimensions of value discovery, value 

creation and value capture. Pertinent constructs have been defined, including the assimilated 

measures. The study has been informed by business process theory and value theory through 

which research propositions are introduced as a basis for future theoretical improvements.  

The findings of the study contribute to the ongoing discussions concerning the value of big 

data in SCM and add a business process perspective to how the value is discovered, created 

and captured. Extant theory has predominantly focused on terminologies, i.e., supply chain 

analytics, business analytics and SCM data science (Waller and Fawcett, 2013a; Wang et al., 

2016); SCM applications (Lamba and Singh, 2017; Wang et al., 2016); big data tools and 

trends (Frizzo-Barker et al., 2016); assessing business value and performance (Côrte-Real et 

al., 2017; Fosso Wamba, Gunasekaran, Akter, Ren, Dubey and Childe, 2017); and identifying 

challenges and opportunities (Kache and Seuring, 2017; Schoenherr and Speier-Pero, 2015). 

The big data SCM framework and the embedded constructs further elucidate those 

contributions by adding further insights to the different value dimensions of big data in SCM, 

which expands the current view on big data in SCM and moves toward a more coherent and 

granular understanding of the concept. In addition, the identification of pertinent constructs 
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and assimilated measures is among the first steps to understand big data’s effect on business 

processes and its routes to business value. Literature reports on numerous research agendas 

related to big data (George et al., 2014; Phillips-Wren et al., 2015; Waller and Fawcett, 

2013b), and there is a widespread need to study big data across SCM disciplines. The 

definition of value discovery, value creation and value capture, along with the embedded 

constructs, is an important step to guide future studies and research designs. Moreover, this 

study incorporates business process theory and value theory to introduce research 

propositions and provide theory-grounded explanations for how to understand the value of big 

data in SCM and how to realize its value. 

It is reported that SCM practitioners adopt various understandings of big data (Richey et 

al., 2016) and that they find it hard to realize its value (Kache and Seuring, 2017; Schoenherr 

and Speier-Pero, 2015). SCM practitioners may adopt the big data SCM framework in order 

to conceptualize strategies and for educational purposes to align and agree on a common 

understanding of big data among employees, departments, partners and other stakeholders. 

Moreover, companies are developing digitalization strategies in which the utilization of big 

data is a component in improving current supply chain practices. The propositions introduced 

give some guidance on how to discover, create and capture big data’s value, e.g., by 

establishing a governed big data ecosystem, adopting BPM practices, increasing business 

process maturity and reconsidering current supply chain measures.  

As a limitation, the study does not include drawbacks, risks and dangers of using big data 

in supply chains. Big data has proved a lasting concept, and there is a profound need to 

advance current knowledge to assist companies in utilizing big data for sustainable business 

value. In-depth and empirical studies, especially, are required to verify the framework and to 

understand how companies can successfully utilize big data to achieve both use and exchange 

value. 
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1. Introduction 

Big data is an important organizational asset that can enhance productivity, profitability, 

and competitive advantage and thus has received much attention from authors of both 

academic and gray literature. Notably, researchers have recently validated the idea that 

investments in big data analytics can create business value and improve firm performance 

(Fosso Wamba, Gunasekaran, et al. 2017; Raguseo and Vitari 2018). Some companies have 

successfully created value from big data in certain applications areas but have not delivered 

repeated benefits in the same organization (Braganza et al., 2017); consequently, company 

leaders have been challenged to overcome technical and organizational barriers in the value 

creation of big data (Kache and Seuring, 2017; Schoenherr and Speier-Pero, 2015; Sivarajah 

et al., 2017). A reason for these challenges could include the belief that “the more data 

gathered, the better the decision making.” However, this view is too simplistic—data need to 

be converted in a robust and reliable way to be translated into applicable knowledge (Matthias 

et al., 2017). Another observation reported that making the right data in the right form 

available when and where they are needed is a significant business process challenge 

(Sanders, 2016). Further, businesses are challenged and must adapt to changing patterns of 

data usage to operate effectively in an increasing digital age (Tan et al., 2017). Consequently, 

companies have faced social, organizational, and technological implications in adopting big 

data. In addition, complementary investments are needed regarding how decision makers can 

best use big data to improve processes (Fosso Wamba, Ngai, et al., 2017). Thus, research is 

needed to help companies develop holistic business analytics across the organization (Wang 

et al., 2016).  

Companies tend to be “digitally immature,” lacking the required antecedents to cope with 

the challenges of big data. Extant research on big data in the field of operations and supply 

chain management (O&SCM) has predominantly focused on “what” questions to identify 

challenges and opportunities (e.g., Kache and Seuring 2017; Schoenherr and Speier-Pero 

2015), analytic techniques (e.g., Choi, Wallace, and Wang 2018; Wang et al. 2016), research 

themes and clusters (e.g., Sheng, Amankwah-Amoah, and Wang 2017), and application areas 

(e.g., Brinch et al. 2018; Lamba and Singh 2017; Wang et al. 2016). The more challenging 

“how” question involves asking how big data value can be created. This question, more 

complex and less frequently answered, remains the ultimate challenge. The purpose of this 

study was to identify the antecedents enabling the value creation of big data and was an initial 
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effort to apply a holistic view of; to date, this research approach has been absent in existing 

literature. Two research questions guided the study: 

1. What are the firm-level antecedents required to create value from big data in SCM? 

2. How have these firm-level antecedents and their practices been affected by big data?  

 

In terms of emerging theories of big data, big data literature has tended to be an isolated 

stream, wherein preceding and adjacent theories have often been overlooked. Braganza et al. 

(2017) argue that there is a significant amount of scope to examine big data through a variety 

of theoretical lenses. Therefore, this study focused on business process management (BPM) 

and IT business value (ITBV) as central theories to be triangulated with an in-depth case 

study of a global OEM service provider that has pursued and implemented big data in various 

forms since 2010. This study was a response to the call for empirical, explorative, in-depth 

studies of big data (Brinch 2018; Frizzo-Barker et al. 2016; Grover et al. 2018).  

The article contains six sections. Section 2 provides the theoretical background, section 3 

provides the research methodology, section 4 presents the case findings, section 5 discusses 

the antecedents in the context of BPM and ITBV literature, and finally, section 6 concludes 

the paper and outlines the implications for theory and practice.   

 

2. Theoretical background 

2.1 Creating big data value 

Big data can be defined as a holistic approach to manage, process, and analyze the so-

called 5Vs (volume, variety, velocity, veracity, and value) in order to create actionable 

insights for sustained value delivery, measuring performance and establishing competitive 

advantages (Fosso Wamba et al., 2015). Brinch (2018) conceptualized big data in supply 

chain management (SCM) in terms of value discovery, value creation, and value capture by 

including the constructs of big data ecosystem, data characteristics, data sources, technology, 

analytics, decision (support) systems, information utilization, strategic decisions, operational 

decisions, incentives and strategy. Extant research on big data, consisting of both qualitative 

and quantitative studies, has provided insights into how the value creation of big data can 

improve firm performance.  

Qualitative researchers in O&SCM have sought to outline the predominant constructs 

leading to big data value creation. Vidgen et al. (2017) proposed the need to develop big data 

and analytics strategies comprising the inter-related elements of data, business, and 
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organization. Roden et al. (2017) categorized big data changes in operations models in terms 

of quality, speed, dependability, flexibility, and cost through the constructs of capacity, 

supply chain network, process and, technology, and people development and organization. 

Three other pillars included (a) the data-to-knowledge conversion process enabling actionable 

knowledge, (b) the performance triangle (systems, leadership, and culture), and (c) the 

deployment of dashboards to help users analyze and apply data (Bumblauskas et al., 2017). In 

terms of decision-making quality, Janssen et al. (2017) outlined influencing factors such as 

contractual and relational governance, big data analytics capabilities, process integration and 

standardization, flexible infrastructure, and collaboration. Further, implementations of big 

data solutions should be driven by company strategy, applications should be coordinated 

throughout all supply chain functions, and performance supporting continuous improvements 

should be measured (Sanders, 2016). Other researchers have emphasized the need for cross-

functional integration to facilitate seamless information flows, intelligence sharing, and 

alignment (Fosso Wamba et al. 2015; Sanders 2016; Wang et al. 2016). Moreover, aspects 

related to big data project management (Dutta and Bose, 2015), big data business process 

(Braganza et al., 2017), and data quality (Hazen et al., 2014) have been stressed. Finally, 

adjacently to O&SCM, a study of big data healthcare cases has explored the path-to-value 

chains and concludes that big data analytics is a technical IT source with a potential to create 

analytics-based IT capabilities to primarily reap operational and IT infrastructural benefits 

(Wang and Hajli 2017). 

Results from survey research have shown how certain constructs of big data affect 

performance outcomes and competitive advantages. For example, Müller et al. (2017) 

recommended the DELTTA model (data, enterprise, leader, target, technology, analysts) to 

analyze and understand the concept of big data. A correlation was found between big data 

application and value creation, wherein the six elements of the DELTTA model affected each 

other. In another study, researchers assessed four forms of business value (transactional, 

strategic, transformational, and informational) and concluded that successful big data 

investments generated profit from improved customer satisfaction and higher market 

performance (Raguseo and Vitari, 2018). Several researchers have studied the effect of IT 

dimensions on performance. Authors of one study concluded that system quality has a 

stronger influence on business value compared to information quality and that system quality 

enhances information quality (Ji-fan Ren et al., 2017). Fosso Wamba et al. (2017) tested 

infrastructure flexibility, management capabilities, and personnel expertise capabilities in big 

data analytics and business analytics capabilities under the mediating effect of process-
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oriented dynamic capabilities. Findings showed that all causal links were supported for firm 

performance. Further, firm performance from big data analytics capabilities are affected by 

management capabilities, technological capabilities, and talent capabilities (Akter et al., 

2016). Finally, connectivity and information sharing were found to influence the acceptance 

of big data and predictive analytics and were mediated by management commitment; in 

addition, the assimilation of big data and predictive analytics (how big data diffuses across 

organizational processes) was mediated by governance systems and routinization 

(Gunasekaran et al., 2017).  

 

2.2 Antecedents based on adjacent theories 

For this study, BPM and ITBV literature was chosen to inform the identification of big 

data antecedents. BPM is a comprehensive system for managing and transforming 

organizational operations through well-defined, customer-centered, end-to-end processes 

(Hammer, 2010). By using a range of methods, techniques, and software, BPM focuses on 

process orientation as well as on the development of corporate strategies and continuous 

improvement aimed at generating higher value (Neubauer, 2009). ITBV centers on the 

organizational performance impacts of IT through the study of IT mechanisms and their 

effects and magnitudes on performance measures (Melville et al., 2004). ITBV studies have 

included examinations of IT as well as of other organizational factor such as processes, 

culture, strategy, and structure (Wiengarten et al., 2013). 

The BPM and ITBV literature streams are complementary, providing a well-grounded 

starting point toward the identification of big data antecedents. Empirical studies have 

indicated that big data should be integrated with business processes to create value for the 

business (Aydiner et al., 2019; Braganza et al., 2017; Brinch, 2018; Gunasekaran et al., 2017; 

Janssen et al., 2017; Vidgen et al., 2017). BPM has focused on IT factors such as IT systems 

and the use of information (Trkman, 2010). Similarly, ITBV has encompassed a process-

oriented view in which IT is deeply embedded in business processes (Kohli and Grover, 2008; 

Melville et al., 2004). For this study, BPM and ITBV literature of holistic information about 

the key components and concepts were reviewed and grouped according to practices and 

types of antecedents (Table I). Brinch (2018) and Grover et al. (2018) represent views of 

BPM and ITBV, respectively, showing initial efforts to outline how these concepts may 

inform the value creation of big data. 
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Table I. Antecedents overview considering BPM and ITBV literature 
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 3. Research Methodology 

The goal of this study was to build theory. Specifically, the aim was to capture the degree 

to which an empirical study clarifies or supplements existing theory or introduces 

relationships and constructs that serve as the foundations for new theory (Benbasat, Goldstein, 

and Mead 1987; Colquitt and Zapata-Phelan 2007). Voss et al. (2002) described this process 

as identifying and describing key variables. Thus, the purpose of this study was to identify 

antecedents important to the value creation of big data. A case study methodology of a single 

case was chosen because this method is particularly strong for theory-building purposes and 

because it can mitigate the limitation of external validity (Caniato et al., 2018). The case 

selected was a global OEM wind turbine manufacturer. The study occurred within the service 

business unit that provided operations and maintenance services to wind turbines. At the time 

of this study, the service business employed approximately 6,000 employees and serviced 

more than 28,000 wind turbines globally. Over the years, the company had undergone a 

digital transformation with a focus on collecting data and establishing competitive analytics 

capabilities; further, the company had been working systematically on using big data to 

improve service operations. Although challenges remained, the company had secured the 

implementation of several antecedents needed to create business value from big data and had 

launched digitalization strategies to strengthen the company’ capability of turning data into 

value. Prior to data collection, a pilot study was conducted to understand the industry, 

company structure, business processes, IT infrastructure, and use of analytics. These insights 

were used to identify key participants to interview as well as to provide in-depth insight to 

improve data analysis. 

Data collection focused on three departments: operations, spare parts, and technology. The 

departments were selected because their business processes were essential in delivering 

services and because of their degree of data utilization. Within these functions, thirteen 

interviews were conducted; in addition, five interviews were conducted with users in the 

critical support functions of business improvement, quality management, IT, digitalization, 

and product life-cycle management, thus covering the essential support functions in terms of 

data, IT, and business processes. All eighteen participants were selected based on varied job 

functions as well as on users’ expert knowledge in business processes, IT, and analytics. A 

semistructured interview guide was developed based on the conceptual big data SCM 

framework provided by Brinch (2018) in terms of the meta-categories of value discovery, 

value creation, and value capture and their related constructs. The aim of the interviews was 
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to gain a thorough understanding of current practices, to understand the initiatives participants 

had been implementing for what purposes, and to understand current and former challenges 

related to data collection, data management, and data utilization within business processes. 

Additionally, strategic documents were collected covering the business strategy, digitalization 

assessment, digitalization strategy, and IT strategy. Twenty-two data sources were collected 

as basis for data analysis.  

The data analysis procedure consisted of a two-iteration content analysis. The first 

iteration, grounded on existing BPM and ITBV literature (Table I), provided a list of 

preliminary antecedents. All data sources were deductively coded according to the provisional 

coding technique (Saldaña, 2016, p. 168), and the descriptive coding technique was applied 

on abnormalities that did not match the preliminary antecedents (Saldaña, 2016, p. 102). The 

first iteration ended with a process of consolidating the coding results into a final set of 

antecedents containing both coding techniques. The second iteration explored each type of 

antecedent to identify attributes and benefits, thereby outlining the central elements of the 

antecedents in a big data context.  

 

Figure I. Content analysis and coding overview using NVivo 11 Pro 
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From this process, a list of variables for each type of antecedent containing both attributes and 

benefits was generated and subsequently categorized into meaningful groups. The NVivo 11 

Pro software was used throughout the entire data analysis process (Figure I). 

For validation purposes, an appendix is provided containing two sample quotes derived 

from the interview transcripts supporting each type of antecedents. 

 

4. Case findings: Observed antecedents for big data value 

This section presents the results of the data analysis based on the preliminary antecedents 

derived from BPM and ITBV literature and validated with the antecedents observed from the 

case study. In total, twenty-four types of antecedents were identified as important to the value 

creation of big data representing IT, process, performance, human, IT, strategic, and 

organization practices (Tables II through VII). Information appears in the tables regarding 

how many participants identified each type of antecedent, as well as whether the antecedents 

observed had a low, intermediate, or high level of coding density. 

 

4.1 IT-related antecedents 

At the time of this study, the case company had excelled in collecting sensor-based high-

speed data from wind turbines to be analyzed and used for predictive- and condition-based 

maintenance. In addition, the company had consciously collected data from many other data 

sources with the purpose of informatizing business processes across the organization. To 

accomplish this goal, the IT architecture had undergone considerable changes intended to 

establish single-source-of-truth data storage services and facilitate data access and data 

analytics across the organization. In addition, a consolidation of ERP systems had increased 

transparency and standardization. Data governance was a cornerstone in the IT architecture to 

support informatization processes and to secure data quality, data access, and transparency. 

Further, software applications of analytics use cases and forms of maintenance software 

services ensured that data were collected, and users received a visualization of analytics 

insights. IT automation had eliminated manual data entry as well as increased the speed at 

which analytics were processed.  
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Table II. Antecedents of IT practices 

Antecedents Attributes Benefits 

IT architecture 

Source identification: 100% 

Coding density: High 

Storage services, single-source-of-

truth, system standardization, 

process alignment, data processing, 

analytics platform, connectivity, 

system capability  

 

Transparency, work efficiency, data 

access, data utilization, IT adoption, 

process execution 

Informatization 

Source identification: 100% 

Coding density: High 

Analytics quality, data collection, 

data availability, data source 

integration, value identification, 

knowledge management 

 

Actionable information, decision 

making accuracy, decision making 

speed, innovation 

IT governance 

Source identification: 91% 

Coding density: High 

Data standardization, policy making, 

process alignment, data 

maintenance, data ownership, 

system ownership, security 

 

Data quality, consistent data 

collection, trust in data, data 

analytics quality, data access, data 

transparency, data-driven decisions, 

IT adoption 

 

Software applications 

Source identification: 91% 

Coding density: Intermediate 

Data warehouse integration, data 

visualization, analytics engine, 

application development, process 

alignment, data registration, ease of 

use  

 

Work efficiency, data collection, 

functional integration, data-driven 

decisions, innovation 

IT automation 

Source identification: 73% 

Coding density: Intermediate 

Automated data collection, 

automated decisions, data 

utilization, workflow integration, 

technological enablers 

Work efficiency, consistent data 

collection, data quality, consistent 

work completion, agile analytics 

 

4.2 Process-related antecedents 

On a process level, the company had been on a journey of standardizing business 

processes. Participants noted that functional areas with a higher process maturity possessed 

better data collection, data management, and data utilization capabilities, thus securing a 

consistent inflow of data and information to inform specific activities and the alignment of the 

process design toward IT systems and applications. Participants reported that lack of cross-

functional processes had been a barrier toward the utilization of data because missing 

functional integration constrained data collection, data access, and information sharing across 

functions. The process governance function influenced the degree of process standardization, 

coordinated process links across functions during process improvement projects, and acted as 

the business unit representative toward the IT department.  

 

4.3 Performance-related antecedents 

The performance-related antecedents represent a strong need to improve current practices 

through big data in situations in which the company viewed digitalization and innovation as 

necessarily intertwined to develop best-in-class service operations. Although making business 
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cases of big data was challenging, numerous projects had been launched in development of 

new IT services (e.g., data storage, data governance, IT automation, analytics, service 

applications), process redesigns, and process improvements. Project teams had been cross-

functionally created to meet business requirements. The implementation of speed of projects 

was important because of a dynamic business environment. The use of performance measures 

depended on informatization capabilities, consisting of a fact-based approach toward driving 

business development. For example, in certain areas, the automation of IT provided real-time 

data on turbine performance and process performance on spare parts delivery.  

 

Table III. Antecedents of process practices 

Antecedents Attributes Benefits 

Process standardization 

Source identification: 95% 

Coding density: High 

Work descriptions, defined data 

inputs, analytics standardization, 

defined analytics use, real-world 

compliance 

 

Data generation, consistent 

information flows, data quality, 

data-driven decisions 

Process design 

Source identification: 86% 

Coding density: High 

Customer oriented, end-to-end 

process definitions, organizational 

fit 

Functional alignment, transparency, 

delivering value propositions, 

delivering service levels 

 

Process integration 

Source identification: 86% 

Coding density: Intermediate 

Operational process linkages, IT 

system linkages, functional support 

Formalized information sharing, 

functional transparency, work 

efficiency, effectiveness 

 

Process governance 

Source identification: 68% 

Coding density: Low 

Governance function, process 

ownerships, improvement methods 

Drives development, 

standardization, IT alignment, 

compliance 

 

Table IV. Antecedents of performance practices 

Antecedents Attributes Benefits 

Innovation of practices 

Source identification: 95% 

Coding density: High 

Contentious improvements, IT 

innovation, process innovation, 

problem analysis, exploration, 

objective alignment 

 

Efficiency, effectiveness, improved 

quality, cost reduction 

Project management 

Source identification: 95% 

Coding density: High 

Business case development, 

portfolio management, cross-

functional collaboration, project 

execution 

 

Implementation speed, 

implementation quality 

Performance measurements 

Source identification: 77% 

Coding density: Intermediate 

Process metrics, functional metrics, 

data quality metrics, financial 

metrics, metrics system, metrics 

standardization 

Drives development, innovation 

baseline, performance monitoring, 

process transparency 
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4.4 Human-related antecedents 

The knowledge of employees and managers regarding digitalization and analytics 

capabilities was a scarce resource. One participant said, “Making the average person a little 

bit more data-focused and pushing more data to the average person in the company, that is 

where you have the big multiplier effect.” Thus, employees’ training in data-related 

capabilities as well as employees’ knowledge about BPM were highlighted as an antecedent. 

By extension, usage was a critical antecedent, in which employees adopted IT services, used 

informational insights in their decision making, and complied with process standardizations. 

Moreover, participants said committing to the digitalization strategy regarding the degree of 

investments, willingly executing digitalization projects, and making the required change of 

practices were important in adapting to a big data environment.   

 

Table V. Antecedents of human practices 

Antecedents Attributes Benefits 

Knowledge 

Source identification: 86% 

Coding density: Intermediate 

IT know-how, process know-how, 

analytics know-how, business 

understanding 

IT utilization, data utilization, 

process utilization, work quality, 

alignment, innovation  

 

Usage 

Source identification: 82% 

Coding density: Intermediate 

IT adoption, process adoption, 

information adoption 

Consistent process execution, 

consistent data collection, data-

driven decisions, work agility, data 

localization, innovation, information 

sharing 

 

Commitment 

Source identification: 82% 

Coding density: Intermediate 

Management commitment, 

employee commitment 

Adoption, business development, 

motivation, culture setting, 

implementation speed 

 

4.5. Strategic-related antecedents 

Strategic practices were important because they helped guide the desired set of practices 

related to big data and digitalization. In particular, the antecedent of business objectives was 

highly focused on domain-specific objectives. Participants noted that IT and process-related 

initiatives should promote the vision of providing condition-based maintenance, which 

required strong predictive and prescriptive analytic competencies. Much effort had been given 

to developing a digitalization strategy, assessing digital capabilities, and creating a roadmap 

for implementation. In addition, effort had been made to ensure the IT strategy related to how 

IT could support digitally enabled end-to-end processes and moderate analytics innovation. 

Moreover, alignment between company strategies and functional strategies was important for 

aligning cross-functional initiatives and prioritizations. Increasing business process maturity 



 

160 | P a g e  

 

was the overarching aim for considering the business process strategy, which emphasized the 

elements of standardization, performance measurements, and continuous improvements. 

 

Table VI. Antecedents of strategic practices 

Antecedents Attributes Benefits 

Strategic objectives 

Source identification: 95% 

Coding density: High 

 

Domain objectives, quantitative 

targets, vision and mission 

Guides innovation, guides data 

collection, guides data utilization 

IT strategy 

Source identification: 68% 

Coding density: Intermediate 

IT architecture strategy, IT 

governance strategy, business 

support strategy, digitalization 

strategy, IT investments 

 

IT capability development, cost 

savings, IT responsiveness 

Strategic alignment 

Source identification: 68% 

Coding density: Intermediate 

 

Strategic-functional alignment, IT-

business process alignment  

 

Better collaboration, avoiding sub-

optimizations, minimizing 

complexity 

Business process strategy 

Source identification: 36% 

Coding density: Low 

Standardization, process 

organization, process concept 

Business process maturity 

 

4.6 Organizational-related antecedents 

A group of organizational antecedents provided the structure and behavior supporting the 

value creation of big data. The case company had created an analytic competence center 

consisting of a remote diagnostics center monitoring wind turbine performance. However, the 

functional structure had constrained process integrations because roles, responsibilities, and 

resources were not clearly distinguished between departments, thus limiting transparency and 

information sharing. Therefore, collaboration across functions and expertise areas can be 

considered an antecedent. As mentioned, usage was an antecedent of human practices, which 

required employees to change how they carried out their tasks. Participants noted the 

organizational culture should be oriented more toward digitalization, processes, and 

improvements, among other attributes. Finally, human resources and management was an 

antecedent for ensuring expertise, IT adoption, process adoption, and retention of data 

scientists.  
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Table VII. Antecedents of organizational practices 

Antecedents Attributes Benefits 

Organizational structure 

Source identification: 82% 

Coding density: Intermediate 

Analytic competence centers, 

supportive competence centers, 

process alignment, roles and 

responsibilities, resource 

management 

 

Capability development, alignment, 

commitment, collaboration, meeting 

business objectives 

Organizational collaboration 

Source identification: 77% 

Coding density: Intermediate 

Information sharing, employee 

interaction, IT support, process 

integration, functional agreements, 

functional project involvement 

 

Alignment, anchored solutions, 

work efficiency, better decision-

making 

Change management 

Source identification: 64% 

Coding density: Low 

 

Communication, employee 

involvement, analytics use cases, 

incentives making 

Adoption, mindset setting, 

implementation, awareness 

 

Culture 

Source identification: 59% 

Coding density: Low 

Digital-orientation, process-

orientation, collaborative-

orientation, improvement 

orientation, ownership 

 

Implementation, adoption, 

compliance, customer focus, 

innovation 

Human resources 

Source identification: 59% 

Coding density: Low 

Competence development, 

recruiting, salary policy, talent 

management 

Expertise, IT adoption, process 

adoption, retention 

 

5. Discussion 

This study provides an overview of firm-level antecedents important for the value creation 

of big data, underpinned by BPM and ITBV theories. The six overarching practices defined 

by reviewing BPM and ITBV literature were present in the case study analysis, and no 

additional practices were identified. Based on this finding, both BPM and ITBV practices 

were relevant in the value creation of big data. Moreover, the second coding iteration, the 

search for attributes and benefits, revealed that the importance of certain practices and 

antecedents was reinforced while others changed at the intersection of the practices and big 

data. The antecedents and attributes of BPM largely remained the same—only smaller 

modifications in attributes were observed in the context of big data. In contrast, practices of 

ITBV changed considerably at the intersection of big data.  

The case findings confirm BPM aspects such as using the process orientation to mitigate 

silo structures and standardizing processes (Neubauer, 2009). In addition, the findings 

confirm the fit toward informatization, IT automation (Trkman, 2010), and IT architectures 

(Buh et al., 2015; Paim et al., 2008). A lack of BPM maturity is likely to produce limitations, 

such as confining data within functional silos, not sharing data across the organization for 

analytic purposes, and lacking governance procedures to secure adequate data quality and 

system standardization, all important to the use of big data (Hazen et al., 2014). The IT 
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infrastructure has hitherto been highlighted as a means to align organizational structures and 

business processes (e.g., Buchwald, Urbach, and Ahlemann 2014; Jacks et al. 2011); 

however, such means have still been absent in the context of big data. The case analysis 

revealed that the company’s infrastructure capabilities were undergoing significant changes to 

meet requirements for using big data, including, for example, acquiring new storage services 

and analytic platforms, increasing connectivity, and promoting higher standards for 

knowledge management and IT governance.  

IT strategies should include the disruptive nature of big data. Further, measuring the value 

of IT should include measures on digitalization strategies to show how analytics capabilities 

can turn data into value. The ITBV literature reviewed for this study primarily focused on IT 

architectures rather than on IT governance, technologies, automation, and new forms of 

informatization, all of which have been found central to the value creation of big data. The 

findings indicate that more attention should be brought to the IT practices that traditionally 

have had a higher focus on organizational factors than on the IT construct itself (see e.g., 

Melville, Kraemer, and Gurbaxani 2004; Wiengarten et al. 2013). 

In summary, the theoretical implications of this study provide a holistic overview of 

antecedents important to the value creation of big data, from which three conclusions 

originates after assessing the six practices of antecedents at the intersection of big data in 

terms of BPM and ITBV literature: 

• The attributes of IT, strategic, and organizational practices changed.  

• The attributes of process, performance, and human practices did not change. 

• The maturity of all six practices moderated the value creation of big data. 

 

Research regarding big data has lacked empirical evidence (Frizzo-Barker et al., 2016). 

Some empirical-based frameworks and insights have focused on success areas (Roden et al., 

2017; e.g., Vidgen et al., 2017). In this study, some denominators of constructs were found; 

however, this study supplements extant studies by providing constructs and antecedents not 

already identified in big data literature. The findings confirm the need to develop big data 

analytics capabilities through investments (Fosso Wamba, Gunasekaran, et al. 2017; Raguseo 

and Vitari 2018). The findings further identify a range of practices and antecedents aside from 

IT practices important to the value creation of big data, thus identifying potential 

complementary investments showing how big data decision making can improve processes 

(Fosso Wamba, Ngai, et al., 2017). In addition, insights emerged regarding how businesses 

should change certain practices and develop the maturity of practices to operate effectively in 
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an increasingly digital age (Tan et al., 2017). Such practices are needed to develop holistic 

business analytic competencies (Wang et al., 2016). Braganza et al. (2017) concluded that few 

companies repeatedly delivers big data initiatives and thus are unable to reap the full the 

benefits of big data. The implications of this study provide a holistic overview of practices 

and antecedents that can explain how companies may successfully and repeatably implement 

big data initiatives across the organizations. Further, while constructs of big data analytics 

capabilities, path-to-value chain, and business processes are found significant to support the 

value creation of big data (Wang and Hajli 2017; Fosso Wamba, Gunasekaran, et al. 2017), 

this study provides insights to the required attributes of these constructs and highlights 

additional antecedents within human, IT, organizational, performance, process and strategy 

practices. This overview of practices and antecedents thus delivered constructs and measures 

to be tested using quantitative methodologies for further validation. External validity was 

mitigated by using a strong theoretical foundation of BPM and ITBV, an in-depth coding 

process, and analysis of a representative case. However, the results are still based on a single 

case study and additional qualitative studies could bring richer insight into each type of 

antecedent to study effects on firm performance.  

Company leaders find themselves in a transition toward becoming more digital and more 

data-driven. Professionals face several challenges regarding adapting their practices to 

unleash the potential of big data (Kache and Seuring, 2017; Schoenherr and Speier-Pero, 

2015). The identification of antecedents and their attributes in a big data environment may 

help companies discern how they should implement a digital transformation toward big data, 

which not only implies a focus on IT practices to cope with data but also requires maturing 

business process practices and implementing and changing other firm-level practices. The 

findings reveal the importance of possessing mature BPM practices in the context of big data, 

given that only a small number of companies have adopted holistic, process-oriented 

approaches (Neubauer, 2009). The utilization of big data is a cross-functional endeavor; thus, 

data should be collected, managed, and utilized in all business processes intersecting 

functional departments and other organizational practices. 

 

6. Conclusion 

This study provided an overview of firm-level antecedents important to the value creation 

of big data in the field of O&SCM, underpinned by BPM and ITBV theories. A single case 

study was conducted to identify types of antecedents and to provide reasons to explain why 
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these antecedents exist through the identification of attributes and benefits. In summary, 

twenty-four types of antecedents were identified in IT, business process, human, strategic, 

performance, and organizational practices. The creation of business value and the supply 

chain performance of big data do not solely rely on IT and analytic capabilities but also rely 

on a subset of other practices. The conclusion of the case analysis is that IT practices, 

strategic practices, and organizational practices change at the intersection of big data when 

considering their attributes, while business process practices, performance practices, and 

human practices remain the same. Further, the maturity of all six practices moderate the 

degree to which big data value is created.  
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Appendix. Sample interview quotes for each antecedent 

Antecedents Sample quote 1 Sample quote 2 

Human practices   

Knowledge “We developed the group of model-based diagnostics. They know 

everything within math and understand the physical world ... If I get a 

wild idea that might only have 10 % chance for success - but let us try 

anyway”. 

 

“We use the technicians knowledge about the wind turbines, the 

control strategy software and the experience for design R&D. So, 

the domain knowledge is important to get integrated to the analytic 

platform”  

Usage “When you get all these information, how agile are you then to 

actually use the information. Can you then make better decisions? 

Yes.” 

“That’s one the best, i think, we keep in mind when we design 

dashboard. If within 5-10 seconds the user doesn’t know what this 

dashboard is for, then they are not going to use it. To cumbersome 

or too complicated, they will just put it to the side and find 

something else to use” 

 

Commitment “We have tried to gather data in a data warehouse as a frame of 

reference, where attention has been brought to KPI’s, which are being 

carefully followed by management in order to say that we use big data 

to kind of say, where is our trends? how can we use this at sites? what 

efforts are needed, etc. etc.”.  

“To define the measurements from the beginning, where you can 

go to management and say that we cannot provide you these 

answers, so let us develop the process … The push to develop 

processes comes from management and not from some other 

process organization who is asking if they can help … So, in this 

way I believe that the motivation has been turned right”. 

 

IT practices   

IT architecture “So, the systems are those who we try to have an open architecture, so 

everybody no matter what can get hooked and use it. That is the idea. I 

think those process designs should have the intention of let’s have a 

definition of how those should work from the beginning to end” 

“His use case was to take the SAP data, specifically we were 

looking at some transactions in SAP, the transactions that had to 

do with our service work orders, those are the transactions where 

you can see what kind of work in the turbine, who did it, how 

many hours they spend doing it, what parts where consumed. So, 

to take all of those service work order data and bring it into 

EXITO data warehouse.” 

 

Informatization “it does a simply thing, it completes the information loop. It’s the only 

thing that it does. It completes the information loop. It gets the 

technician all the information he needs, his input; it allows him to 

execute in as efficient way as possible; and then afterwards he reports 

out what he did, which is the data output and since it captures all the 

crap it brings all that data to the table so that data can be analyzed”. 

”We do a lot to ensure that the service technician in fact can find a 

flaw when he enters the machine. There might be some data that 

looks odd, but then it is our assessment that it can be repaired; and 

our experience”. 

 

 

IT governance “The proper data collection and access is pretty important. That’s the 

start of everything. If you are not collecting the right data and if you 

 “There is a lot of times where we are missing the link between 

department process ownership and by extension what IT tools are 
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Antecedents Sample quote 1 Sample quote 2 

are not collecting it in a right format, right place then you can collect 

all the data you want but it’s just useless”. 

 

being used as well”. 

IT automation “It takes less than a second to make that decision. We have automated 

a lot and build it to quickly analyze the results”. 

“The mindset should change for hands-on work and with those 

who should not make data, where you should find a way to 

automate data generation thus that humans not will be the decisive 

factor”. 

 

Software applications “And then on the front-end to make the lives for our technicians 

easier, especially the ones that move around from various places, we 

try to make frontend tools that link into various ERP systems in the 

back-end”. 

 

“And then you need an IT application, which can provide 

consistent data collection across work flows. If possible, with as 

much automation as you can, so there is no work to it”. 

Organizational practices   

Organizational structure “I mean this is the first time we data and analytics as a functional unit. 

We had the BI but that was only traditional, SAP data loaded to Hana, 

create an application on Hana or SAP W and publish it on Tableau. It 

was just that. This is the first time they have data analytics and that is 

supposed to provide that overarching capabilities” 

“There has to be some kind of global governance and place that 

ensure that every region or every function don't have their own 

little separate ways of working, you know across regions or across 

functions, because otherwise you start getting complexity, chaos 

and silos. So, there is an absolute need to have global overseeing, 

supporting and advising and suggesting and driving through global 

initiatives as well” 

 

Organizational collaboration “I think a lot of the functions work very closely together. Sort of the 

commercial project managers are very closely aligned to the 

operations managers. the supply chain or forever working alongside to 

see how we can improve … We feed that data back in to let them 

understand here is performance better/worse in different”. 

 

“There is collaboration between the business architect, process 

manager and IT demand manager about this IT change request, 

which is to ensure that it will bring value based on a business 

case”. 

Organizational culture ”I think that the employees are going to reflect what the priorities of 

the managers are. So, any kind of cultural change from the gut-based 

system to a data-driven decision-making culture has to start at the 

top”. 

“Transformation management creating the right culture and enable 

new ways of working … Create a culture that fosters customer 

focus and ownership”. 

Change management ”This program created a lot of attention and awareness on the need for 

good data and what data can be used for. So, it was like a showcase, 

where we should run some use cases within different categories”. 

“Also, the communication is the key … If that is supposed to 

happen; anything like that from the top-down is needed; saying 

that this is the way to go. I don’t think anybody called the CEO 

after his email … Then things go that way. And we need to 

communicate that this is the intention and that’s it.” 
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Antecedents Sample quote 1 Sample quote 2 

Human resources “The way to really unleash the potential is not so much about building 

advanced models, in some areas that is necessary, but making the 

average person a little bit more data focused and pushing more data to 

the average person to the company that is where you have the big 

multiplier effect, because there is so many. If each of us gets 1% more 

efficient by using data and work 1% better that would have a much 

bigger impact than improving one algorithm by 50%.” 

 

“Many do analysis in Excel, but why don’t they learn SQL? why 

don’t we train them in SQL? So, they can sit and track their own 

data and visualize their own Tableau. We should do a lot of that.”  

Performance practices   

Innovation of practices “In Diagnostics you will get another answer. I think they have been 

better. They are sitting all the time to look for additional data to be 

used in other places and to make better decisions in some other 

processes.”  

“The first thing we should do is to analyze if all the data we are 

capturing in that control plant is the one that we need, or we would 

need additional data to be captured. And then we should specify to 

the owner of that process that they must implement new IT 

systems or to modify the IT system they have now in order to 

capture that information.” 

 

Performance measurements ”You take data and convert it into KPI’s and PPI’s to work with them 

in a structured way. And say, on a weekly basis we do this root cause 

analysis to why and how to improve and what is action to move on” 

”We did an inquiry when we started MTBV and looked at the 

degree of dependency between measuring performance on site 

versus the degree to which data and information are being used. 

So, the better your systems configurations are to use data, the 

better performance you have”. 

 

Project management “She was working with digitalization efforts at different parts of the 

company and then another project, had a digitalization project and 

many of those ideas are coming from hack-a-thon and from other 

places. So, these projects need to be spearheaded by a project manager 

and strategy team to really help out the different departments.” 

 

“Number two, because of the complexity of the projects, the 

projects typically ran an excess of 12 month in length. And 

because of the dynamics of the business, by the time you deliver 

after 12 months, the environment have changed enough that the 

delivery was pretty much irrelevant.” 

Process practices   

Process design “Like I said, you really can't improve a process if it doesn't exist. at 

least to my understanding from a data analytics perspective.” 

”We know who our customers are. We have many internal 

customers for our operations because everything leads up to our 

technicians to do maintenance and what happens afterwards with 

our data. It has to match.” 

 

Process standardization “There is actually a good quote from Bill Gates where he said that 

applying a digital to an inefficient process will only multiply the 

inefficiency. And that is just brilliant because your process is what 

generates the data, your process is what uses the data to kind of 

“in every process we create data, we create information, and then 

we should capture that information and of course, when i say 

capture we need the right format, the right data model, and store 

that in the right place in order to enable analytics afterwards. So, 
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Antecedents Sample quote 1 Sample quote 2 

autocorrected, so if you don't have that under control” in all the process in PLM, we generated data and information. That 

is typically consumed by other processes that coming afterwards 

in the product lifecycle.” 

 

Process integration ”It put requirements to the integration between business processes and 

IT, because it doesn’t work if put some technical demands in the 

processes which aren’t reflected in the systems” 

“Because the way it was done was basically that each department 

could make as many boxes as they wanted and write a process 

there, but there was no links between the processes, they kind of 

skipped the whole SIPOC practice, where you identify where you 

got your information and where you dump it.” 

Customer orientation   

Process governance “There has to be some kind of global governance and place that ensure 

that every region or every function don't have their own little separate 

ways of working, you know across regions or across functions, 

because otherwise you start getting complexity, chaos and silos. So, 

there is an absolute need to have global overseeing, supporting and 

advising and suggesting and driving through global initiatives as 

well.” 

“The functional approach has been preferred because it created a 

high degree of ownership, where focus has been upon business 

processes according to IT tools and data generation”. 

Strategic practices   

Strategic objectives “I see a lot of people around talking about IT systems, platforms, 

generic digital technologies, big data, block chain etc. etc. But nothing 

of that is going to add value to the company if we don't understand 

really what’s the data that we need and where is the value in that data, 

that we should extract using that platform. Using the digital 

technologies is a second step. First, we need to understand, where is 

that value.” 

 

“You have to start with an idea, okay, you have to have a problem 

statement, you have to decide, okay, what can we look at and what 

variables can we look at to decide if there is some type of relevant 

outcome. So, you are not going to get value from big data unless 

you have a specific goal in mind, a specific deliverable, a specific 

project” 

IT strategy “IT will be one global organization with a common way of working to 

remove duplication, improve efficiency and deliver the IT capabilities 

the business really needs … IT will build a collaborative relationship 

with the business to effectively support business value streams. IT 

develop and deliver competitive services to the business through a 

business service catalogue”. 

 

“We have some hopes to reduce some of the systems, where 

system consolidation is one of that. One of the ideas we are 

pushing, and pursuing is the idea of a data lake – Reducing the 

number of traditional databases – because that would create some 

kind of zoo of data that you can put governance around it” 

Strategic alignment “the question is that we what data is generated in those processes and 

then we must be sure that we specify to the people that is designing 

the process that they implement the IT systems and means in order to 

capture that data.” 

“what I've suggested for the new IMS system they are looking into 

now to replace process house is that there is a live link between 

whatever we use to manage our IT architecture, the processes and 

the organizational chart. I don't know how well that was taking 

into the considerations”. 
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Antecedents Sample quote 1 Sample quote 2 

 

Process strategy “This is our journey, we broke it down into where start was the road to 

basics, which is the baseline of what I just explained. The next step 

was to mature into the environment of understanding, which is this 

part of let’s identify what we are doing today and let’s start to work on 

our standards and common ways and try to identify standards in the 

way we are doing it.” 

“The official comes from our business process community in 

regard to increasing the maturity and to have a game plan, a 5-year 

plan, to increase our PML assessment. That was a factor that 

guided us.” 
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1. Introduction 

The phenomenon of big data has generated significant interest in recent years as diverse data 

are being generated at unprecedented rates. From a resource-based view, big data can be adopted 

as a strategic resource to realize business value and sustain competitive advantages (Grover et 

al., 2018). In the business environment, big data is distinguished from traditional data through 

five elements — volume, variety, velocity, veracity, and value (5Vs) (Fosso Wamba et al., 

2015). Gandomi and Haider (2015) express this as a result of a growth of transaction data, new 

data sources, new technologies and new requirements for storing and archiving data. Survey 

results have shown, among others, three aspects of how big data may affect performance. First, 

using big data analytics can lead to asset productivity and business growth (Chen et al., 2015). 

Second, process-oriented dynamic capabilities in improving insights strongly mediate the 

relationship between big data analytics capabilities and firm performance (Fosso Wamba et al., 

2017). Third, alignment between big data analytics capabilities and business strategies moderate 

firm performance (Akter et al., 2016). In short, big data can be considered an asset capable of 

improving operational performance; thus, the topic has received significant interest among 

business scholars in recent years (see e.g., Frizzo-Barker et al., 2016; Phillips-Wren et al., 2015; 

Sheng et al., 2017). However, researchers agree that little is known about how to overcome the 

diverse challenges in big data’s value creation in terms of technical and analytics variables (Chen 

and Zhang, 2014; Phillips-Wren et al., 2015; Yaqoob et al., 2016; Zhong et al., 2016) and 

organizational variables such as leadership, processes, firm integration, innovation, strategy, 

decision making and culture (Fosso Wamba et al., 2015; Hazen et al., 2016). Consequently, 

empirical in-depth studies are needed to explore the relationships among these variables and to 

assess how they affect the value creation of big data. 

Attention has been drawn to how big data can create business value. Research has indicated 

that the value of big data is enabled through information utilization and decision making in 

business processes (Brinch, 2018; Janssen et al., 2017). IT, information management, and 

business process management (BPM) are seen as interdependent constructs, through which 

alignment affects operational performance (Bronzo et al., 2013; Rahimi et al., 2016). However, 

neither IT nor business processes can succeed without considering other contextual factors 

(Melville et al., 2004). IT is deeply embedded in business processes and must be accompanied by 

complementary resources (Kohli and Grover, 2008). Although researchers have widely studied 
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the concept of alignment, alignment in the context of big data is underexplored, and multiple 

gaps in literature are present. To fill the gaps, researchers of big data have recommended 

examining potential intervening variables that may exist among organizational performance 

outcomes and IT practices (Chen et al., 2015), such as culture, management functions, and 

operations (Sheng et al., 2017). Further, Grover et al. (2018) suggest various moderating factors 

(e.g. strategy, leadership, governance support, and data-driven culture) affecting the value 

creation of big data, which are contextual factors requiring further study using the alignment 

logic. Early empirical knowledge on big data has shown that relationships exists among the 

elements of data, enterprise, leader, target, technology and analysts, thus suggesting that holistic 

perspectives focusing on all elements are needed, and these perspectives should be qualitatively 

studied for a more detailed understanding (Müller and Jensen, 2017). 

In response to these theoretical gaps, this study contributes to the debate regarding how value 

from big data can be created through an IT alignment perspective. The purpose is to explore and 

highlight alignment practices important to the value creation of big data in a theory-building case 

study through two research questions: 

• What alignment practices exist in a big data environment, and which alignment practices 

are critical in creating value from big data? 

• What are the enabling variables operating toward the realization of such alignment 

practices in the context of the value creation of big data? 

 

This article continues with a literature section describing big data and IT alignment and 

showing the development of an IT alignment framework, accomplished by integrating business 

process literature. The subsequent section covers the research design and the steps included in 

the theory-building case study. Next, a case description is introduced prior to the presentation of 

case findings and analysis of fifteen alignment practices. Finally, the article ends with a 

discussion proposing a big data alignment framework. Implications and conclusions are made.   

 

2. Theoretical background 

2.1 Big data 

In terms of the previously mentioned 5Vs of big data (volume, variety, velocity, veracity, and 

value), the advent of big data and analytics has changed current data-to-information practices. 
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Data are turned into information quickly; organizations focus on predictive and prescriptive 

analytics as well as on advanced analytics (Larson and Chang, 2016). The value of big data 

analytics is inherent across multiple domains, in which dynamic information-processing 

capabilities are enabling better resource configurations and reconfigurations to create 

competitive advantages (Chen et al., 2015). The value creation of big data represents the “use 

value” of big data in domain-specific business processes, including the ability to use information 

generated from the big data ecosystem for strategic and operational decision making through 

various decision (support) systems (Brinch, 2018). The strategic perspective includes 

improvements in effectiveness, profitability, market share, and customer satisfaction, whereas 

the operational perspective includes efficiency improvement, process optimization, and cost and 

time reduction (Fink et al., 2017). Previous researchers have emphasized that in order to adopt 

and apply big data, companies should ensure the cross-functional integration of activities that 

would facilitate seamless information flows, intelligence sharing, and aligned initiatives 

supporting business objectives (Fosso Wamba et al., 2015; Sanders, 2016; Wang et al., 2016). 

A literature review of the value creation of big data showed that little has been written about 

the intersection of alignment and big data. Ghasemaghaei et al. (2017) found that realizing agility 

through data analytics requires high levels of fit among analytical tools, data, employees’ 

capabilities, and firm tasks. Mikalef et al. (2018) found that business–IT alignment is an 

intangible resource for big data analytics capabilities. In addition, strategic alignment consisting 

of strategy and processes is embedded in a big data maturity model (Comuzzi and Patel, 2016). 

Further, big data analytic capabilities and their alignment with business strategies have been 

found to include mission, goals, objectives, investments, plans, and strategies (Akter et al., 

2016). Overall, researchers have studied few alignment practices and consecutive variables; 

therefore, much remains unknown about alignment in the context of big data. 

 

2.2 Toward an alignment framework  

The concept of alignment has generated increased awareness since its introduction in the 

early1980s (Pyburn, 1983). Alignment is a quest for strategic fit among elements—for example, 

among strategy, organization, culture, leadership style, and competitive market situation 

Henderson and Venkatraman (1993) argued that from an IT perspective, strategic alignment is a 

matter of creating both strategic fit and functional integration in terms of four domains of 
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strategic choices: (a) business strategy, (b) information technology, (c) organizational 

infrastructure and processes, and (d) information technology infrastructure. The interaction 

between business strategy and IT has further been supported in literature (see e.g., Luftman and 

Brier, 1999; Reich and Benbasat, 2000). However, a lack of a common definition of alignment is 

evident (Chan and Reich, 2007a; Coltman et al., 2015; Gerow et al., 2015); various terms have 

been used to refer to alignment—for example, coherence, fit, harmony, integration, fusion, 

congruence, and linkage (Chan and Reich, 2007a; Jia et al., 2018; Tallon et al., 2016). Much has 

been written about alignment, from descriptions of the basic connections between formal IT 

plans and business strategy to discussions of a multidimensional process-level construct (Tallon, 

2007); however, alignment is still considered among the top three challenges of chief 

information officers (Kappleman et al., 2013). 

Several literature reviews on business–IT alignment have provided valuable knowledge on the 

development of this important topic (Cao, 2010; Chan and Reich, 2007b; Coltman et al., 2015; 

Jacks et al., 2011; Melville et al., 2004; Wiengarten et al., 2013). However, these reviews 

focused only on IT literature, excluding consideration of operations, supply chain management, 

and BPM. In particular, functional integration is a critical attribute within BPM. BPM focuses on 

horizontal business processes to create a process-oriented structure aligned with IT processes 

(Aparecida da Silva et al., 2012). Strategic alignment involves creating functional integration 

(Henderson and Venkatraman, 1993). Therefore, both IT literature and BPM literature are 

integrated in this study. 

 

2.2.1 Alignment practices from IT literature  

In accordance with Wiengarten et al.’s (Wiengarten et al., 2013) IT alignment categorization, 

alignment researchers have discussed practices involving IT–strategy alignment, IT–structure 

alignment, IT–process alignment, and IT–culture alignment. Wiengarten et al. (2013) extended 

the IT alignment view, arguing that IT alignment is more than a pairwise association between IT 

and one organizational factor; instead, it should be holistically considered as the coalignment 

among IT resources and all organizational factors; however, this view is currently underexplored. 

IT–strategy alignment concerns how well strategic objectives, mission statements, and plans 

align with IT objectives. Strategic alignment refers to the fit between the priorities and activities 

of the IS function and the priorities and activities of the business unit (Chan, 2002). Elements 
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include, for example, the strategic alignment model (Henderson and Venkatraman, 1993) and the 

importance of integrating business and IT plans (2000). Early thinking has been dominated by a 

view that business planning comes first, followed by IT planning; today, IT plays an essential 

supporting role, influencing business strategy (Tallon et al., 2016). Thus, IT systems must 

support strategic initiatives as well as provide valuable input into adjustment or development of 

new strategic initiatives. 

IT–structure alignment concerns the degree of “structural fit” between IT and the 

organizational structure, including aspects such as the location of IT decision-making rights, 

reporting relationships, (de)centralization of IT services and infrastructure, and deployment of IT 

personnel (Chan, 2002). Pyburn (1983) discussed examples of structural alignment contributions 

and stressed the importance of IT’s role in filling critical business needs. Reynolds and Yetton 

(2015) investigated how business and IT structure alignment influences IT decision making and 

relationships. 

IT–process alignment shows that when IT is aligned, integrated, or coupled with 

organizational processes, higher-order capabilities or synergies are created (Wiengarten et al., 

2013). Jacks et al. (2011) found that in terms of the role of IT, business process outcomes, 

process efficiency, and process performance were dependent variables for organizational 

performance. New information systems and process redesigns should be combined to avoid 

potential misfits; misfits can outweigh IT benefits; thus, the full potential of IT might not be 

realized (Cao, 2010).  

IT–culture alignment focuses on the cultural attributes of employees and the organization. 

Chan (2002) investigated the informal business structure and promoted the importance of a well-

organized company culture to support the alignment process. Luftman et al. (1999) found that 

achieving alignment requires strong cultural relationships among company staff, especially from 

senior managers. Further, social dimensions have a role, including various components such as 

customers, organizational lifestyles, and values, which identify the society in which 

organizations operate (Ullah and Lai, 2013). For example, the social dimension reflects the 

degree to which senior managers are committed to the alignment between business and IT (Reich 

and Benbasat, 2000). 
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2.2.2. Additional alignment practices from BPM literature 

Critics of the alignment between business and IT have claimed current alignment theory has 

failed to capture the real business environment. However, BPM can help ensure accurate 

alignment between business processes and IT (Alotaibi and Liu, 2016). BPM literature has 

emphasized the need to align with IT practices (see e.g., Buh et al., 2015; Paim et al., 2008; 

Trkman, 2010). Further practices have been observed to supplement the alignment practices 

identified in IT literature. Lockamy and Smith (1997) included strategies, processes, and 

customers in a strategic alignment triangle that links performance measurements and information 

technologies, from which the following recommended practices can be derived: 

• Develop a distinct customer orientation to increase customer satisfaction; 

• Develop a distinct focus on performance measurements to assess current performance and 

reveal future improvement opportunities; and 

• Develop a distinct focus on innovation, based on process reengineering and project 

management. 

 

Noteworthy of BPM is the distinct focus on business processes, including attributes of process 

design, process standardization, process ownership, and process governance (Hammer, 2010). 

Further, BPM emphasizes improving business processes through the ideology of continuous 

improvement (Armistead and Machin, 1997). Several denominators have been identified in IT 

and BPM literature. In this regard, critical success factors of BPM include the IT levers of IT 

investments, informatization, and automation, all of which encompass employee specialization 

and strategic alignment (Trkman, 2010). Additionally, Buh et al. (2015) highlighted BPM to 

include top managers’ commitment, strategic alignment, people, IT, and culture. 

 

2.2.3. Synthesis of literature on alignment 

Based on the alignment and BPM literature previously discussed, six overarching practices 

and variables are identified and included in a theoretical alignment framework to be explored for 

their importance to the value creation of big data (Figure I). 
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Figure I. Theoretical framework of alignment practices 

 

3. Research design 

Current management research on big data has focused primarily on conceptual methodologies 

rather than on empirical methodologies, creating a need for empirical in-depth studies (Brinch, 

2018; Frizzo-Barker et al., 2016). In this study, a single theory-building case study was adopted 

to provide a thorough understanding of alignment practices for big data. The case study research 

design was chosen for its strength in creating theory through exploring constructs and their 

relationships within distinct settings and was intended to build theory on the phenomenon of big 

data and its value creation; thus, a single case study was a suitable research strategy (Benbasat et 

al., 1987). For this study, the research approach of “gaps and holes” was chosen based on a 

theoretically anchored research question, and existing theory was used to develop a theoretical 

framework for analysis (Ridder, 2017). The research strategy was intended to identify links 

between variables and to discern why these relationships existed (Stuart et al., 2002), which was 

an appropriate strategy given that the concept of alignment by definition includes more than one 
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dimension. Overall, the case-study protocol followed an iterative procedure comprising six 

steps—plan, design, prepare, collect, analyze, and share (Yin, 2014, p. 1).  

The case company was an OEM wind turbine manufacturer and service provider who at the 

time of the study was a leading supplier of wind power solutions with annual revenue of more 

than 10 billion Euros. A company in the wind industry is representative for big data for several 

reasons. First, wind energy is subject to disruptive technologies that transform businesses, for 

example, through the Internet of Things, cloud technologies, and automation of knowledge work 

(Manyika et al., 2013). Second, data-driven insights generated from wind turbine data, along 

with analytics capabilities gathered from monitoring, controlling, optimizing, and autotomizing, 

are considered “smart-connect” products that can transform current competitive forces (Porter 

and Heppelmann, 2014). Third, the wind industry contains multiple data sources and diverse data 

characteristics to support decision making through various stages of smart-energy management 

(Zhou et al., 2016). The present study occurred in the business unit responsible for the operation 

and maintenance of wind turbines and thus represented a service supply chain. The company met 

the case sampling criteria of having a conscious and active application of big data designed to 

improve company operations. 

Prior to formal data collection, a pilot case study was completed to provide deeper insights 

into the issues being studied (Dubé and Paré, 2003). The aim was to understand digitalization 

strategies and activities, business process designs, organizational structure, and IT-level, process-

level, and business-level challenges regarding big data. The pilot case study assisted in refining 

research questions and in identifying knowledgeable respondents for interviews. 

 

3.1 Data collection 

The first step in the data collection process was to identify the dominant functional areas that 

captured, managed, and used data considered important in meeting business objectives. In this 

regard, three departments were chosen: The Department of Operations, the Department of Spare 

Parts, and the Department of Technology. The authors were granted access across various 

departments to conduct interviews. Interview candidates were selected based on their expertise 

regarding department strategies, business processes, and use of data and analytics. Further, 

interview candidates were selected from the support functions of IT, business improvement, 

quality management, and digitalization. The selected respondents represented competencies 
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within advanced analytics, business intelligence, IT architecture, IT governance, BPM, business 

improvements, operations management, project management, and digitalization. Eighteen 

interviews were conducted using a semi structured approach. The interview guide, based on the 

process-oriented conceptual framework of Brinch (2018) included value discovery, value 

creation, and value capture as the central dimensions of big data value. The respondents were 

told that the purpose of this research was to examine how using big data created value. In 

addition, respondents were informed of the research team’s interest in discussing current 

strategies and practices and current and former challenges. The respondents received the 

interview guide beforehand, giving them the chance to prepare. Each interview was scheduled 

for one hour; however, several interviews were extended. 

 

3.2 Data analysis 

All interviews were fully transcribed and processed into the NVivo 11 Pro software for 

qualitative content analysis. To prepare for analysis, a protocol was developed to define coding 

procedures. Within the NVivo software, two coding iterations took place. The first iteration was 

a provisional coding using the theoretical framework as a preliminary list of primary codes 

(constructs) to identify sentences matching each practice; in addition, sub codes (variables) were 

identified (Saldaña, 2016, pp. 168, 91). During this coding analysis, it became apparent that the 

primary codes and sub codes were expressed interdependently within most sentences and 

paragraphs, thus providing a basis for a second coding iteration. During the second coding phase, 

the causation coding technique was applied on the primary coding concepts, allowing 

relationships among alignment practices to be mapped (Saldaña, 2016, p. 187). 

Based upon this two-iteration coding procedure, a matrix query within the NVivo 11 Pro 

software was developed among the six practices and their embedded sub codes and compared to 

the alignment practices observed (Appendix A). This analysis allowed the research team to 

identify primary enabling characteristics representing the sub codes affecting each set of 

alignment practices as well as the secondary enabling characteristics representing other practices 

that also affected each type of alignment. In addition, an analysis was conducted to identify the 

number of observations made for each alignment practice.  
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4. Case description 

As mentioned, the case company is a global leading player in the wind energy industry. 

Company managers strive to reduce the cost of energy as a competitive driver and aims to 

surpass current lowest energy prices against energy sources such as coal, nuclear, and other 

renewables. As one means to address this aim, the company operated a five-year, ongoing 

digitalization program to develop competitive analytic capabilities; managers were responsible 

for defining the digital strategy as well as for coordinating digitalization initiatives throughout 

the service organization, which was structured according to a business layer, a process layer, and 

a data and technology layer.  

 

4.1 Business layer 

Digitalization strategy is intended to “turn data into value” in terms of the strategic pillars of 

innovation and productivity. To wind energy company managers, digitalization refers to 

combining data from different sources to analyze and create new value. Digitalization involves 

three aspects: (a) combining existing operational data, internal enterprise data, and third-party 

data in new applications; (b) applying new digital technologies (e.g., text mining and machine 

learning) to existing or new data to uncover their full potential; and (c) adding new data sources 

to combine them with existing data to create new insights. The wind energy company operated in 

a multiple-source big data environment encompassing high data volumes and high velocity data 

generated, stored, governed, and used in the energy value chain. From a service perspective, the 

aim was to become capable of condition-based maintenance, for example, to attain the capability 

of applying dynamic checklists instead of static checklists in service manuals. The objectives 

were to increase turbine productivity and operational profitability through globally digitalized 

end-to-end processes. To succeed, the strategy was to harness the organizational information and 

knowledge in an integrated environment, thereby enabling differentiation through technology 

innovation and data insights, as well as to integrate and automate actionable insights into 

workflows that optimized the efficiency and effectiveness of service operations.  

 

4.2 Process layer 

The business processes in the company were designed according to the organizational 

structure; departments were responsible for designing, standardizing, and optimizing their own 
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functional processes. The business-improvement support function governed the holistic view of 

processes across departments, facilitated the cross-functional view of processes in every process-

related project, and was the IT demand representative for the service business unit to secure 

alignment between IT and processes. The BPM strategy focused on identifying and standardizing 

processes to structure the delivery of services and to create awareness and commitment toward 

the development and use of processes. However, differences in process maturities existed 

between departments, and some processes were still referred to as a “black box,” wherein 

activities had yet to be designed and standardized. Differences also existed in how processes 

used IT and data in their operations; for example, spare parts processes used a centralized and 

SAP-based approach, whereas the technology and operations processes used a decentralized 

system landscape and a high number of IT systems. Additionally, all departments operated with 

function-based performance metrics, and a few departments had developed a supportive process-

based performance metric structure. Going forward, company managers reported that processes 

would continue to be standardized, and further developments would require that processes 

become digitized, automated, and more consistent across regions. In addition, managers planned 

to increase use of IT and data-driven decision making as well as developing and adapting process 

designs to be more cross-functionally oriented.  

 

4.3 Data and technology layer 

In the pursuit of digitalization, the data and technology layer focused on the technologies and 

data required to achieve globally digitalized end-to-end processes going from onsite diagnostics 

and reactive maintenance to technology-enabled real-time services of condition-based 

maintenance. The company managers developed advanced analytic capabilities based on turbine 

data, wherein the total fleet of serviced turbines were remotely monitored, controlled, and 

analyzed in real time with a high success rate of dispatching few technicians. These analytic 

capabilities were strengthened through rich product and service domain expertise, enabling 

actionable insights to be delivered to sites and service technicians. Initiatives within 

digitalization focused on establishing a data-analytics platform through data generation, data 

integration and management, data analytics, and data presentation, thus providing connectivity, 

data integration, and advanced analytics applications to support business processes, including 

development of an Internet of Things platform. Other digitalization initiatives included data-
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analytics use cases valuable for developing data analytics to strengthen maintenance strategies 

and risk management, for example, through analyzing failure rates and generating visual images 

of turbine blade conditions. Additionally, research on emerging technologies such as drones, 

robots, and advanced analytics aside from the use cases were explored and tested for their 

potential to improve profitability and productivity. Finally, a significant effort in data governance 

focused on configuration management of turbines as an effort to secure complete asset 

transparency throughout the turbine lifetime. Other initiatives aimed to increase system 

transparency and the quality of data.    

 

5. Case findings and analysis 

The findings from the case study highlight a series of alignment practices important for the 

value creation of big data. The coding results of the eighteen interviews (Table I) show the 

number of observations made for each alignment practice. The alignment practices are grouped 

into alignment practices with high criticality (Table II, more than 75 observations), alignment 

practices with intermediate criticality (Table III, between 50 and 75 observations), and alignment 

practices with low criticality (Table IV, fewer than 50 observations). For each alignment 

practice, primary and secondary enabling variables are identified to show how such an alignment 

can be achieved. Case examples were derived from the interviews. 

 

5.1. Alignment practices with high criticality  

5.1.1. IT–process alignment 

IT–process alignment was the most frequently mentioned alignment practice. In particular, the 

analysis showed that the variables of informatization and process standardization were often 

interlinked with one another. Thus, the value creation of big data particularly concerned how 

standardization as a business process capability involved collecting, managing, and using data to 

enhance decision-making practices. In addition, several respondents emphasized that business 

processes came before IT and that IT practices should be used as a supportive tool rather than to 

dictate the design and activities of processes. Ideally, the standardization of business processes 

should help managers decide which information systems to use in which activities, in contexts in 

which inputs and outputs related to data and information are specified. 
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Table I. Overview of observed alignment practices based on the causation coding analysis 

 

 

Strategic 

practices 

Process 

practices 

Performance 

practices 

Organizational 

practices 

IT 

practices 

Human 

practices 

Human 

practices 

28  

observations 

68  

observations 

55  

observations 

32  

observations 

77  

observations 
260 

IT 

practices 

59  

observations 

156  

observations 

113  

observations 

50  

observations 
455  

Organizational 

practices 

20  

observations 

57  

observations 

45  

observations 
204   

Performance 

practices 

41  

observations 

84  

observations 
338    

Process 

practices 

37  

observations 
402     

Strategic 

practices 
186      

*Note: Alignment relations are generated by combining practices based on the theoretical framework. The bold 

number is the total number of alignment observations for each practice.  

 

However, some respondents reported that this had not always been the case at the company, 

leading to a complex IT system landscape with limited transparency and inconsistent data 

standardization. This limitation was derived from the current functional process design that had 

caused silo thinking regarding the selection and implementation of storage services, IT systems, 

and software applications, thus causing misalignment among IT and processes that crossed 

functional boundaries. Moving toward a cross-functional process design could enable the current 

IT system architecture to integrate data sources more effectively and facilitate ready distribution 

and use of data across and between functions, for example, to employ diagnostic insights on 

trends in failure rates and assess the performance of turbine components in the planning of spare 

parts inventories.   
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Table II. Enabling variables for alignment practices with high criticality 

Alignment 

practices 

Variables enabling alignment  Case examples 

IT-process 

alignment 

Primary: informatization (IT), standardization 

(PRO), IT architecture (IT), process design 

(PRO), IT governance (IT), software 

application (IT), integration (PRO), automation 

(IT) 

 

Secondary: innovation (PER), usage (HU), 

measurements (PER), project management 

(PER) 

 

▪ Actionable remote diagnostic advices (IT) 

are forwarded to wind farm sites and 

service technicians on service issues, which 

are suggesting and customizing the repair 

and maintenance plans (PRO). 

▪ Efforts in maturing business process 

designs, standardization (PRO) and 

performance management (PER) have 

increased the rate and quality of data 

collection and data governance regarding 

spare parts transactions (IT). 
 

IT-performance 

alignment 

Primary: informatization (IT), innovation 

(PER), IT architecture (IT), measurements 

(PER), project management (PER), software 

application (IT) 

 

Secondary: standardization (PRO), objectives 

(STR), usage (HU), strategic content (STR), 

commitment (HU), process design (PRO) 

 

▪ Hack-a-thon events have explored analytics 

techniques and new data combinations (IT) 

to increase data-driven innovation, where 

analytics use case projects have been 

initiated as a result hereof (PER).  

▪ A computerized maintenance management 

system is in development to collect and 

consolidate data (IT) from processes (PRO) 

to innovate current maintenance practices 

(PER). 
 

Human-IT 

alignment 

Primary: informatization (IT), IT architecture 

(IT), data and IT usage (HU), employee 

knowledge (HU), software application (IT) 

 

Secondary: process design (PRO), 

standardization PRO), measurements (PER), 

project management (PER), collaboration 

(ORG) 

▪ Data from multiple sources are processed 

into an EXITO data warehouse (IT) for the 

purpose of having data available to anyone 

at any time (HU). 

▪ There is a common agreement among 

managers and employees (HU) to use the 

same IT application in conducting and 

disseminating diagnostic advices (IT). 
 

Performance-

process 

alignment 

Primary: standardization (PRO), innovation 

(PER), measurements (PER), project 

management (PER), process design (PRO) 

 

Secondary: informatization (IT), IT 

architecture (IT), software application (IT), 

usage (HU) 

▪ The technology department wants to 

develop a case management system (IT) 

that can be managed within the processes 

(PRO) and can measure performance issues 

(PER). 

▪ The American region of operations are 

standardizing processes (PRO) as baseline 

for performance measurements and 

improvement (PER), in which data sources 

are consolidated to provide a single-source-

of-truth on performance measures (IT). 

Note: Variables and examples are supplemented with brackets referring to a specific practice using the abbreviations 

of: HU (human practices), IT (IT practices), ORG (organizational practices), PER (performance practices), PRO 

(process practices) and STR (strategic practices) 
 

5.1.2. IT–performance alignment 

Respondents’ descriptions of alignment between IT and performance included four types of 

innovation. The first type of innovation was a redesign of the current IT system architecture 
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undertaken as a prerequisite for implementing data-driven productivity improvements and 

providing performance measures that were more granular and transparent. According to 

respondents, the back-end IT architecture should consolidate data sources to provide a single 

source of truth—for example, through data analytics platforms and the consolidation of different 

SAP systems into SAP HANA. Second, the analytics use cases were derived from hack-a-thon 

events, an cross-functional data analytics event, representing examples of analytics innovation 

used to explore analytics techniques aimed toward combining and integrating new data sources 

to provide insights into solving productivity issues. Third, respondents reported on the 

development of front-end applications to display and visualize data analytics results and 

performance measurements implemented to support decision making. Finally, innovation 

referred to IT automation, wherein the spare parts processes had especially benefited through 

improved process lead times and at the same time secured a higher rate and quality of data 

collection and utilization.  

 

5.1.3. Human–IT alignment 

A key attribute of the human–IT alignment practice concerned how and how well employees 

and managers adopted data, information, and IT into their working tasks. Several initiatives were 

launched at the company to configure and standardize IT systems to improve insights and 

support for service technicians. Software applications were required to display data and 

information, enabling employees to make decisions and report data back into the system. 

However, the actual adoption of data-driven insights and IT systems was mixed among 

departments, requiring further improvement. One IT respondent said that the departments that 

possessed IT-savvy employees were better capable of integrating IT into their activities. Thus, IT 

and analytics knowledge should not only be placed in the IT department but also be 

decentralized to the specific functions. In certain areas, the decentralization of IT systems and 

silo thinking were constraining employees’ access to and trust in data, which affected the degree 

to which data were being shared and used for analytics purposes.   

 

5.1.4. Performance–process alignment 

The performance–process alignment practice was a type of alignment not directly related to 

the IT practices of big data, although it contained a high number of observations and was 
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described by respondents as highly critical to the value creation of big data. The reason for 

respondents’ assessment was that big data was viewed as a means to implement productivity 

improvements, that is, to optimize workflows that improve the efficiency and effectiveness of 

service operations. Yet, the adoption of big data was not a means in itself; rather, adoption 

occurred to attain the value that big data was expected to deliver. In this regard, the 

standardization of processes was an enabler of big data, which was the baseline for any kind of 

performance improvements. Several respondents highlighted the need to understand business 

processes through process descriptions and performance measurements before performance 

improvements were made. Noteworthy was the degree to which IT and the use of data and 

analytics were embedded in process-related projects. In addition, respondents noted how the IT 

architecture influenced the speed at which performance improvements were realized; 

respondents reported that certain functional projects had proprietary and extensive IT 

configurations and that these tended to have higher failure rates because of failure to the meet the 

standardized and cross-functional needs of the business.   

 

5.2. Alignment practices with intermediate criticality 

5.2.1. Human–performance alignment 

The alignment between human and performance practices concerned several aspects, 

including how employees adopted data-driven insights to decide on productivity improvements, 

how the IT- and process-related knowledge secured effective big data solutions, and how the 

managers’ commitment toward digitalization influenced the implementation and adoption of big 

data. Most respondents reported that managerial commitment was essential and that managers 

actively needed to prioritize financial and human resources to digitalization efforts. Respondents 

mentioned resources typically were provided at the beginning of strategic projects, for example, 

during development of computerized configuration management systems and tools supporting 

operational service processes; however, as development and implementation progressed, 

managerial commitment tended to decline, and reprioritizations occurred, leaving the solution 

limited in scope or not fully implemented.    
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Table III. Enabling variables for alignment practices with intermediate criticality 

Alignment 

practices 

Variables enabling alignment Case examples 

Human-

performance 

alignment 

Primary: innovation (PER), measurements 

(PER), usage (HU), project management 

(PER), commitment (HU) 

 

Secondary: informatization (IT), 

standardization (PRO), IT architecture (IT), 

collaboration (ORG) 

 

▪ The spare parts department have developed a 

Tableau application (IT) to assist employees 

(HU) in analyzing root causes on process-

related performance issues (PER). 

▪ The model-based-diagnostic team consists of 

innovative employees having cross-discipline 

knowledge (HU) to explore innovative (PER) 

analytics techniques (IT)   
 

Human-

process 

alignment 

Primary: usage (HU), standardization 

(PRO), process design (PRO), commitment 

(HU) 

 

Secondary: informatization (IT), IT 

architecture (IT), project management 

(PER), innovation (PER) 

 

▪ Technicians are encouraged (HU) to follow a 

process (PRO) securing feedback regarding the 

quality of diagnostics advices (IT) 

▪ The department of business improvement has 

pushed for process standardization (PRO) to 

secure commitment and usage of business 

processes (HU) 
 

IT-strategic 

alignment 

Primary: informatization (IT), objective 

(STR), IT architecture (IT), strategic content 

(STR) 

 

Secondary: innovation (PER), measurements 

(PER), collaboration (ORG), standardization 

(PRO) 

 

▪ The IT departments strategy (STR) is to 

consolidate and reduce the number of IT 

applications from 1300 to 200 (IT) with the 

objective of streamlining and standardizing the 

IT architecture (STR) 

▪ The digital service strategy (STR) is to combine 

domain know-how with advanced data analytics 

to achieve competitive actionable insights (IT) 

that will optimize customer profitability (STR). 
 

Organizational-

process 

alignment 

Primary: structure (ORG), process design 

(PRO), collaboration (ORG), standardization 

(PRO), integration (PRO), governance 

(PRO) 

 

Secondary: informatization (IT), usage (HU) 

▪ A process community across departments are 

collaborating (ORG) to align process design and 

to strengthen process integrations (PRO) 

▪ A shift in process ownerships (PRO) from the 

operations department to product line 

departments is planned to consolidate IT system 

and process responsibilities (ORG) 

Note: Variables and examples are supplemented with brackets referring to a specific practice using the abbreviations 

of: HU (human practices), IT (IT practices), ORG (organizational practices), PER (performance practices), PRO 

(process practices) and STR (strategic practices) 
 

5.2.2. Human–process alignment  

The human–process alignment practice reflected how employees adopted and used the 

standardized processes described in the process design. In certain areas, respondents found it 

challenging to engage employees in adopting and following a standardized set of processes 

affecting work documentation and data collection that later could be applied to assess analytics. 

Efforts focused on standardizing processes within each department, thus ensuring the 

commitment and use of business processes. The business improvement function involved 

training employees on theory and tools related to BPM. However, respondents reported that the 



 

192 | P a g e  

processes did not always reflect the actual activities conducted and that some process 

descriptions were not strong enough to motivate employees to adopt the standardized set of 

processes, which hindered data collection, data management, and data utilization capabilities. 

 

5.2.3. IT–strategic alignment 

The consistency among business strategy, digitalization strategy, and IT strategy comprised 

IT–strategic alignment. Digitalization strategy was a strategic element new to the company, 

encompassing how and where data could be turned into value, thus showing how the value 

creation of big data and its capabilities could be realized. The results of the analysis showed that 

informatization and IT architecture variables should fit with strategic objectives and strategic 

content. In this regard, the IT strategy supported the needs of the business unit by developing an 

operational backbone, thereby enabling operational excellence, and by providing a digital 

services platform, thereby enabling rapid innovation, which supported the two strategic pillars of 

innovation and productivity. Additionally, functional strategies incorporated aspects of 

developing IT solutions and using analytics in meeting functional objectives.  

 

5.2.4. Organizational–process alignment 

Organizational–process alignment involved considering how business processes should fit 

with the organizational structure. Promoting collaboration between departments was, among 

others, enabled through processes. As mentioned, the company had adopted a functional 

approach in designing business processes to ensure standardization and commitment. Although 

the standardization of processes enabled data collection capabilities, the functional approach was 

constrained because of a lack of cross-functional processes. In this regard, differences in process 

maturities existed among functions, which constrained several elements, including process 

integrations; the capability to collect, manage, and use data; and organizational collaboration. 

Thus, data and information flows were limited to remain within functional boundaries, fostering 

little transparency toward ensuring that potentially valuable data were collected and shared 

across functions. Further, the functional process design motivated departments to develop their 

own IT solutions; respondents reported limited trust of data from other departments. 
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5.3. Alignment practices with low criticality 

5.3.1. Human–organizational alignment 

The human–organizational alignment practice involved considering how organizational 

structure created analytic capabilities to enable the use and quality of information. The company 

had centralized analytics competencies in certain departments in which employees were 

specialized in analytics; moreover, respondents also observed that data scientists were 

decentralized supporting functional tasks. In addition, the human–organizational alignment 

concerned the degree of cross-functional collaboration supported by the departments of IT and 

business improvement. Thus, several respondents viewed working jointly on IT- and process-

related projects as a success factor in the implementation of big data.  

   

5.3.2. Human–strategic alignment 

The human–strategic alignment reflected managers’ commitment to prioritize and execute 

digitalization strategy. The respondents reported that IT and digitalization expertise were 

essential to developing and executing digitalization strategies that could solve challenges. Some 

respondents reported that lack of expertise was a constraint. Additionally, employees should be 

equipped with knowledge to execute digitalization projects effectively.  

 

5.3.3. IT–organizational alignment 

The organizational structure design in the company intended to build strong IT capabilities. 

For example, the IT department had created a functional unit called Data and Analysis, wherein 

the IT department established a structure to support the business on IT requests, ERP 

configuration, analytics platforms, and the choice of storage services and software applications. 

This support was focused on meeting business and functional needs while securing system 

consolidation, system standardization, and cost rationales in a timely manner. Respondents 

indicated that achieving these goals required organizational collaboration between IT and 

functional departments as well as between data scientists and process consultants. 
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Table IV. Enabling variables for alignment practices with low criticality 

Alignment 

practices 

Variables enabling alignment Case examples 

Human-

organizational 

alignment 

Primary: structure (ORG), collaboration (ORG), 

knowledge (HU), commitment (HU) 

 

Secondary: IT architecture (IT), informatization 

(IT) 
 

▪ Several analytic competence centers, 

e.g., remote diagnostic center and an 

operations analytics team, (ORG) are 

having specialized analytics expertise 

(HU) 

Human-strategic 

alignment 

Primary: strategic objectives (STR), commitment 

(HU), knowledge (HU), strategic content (STR) 

 

Secondary: informatization (IT), project 

management (PER), process design (PRO) 
 

▪ In one department a shift in 

management provided more experience 

and know-how (HU) to drive the 

digitalization agenda and its 

accompanying objectives (STR) 

IT-

organizational 

alignment 

Primary: informatization (IT), IT architecture (IT), 

structure (ORG), collaboration (ORG) 

 

Secondary: process design (PRO), standardization 

(PRO) 
 

▪ The IT department’s IT demand 

management process (PRO) are 

developing technical solutions (IT) in 

close collaboration with business unit 

representatives (ORG) 

Organizational-

performance 

alignment 

Primary: collaboration (ORG), project 

management (PER), innovation (PER), 

measurements (PER), structure (ORG) 

 

Secondary: informatization (IT), process design 

(PRO), standardization (PRO), IT architecture (IT) 
 

▪ The IT department was early and 

consistently involved (ORG) in the 

spare parts north star project to innovate 

current IT solutions (PER) 

Performance-

strategic 

alignment 

Primary: objectives (STR), project management 

(PER), measurements (PER), innovation (PER), 

strategic content (STR) 

 

Secondary: informatization (IT), standardization 

(PRO), commitment (HU) 
 

▪ Productivity and saving objectives in 

region America (STR) are cascaded into 

performance measures and evolved into 

a global program (PER), which required 

enhancements in data collection and 

data analysis procedures (IT) 

Process-

strategic 

alignment 

Primary: objectives (STR), process design (PRO), 

standardization (PRO), strategic content (STR), 

governance (PRO) 

 

Secondary: informatization (IT), innovation (PER), 

measurements (PER) 
 

▪ The IT-driven developments in spare 

parts processes (PER) was based on the 

objective of increasing delivery 

reliability and delivery lead time (STR), 

to which a future state of process 

designs was detailed described (PRO) 

Organizational-

strategic 

alignment 

 

Primary: objectives (STR), structure (ORG), 

collaboration (ORG) 

 

Secondary: informatization (IT), process design 

(PRO) 

▪ The operational departments strategy 

aims to enhance productivity (STR) 

using IT applications (IT) and included 

the regions to define the strategic 

content and execution hereof (ORG) 

Note: Variables and examples are supplemented with brackets referring to a specific practice using the abbreviations 

of: HU (human practices), IT (IT practices), ORG (organizational practices), PER (performance practices), PRO 

(process practices) and STR (strategic practices) 
 

5.3.4. Organizational–performance alignment 

The implementation of big data solutions was an interplay between organizational 

collaboration and projects aimed toward promoting productivity and innovation. Digital and 
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analytics projects were characterized by cross-functional team members and support from the IT 

department. The hack-a-thon events illustrated how data analytics innovation could be achieved 

by assembling experts from various functions to collaborate on developing analytic solutions to 

specific business problems. Further, the organizational structure outlined roles and 

responsibilities for productivity targets that were defined on a functional level and coordinated 

by the function of business improvement.  

 

5.3.5. Performance–strategic alignment 

The performance–strategic alignment represented two practices important in a big data 

setting. First, the strategic objective of condition-based maintenance guided the innovation and 

use of big data to improve productivity, thus guiding how the iterative steps of data collection, 

data management, and data utilization were operationalized into applications. Second, the 

digitalization strategies were represented in concrete projects to ensure that capabilities were 

developed, and analytic solutions were implemented. Respondents noted that digitalization 

projects depended on each other and should be coordinated. For example, the development of an 

analytics platform was a prerequisite to the analytics use-case projects. 

 

5.3.6. Process–strategic alignment   

The process–strategic alignment practice was based on the premise that value is created 

through business processes in which functional process designs and process standardizations 

should meet the business objective of productivity—for example, improving mean time between 

turbine visits and delivery reliability of spare parts. One beneficial practice observed was that 

this type of alignment depicted the future state of business processes compared to the current 

state of business process design and standardization, although only on a functional level. This 

practice helped in defining the degree of innovation required to improve current process 

practices as well as in defining the required support features of IT and identifying the data to be 

collected and utilized. However, not all departments were working on pursuing a future set of 

business processes; such departments had less success in creating fit between IT and processes. 
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5.3.7. Organizational–strategic alignment 

The organizational–strategic alignment of big data was expressed by how the digitalization 

strategies of the company were cascaded into the organization. Although digitalization supported 

the strategic pillars of productivity and innovation, digitalization was not an explicit element 

within functional strategies. In fact, the deployment of digitalization and analytics initiatives was 

based on functional objectives and not on digitalization objectives, which hindered the adoption 

and implementation of the digitalization strategy. Thus, more could have been achieved by 

defining and cascading objectives and targets directly related to digitalization, especially in terms 

of aspects of data collection, data management, and data utilization that aligned across functional 

boundaries.  

 

6. Discussion: A big data alignment framework 

The purpose of this theory-building case study was to explore and highlight alignment 

practices important to the value creation of big data. In this exploration, a theoretical alignment 

framework consisting of human, IT, organization, performance, process, and strategy practices 

was empirically examined. Fifteen alignment practices were identified and grouped according to 

three levels of criticality. The case study identified and provided examples of the interconnected 

variables for each alignment practice, thus providing insights to important variables regarding 

how different directions of alignment can be achieved in the context of big data.  

The results showed that the value creation of big data depended on a series of alignment 

practices, including alignment practices directly related to IT and alignment practices not directly 

related to IT, thereby empirically confirming the recent view that IT alignment is more than a 

pairwise association between IT and one organizational factor. Instead, IT alignment should be 

holistically considered as the coalignment among IT resources and all organizational factors 

(Wiengarten et al., 2013). In particular, two groupings of alignment practices were derived from 

this case study—integral alignment practices and complementary alignment practices (Figure II).  

The integral alignment practices contained alignment between IT practices, process practices, 

and performance practices, all of which had the highest influence on the value creation of big 

data. Respondents found these practices critical and recommended they be included as secondary 

variables enabling all other alignment practices. Thus, the interplay and fit between the IT, 

process, and performance variables must be closely aligned in the data-to-information process, 



 

197 | P a g e  

thus leading to better informational use and decision making within business processes. The 

complementary alignment practices must then moderate the integral alignment practices in being 

more efficient and effective toward the value creation of big data. These alignment practices 

include the alignment among human, organizational, and strategic practices. Further, they 

include certain IT, process, or performance alignment practices that are not grouped as an 

integral alignment practice—for example, human–process alignment, IT–human alignment, and 

IT–strategic alignment. 

 

Figure II. Big data value creating alignment framework 

 

 

Integral alignment practices involve more than simply considering each separate alignment 

practice. The integral aspect comprises the idea that IT–process alignment practices, IT–

performance alignment practices, and performance–process alignment practices should be 

aligned with one another, particularly in three situations. First, the process perspective is inherent 

because it represents the “use value” of big data in domain-specific business processes (Brinch, 

2018); in addition, the process perspective is an enabler for data collection and data management 

capabilities. Second, the IT perspective ensures that data can be turned into information quickly 

with the use of adequate storage services and IT architecture capabilities, thereby producing an 

effective and efficient informatization process. Third, the performance perspective includes 

aligning IT and process innovations using performance measurements and project management 

capabilities, thus enabling better resource configurations and reconfigurations to create 
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competitive advantages (Chen et al., 2015) in situations in which IT innovations and process 

redesigns must operate together. 

The case study analysis shows that a movement from a function-based structure to a process-

based structure could further strengthen the value creation of big data in situations in which the 

functional design of business processes has led to silo thinking and misalignment among the 

choice of storage services, the choice of data to be collected and shared, and the implementation 

of various IT systems. Increasing cross-functionality could facilitate seamless information flows, 

intelligence sharing, and alignment of initiatives (Fosso Wamba et al., 2015; Sanders, 2016; 

Wang et al., 2016). Surprisingly, respondents did not identify the strategic alignment practices as 

highly critical, as has been found in other big data studies (Akter et al., 2016; Comuzzi and Patel, 

2016); in this study, strategic alignment practices were identified as having intermediate to low 

criticality. This finding could indicate that the operational perspective was more important than 

was the strategic perspective, given how big data value is created, wherein the actual 

operationalization and implementation of IT and process practices play a pivotal role when 

effectively aligned. 

 

7. Implications to theory 

The examination of the fifteen alignment practices presented and analyzed in this case study 

leads to a range of insights involving how companies can create value from big data through an 

alignment perspective. More specifically, the case study findings highlight how each alignment 

practice can be realized through the identification of enabling variables. Case examples were 

given to illustrate the contribution of each alignment practice to the value creation of big data. 

These contributions have not been identified in prior literature. Thus, this paper provides an 

important empirically based overview of how alignment logic can create consistency among the 

various elements of big data to yield more positive value outcomes (Grover et al., 2018). In 

addition, the study is a response to calls for new research on big data in the context of the 

alignment perspective (Chen et al., 2015; Müller and Jensen, 2017; Sheng et al., 2017). Further, 

the identified alignment practices and enabling variables provide insights into how to overcome 

the diverse organizational challenges in big data’s value creation (Fosso Wamba et al., 2015; 

Hazen et al., 2016), indicating the importance of cross-functionality through the integral 
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practices of IT, process, and performance, which are moderated by complementary alignment 

practices. 

Implications can also be drawn regarding literature on IT business value and IT alignment. 

First, the findings confirm that the value of IT occurs through business processes and depends on 

a variety of complementary organizational factors (Kohli and Grover, 2008; Melville et al., 

2004); such factors should be considered holistically (Wiengarten et al., 2013). This study 

extends this view in the context of big data and further operationalizes the alignment concept 

through the identification of variables that can secure the realization of each alignment practice. 

Further, the integration of BPM further extends the IT alignment concept by adding performance 

practices and a deeper notion of business process practices to facilitate the notion of functional 

alignment (Henderson and Venkatraman, 1993). In sum, these extensions of IT alignment may 

assist future alignment researchers to assess the real business environment more accurately 

(Alotaibi and Liu, 2016), especially in situations in which alignment among non-IT practices 

affects IT business value.  

 

8. Implications for practice 

As mentioned, several managerial challenges exist concerning the big data value creation 

process. IT alignment remains a difficult task because of certain inhibitors; for example, the 

importance of obtaining IT alignment has only been reinforced at the intersection of alignment 

and big data. Therefore, obtaining IT alignment practices is even more challenging than it was 

before the big data phenomenon. The findings of this study can help managers overcome the 

diverse challenges that come with big data by showing which alignment practices are most 

critical, as well as by clarifying the mechanism through which such alignment practices can be 

realized. Especially, this study encourages managers to move from strategic planning to actual 

implementation to create value from big data and to consider the criticality of IT–process 

alignment, IT–performance alignment, and performance–process alignment when adopting big 

data practices. The co-alignment among all practices can assist the company in gaining the 

multiplier effect of big data across its business functions.  
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9. Conclusion 

By developing a theoretical alignment framework comprising human, IT, organizational, 

performance, process, and strategic practices, this study has shown how alignment practices 

affect the value creation of big data. In total, fifteen alignment practices were analyzed in a 

theory-building case study. The integral alignment practices among IT, process, and performance 

practices were found most critical in the value creation of big data. A big data value-creating 

alignment framework was proposed in which complementary alignment practices were identified 

as moderators. Within the case, enabling variables for each alignment practice were identified, 

and case examples were provided. The findings of this study provide an in-depth view into how 

the alignment perspective can be used to create value from big data. The findings extend current 

IT alignment literature in the context of big data.  

 

9.1. Limitations 

The study was explorative; thus, it contains certain limitations. First, the findings were based 

on a single case study using qualitative data. As such, the findings of this case have limited 

generalizability. Therefore, the identified alignment practices and their criticalities may vary for 

other companies, industries, and structures. Future researchers should extend the alignment 

frameworks proposed to determine if they apply in other settings. Second, the data analysis was 

based on interview responses and, consequently, potentially biased by the interview guide and 

the sampling of respondents. The interview guide was designed to be explorative through the 

themes of value discovery, value creation, and value capture of big data; thus, different 

alignment practices were intentionally excluded. Even though the respondents integrated the 

practices in their responses, biases from the interview guide could not have been avoided. Third, 

the results displayed in Table 1 show the number of observations regarding alignment practices 

categorized into levels of criticality. This approach was limited by the potential for the defined 

level of criticality to vary according to other categorizing criteria. Although the respondents were 

selected based on different functions and positions, the results were still potentially skewed by 

respondents’ viewpoints. Therefore, the defined level of criticalities should be accepted with 

caution. Further studies are required for validation purposes.  
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5 Conclusion 

This chapter concludes this PhD dissertation with a discussion of the findings. The research 

was organized around the two problem statements: (a) an understanding and conceptualization of 

big data has been lacking in the field of SCM, and (b) knowledge regarding the mechanisms 

affecting the value creation of big data has been lacking in SCM. Accordingly, this research was 

developed to address these problems by adopting qualitative research designs within the neo-

positivist paradigm. Thus, this PhD dissertation addressed the following research questions: 

 

Research question 1:  How can big data be understood and conceptualized in the domain 

of SCM? 

Research question 2:   How can the value of big data be created in the domain of SCM? 

 

This chapter provides a concluding summary of the four research papers to answer the 

research questions. In addition, I discuss the theoretical implications, outline the practical 

implications, discuss general limitations, highlight avenues for future research, and close with a 

concluding statement. 

5.1 Research summary 

As explained in the introduction chapter of this PhD dissertation, the adoption of big data can 

increase organizational expertise as well as strengthen decision-making practices to improve 

operational performance and create competitive advantages, thus creating business value. 

Although much attention has been given to the concept of big data in both academic and gray 

literature, not much is known about how such value can be created across the organization 

(Goes, 2014; Wang, Gunasekaran, et al., 2016). Multiple challenges have been noted (see e.g., 

Kache and Seuring, 2017; Schoenherr and Speier-Pero, 2015), and the concept of big data is not 

well understood (Goes, 2014; Phillips-Wren et al., 2015; Richey et al., 2016). Subsequent to 

research questions 1 and 2, subresearch questions were addressed and answered in four research 

papers. The study results consist of thirteen research findings regarding the conceptualization 

and value creation of big data in SCM (Table 5.1). 
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Table 5.1 Research questions and findings 

Objective 1: To create a conceptual foundation on big data and its terminology in SCM 

Research questions General findings 

RQ 1.1 - What consensus can be drawn on 

the terminology of big data in SCM based on 

an empirical perspective? (paper 1) 

(1) The terminology of big data seems to be more about data 

collection than of data management and data utilization 

RQ 1.2 - What consensus can be drawn on 

the application of big data in SCM based on 

an empirical perspective? (paper 1) 

(2) 39 big data-related applications identified within the processes 

plan, source, make, service, deliver and return 

(3) The application of big data is more applicable for logistics, 

service and planning processes than of sourcing, manufacturing 

and return 

(4) Supply chain executives seem to have a slow adoption of big 

data applications 

RQ 1.3 - How should big data’s value in 

SCM be conceptualized? (paper 2) 

(5) A conceptual big data SCM framework is offered towards the 

realization of big data value and can be understood through the 

dimensions of value discovery, value creation and value 

capture, where assimilated constructs and measures are 

identified 

(6) Research propositions are introduced in relation to value 

discovery, value creation and value capture mechanisms to 

understand the nature of big data as well as the realization of big 

data in SCM 

Objective 2: To identify the mechanisms of big data value creation in SCM 

Research questions General findings 

RQ 2.1 -  What are the firm-level 

antecedents required to create value from big 

data in SCM? (paper 3) 

(7) 24 types of antecedents are identified within human-, IT-, 

organization-, performance-, process- and strategic practices 

RQ 2.2 -  How have these firm-level 

antecedents and their practices been affected 

by big data (paper 3) 

(8) The antecedents of IT- and strategic practices have changing 

attributes at the intersection of big data 

(9) The antecedents of all practices are reinforced at the intersection 

of big data 

RQ 2.3 - What alignment practices exist in a 

big data environment, and which alignment 

practices are critical in creating value from 

big data? (paper 4) 

(10) 15 alignment practices are identified between human-, IT-, 

organization-, performance-, process- and strategic practices in 

the context of big data 

(11) Enabling characteristics for each alignment practice towards the 

creation of big data value are showcased using a case 

description, content analysis and case examples 

RQ 2.4 - What are the enabling variables 

operating toward the realization of such 

alignment practices in the context of the 

value creation of big data? (paper 4) 

(12) IT-process alignment, IT-performance alignment, human-IT 

alignment and performance-process alignment are categorized 

as having a high-level of criticality 

(13) Alignment between IT-, performance- and process practices are 

considered integral towards the value creation of big data, 

which further are moderated by a variation of complementary 

alignment practices 

Source: Own development 

 

The thirteen research findings thus represent the collective contributions of the study toward 

addressing research questions 1 and 2. The findings are based on a focal-firm and business-

process perspective, wherein the understanding of big data (objective 1) was an antecedent 
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toward inquiring how the value of big data can be created in SCM (objective 2). The findings of 

paper 1 emerged from a mixed-method approach comprising a Delphi study and a survey 

questionnaire. The findings of paper 2 were based on a content analysis-based literature review, 

and the findings of papers 3 and 4 were based on a theory-building case study. 

5.1.1 Addressing research question 1 

Much attention has been given to the concept of big data; the term has been widely used as a 

buzzword in the early stages of the Gartner Hype Cycle (Frizzo-Barker et al., 2016) to represent 

smarter, more insightful data analysis intended to understand business environments at a more 

granular level (Davenport et al., 2012). In a rapidly growing number of academic papers, 

researchers have tried to shape the concept of big data, and different schools of thought have 

proposed varied understandings of big data, for example, an analytics school, a big-data 

environment school, and an SCM domain school. Researchers have widely acknowledged big 

data with respect to the 5Vs (volume, variety, velocity, veracity, and value). Depending on the 

school and the perspectives of the researchers, various definitions on big data have been offered. 

Some definitions have focused on aspects of technologies and analytics techniques designed to 

handle the complexity of big data (Duan and Xiong, 2015; Kache and Seuring, 2017; Mauro et 

al., 2016). Other definitions have included the output related to big data, such as enhanced 

insights, better decision making, and competitive advantages (Fosso Wamba, Akter, Edwards, et 

al., 2015; Gartner IT glossary, 2018). Related definitions of supply chain analytics and SCM data 

science have combined analytic techniques with SCM theory to solve relevant SCM problems 

and predict outcomes (Waller and Fawcett, 2013a). However, some have still questioned what 

qualifies as big data (Roden et al., 2017)—in fact, some SCM researchers have found that big 

data, analytics, and IT and digitalization are overestimated research themes (Wieland et al., 

2016). Thus, adequate knowledge regarding how big data is conceptualized in the field of SCM 

has not been established. Papers 1 and 2 provide findings that could help scholars and 

practitioners understand the phenomenon of big data in an SCM perspective. Paper 1 adopted an 

empirical view addressing practitioners’ views of big data, whereas paper 2 adopted a theoretical 

view of the understanding of big data in SCM.  

In paper 1, I increase understanding of big data by examining the terminology of big data. 

Variations in terminologies (e.g., from the different schools of big data) have made it difficult to 
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identify what and what is not big data. By asking a panel of experts to review nineteen 

theoretically selected big data attributes within the phases of data collection, data management, 

and data utilization, I found that all phases received high scores; however, big data seemed to be 

more about data collection than about data management and data utilization. More specifically, 

the highest reported attributes of big data included different data sources, automated technologies 

for collecting data, and large data volumes. In addition, in the survey questionnaire, supply chain 

executives responded that applying advanced analytic methods and storing large volumes of data 

were not of highest relevance; rather, they sought to realize IT-enabled and fact-based decision 

making by visualizing data and information to help decision makers. Consequently, paper 1 

provides guidance on how big data may be understood in SCM from an empirical perspective 

that could enrich the ongoing discussion on the concept of big data. 

In Paper 1, I further examined the application of big data. The application of big data in SCM 

has been rather elusive, and thus practitioners need to understand what kind of supply chain 

questions can be addressed by big data (Schoenherr and Speier-Pero, 2015). Through an 

exploratory and empirical inquiry, thirty-nine applications of big data in SCM were identified 

within the processes of plan, source, make, service, deliver, and return. Although many 

applications of big data in SCM exist (see e.g., Lamba and Singh, 2017; Wang, Gunasekaran, et 

al., 2016), paper 1 provides a practitioner view of potential applications and further ranks the use 

of these applications. I found that the application of big data was more applicable for logistics, 

service, and planning processes than for sourcing, manufacturing, and return. Thus, I increased 

the understanding of big data in SCM by providing empirical insights into the potential 

applications. 

Paper 2 conceptualized big data in SCM by adopting business-process theory and value theory 

as theoretical lenses aimed toward the big data–SCM constructs identified in a content analysis-

based literature review. In the literature review, I identified the concepts and terms associated 

with big data and condensed them into concrete constructs comprising the constructs of big data 

ecosystem, data characteristics, data sources, technology, analytics, decision (support) systems, 

information utilization, strategic decisions, operational decisions, incentives, and strategy. A 

definition of each construct is provided along with associated measures. Moreover, a prerequisite 

for big data was emphasized as value; however, a single dimension of value was too simplistic a 

view. Through the theoretical lenses, the constructs of big data in SCM were operationalized in a 
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big data–SCM framework using the dimensions of value discovery, value creation, and value 

capture, wherein big data in SCM was conceptualized as follows: 

• Value discovery. Value discovery represents the ability to generate, locate, collect, store, 

and govern trustworthy data that rely on a transparent, yet complex network of systems, 

platforms, and databases embedded with multiple data sources, diverse data characteristics, 

and various technologies enabling collection, management, processing, and analysis of data. 

• Value creation. Value creation represents the use value of big data in domain-specific 

business processes and the ability to utilize the information generated from the big data 

ecosystem for strategic or operational decision making by using decision (support) systems. 

• Value capture. Value capture represents the exchange value of big data and the strategic 

components enabling big data-derived economic improvements, competitive gains, better 

performance, or other incentives that are realized through value discovery and value creation 

activities.  

 

Through these findings, this research provides additional insights into the understanding of 

big data in SCM. The research shows that big data in SCM is more than a data-analytics 

perspective and should be holistically understood as involving several organization-wide 

constructs as well as involving process-related, data-related, and IT-related constructs that gain 

value from big data through the implementation of big data applications.   

5.1.2 Addressing research question 2 

Researchers have noted that operational models should change at the intersection of big data 

(Matthias et al., 2017; Roden et al., 2017). The question of how value from big data can be 

created is important to many companies as they face the challenges that come with big data 

(Kache and Seuring, 2017; Schoenherr and Speier-Pero, 2015). However, extant research has not 

provided sufficient answers for overcoming these challenges, and the mechanisms of big data 

value need to be studied (George et al., 2014). Multiple research agendas have presented avenues 

that need to be studied (see e.g., Fosso Wamba, Ngai, et al., 2017; Hazen, Skipper, Boone, et al., 

2016; Mortenson et al., 2015). Previous researchers have found some answers regarding how big 

data value can be achieved, for example, that system quality has a stronger influence on business 

value compared to information quality and that system quality enhances information quality (Ji-
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fan Ren et al., 2017). Further, the need was identified for cross-functional integration to facilitate 

seamless information flows, intelligence sharing, and alignment (Fosso Wamba, Akter, Edwards, 

et al., 2015; Sanders, 2016; Wang, Gunasekaran, et al., 2016). However, the how question of 

how big data value can be created is more complex, less answered, and remains the ultimate 

challenge. Papers 1 and 2 provided preliminary insights into the value creation of big data in 

SCM. Papers 3 and 4 were aimed at discovering the value mechanisms important to the value 

creation of big data in SCM. 

My examination of big data applications in SCM in paper 1 provides an indication of the most 

beneficial applications within each business process, thus giving guidance toward potential 

applications in which value from big data can be created. Further, results from paper 1 indicate 

that digitalization and big data seem to have a slow adoption into SCM strategies and practices. 

Digital strategies are weak on the agenda, both at a company level and at a supply chain level. 

Additionally, considering that the actual need and current investments on big data received 

medium to low scores on the survey questionnaire, companies have yet to identify how value 

from big data can be implemented.   

In paper 2, I adopted a conceptual big data SCM framework to offer research propositions 

aimed at clarifying how value from big data can be realized. These research propositions 

indicate, for example, that the adoption of big data in SCM enables business processes to utilize 

data and information more effectively as a new or enhanced resource. In addition, input into a 

specific process or activity indicates that big data could potentially change business-process 

configurations. An increase of BPM practices could have a positive effect on the information 

utilization derived from the big data ecosystem as well as for the setup and use of horizontal 

business processes. Finally, big data has a strong potential to change supply chain measures.  

In paper 3, I identified firm-level antecedents important in generating supply chain 

performance from big data and in defining holistic requirements companies should 

operationalize in creating value from big data. The results build on the preceding theories of 

business-process management and IT business value. I identified twenty-four types of 

antecedents within human, IT, organizational, performance, process, and strategic practices: 

• Usage, knowledge, and commitment are antecedents of human practices; 

• Informatization, IT architecture, IT governance, software applications, and IT automation are 

antecedents of IT practices; 
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• Organizational structure, organizational collaboration, change management, culture, and 

human resources are antecedents of organizational practices; 

• Innovation, project management, and measures are antecedents of performance practices; 

• Process design, process standardization, process integration, and process governance are 

antecedents of process practices; and 

• Objectives, IT strategy, strategic alignment, and process strategy are antecedents of strategic 

practices. 

 

Paper 3 further showed that the creation of business value and supply chain performance of big 

data did not solely rely on IT and analytic capabilities but were further reliant on a subset of 

other practices. The practices of BPM and ITBV were both found relevant in considering the 

value creation of big data. Additionally, by identifying attributes and benefits for each type of 

antecedent, I concluded that IT practices, strategic practices, and organizational practices 

changed at the intersection of big data when considering their attributes. Further, I found that 

business process practices, performance practices, and human practices remained the same. All 

six practices should be considered important, and efforts to mature the practices should be 

reinforced. 

Paper 4 built on the findings of paper 3 through an IT-alignment perspective according to the 

rationale that alignment between practices is needed before big data value can be created. The 

case study showcased fifteen alignment practices occurring at the intersection of big data, 

categorized according to practices with high criticality, practices with intermediate criticality, 

and practices with low criticality. For each alignment practice, enabling variables (antecedents) 

were identified showing how such alignment practice could be realized. The conclusive finding 

was that the integral alignment practices between IT, process, and performance practices were 

most critical in the value creation of big data, moderated through a variety of complementary 

alignment practices. Alignment, in the context of creating value from big data in SCM, was thus 

more than a pairwise association between two practices and should be holistically considered as 

the coalignment among all six practices. 

In sum, all four papers provided findings to show how value from big data in SCM can be 

created. Notably, the findings demonstrate that the value creation of big data is a cross-functional 
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task, wherein multiple practices and antecedents need to be considered and aligned with one 

another to develop holistic big data capabilities to be used across the organization.    

5.2 Theoretical Implications 

The findings in papers 1 through 4 provide insights for answering the research questions. 

Each paper contributes, by itself, to theory and thus advances current knowledge of big data in 

SCM. In addition, each paper has implications for the theories used (e.g., business-process 

management and IT business value). This section focuses on the theoretical implications of the 

collective dissertation by addressing how this PhD dissertation has helped shape the field of big 

data in SCM in relation to the objectives stated. 

Considering the first objective, this PhD dissertation contributes a more granular 

understanding of big data in SCM. When I began this PhD dissertation, big data was a buzzword 

linking data to business value, mostly known as the data characteristics of volume, variety, and 

velocity (McAfee and Brynjolfsson, 2012), thus serving as the next step for SCM data science 

(Waller and Fawcett, 2013a). Since then, publications of big data have been rapidly increasing, 

and big data is today a more well-understood phenomenon, shaped in part by the findings of this 

PhD dissertation. For example, much attention has been given to the Vs of big data—up to ten 

Vs have been identified ( Babiceanu and Seker, 2016); however, the V discussion has not been 

fully representative toward understanding the concept of big data. Further, the definitions of big 

data (e.g., Duan and Xiong, 2015; Fosso Wamba, Akter, Edwards, et al., 2015; Gartner IT 

glossary, 2018; Richey et al., 2016) have either not been fully representative because they 

depended on data characteristics and potential outputs or they did not adequately include the 

constructs to be considered. Moreover, the differentiation between value discovery, value 

creation, and value capture has shown that the value of big data is not solely focused on 

competitive gains or increased profits but also subjectively addresses the use value of big data. 

This finding adds to the preliminary discussions by Sheng et al. (2017) and George et al. (2014) 

regarding the mechanisms of big data value. Therefore, the findings of this PhD dissertation 

contribute empirical insight toward a better understanding of the terminologies of big data as 

well as help identify, define, and conceptualize constructs and measures of big data in SCM 

based on a value discussion. This PhD dissertation thus adds additional perspectives aside from 

the Vs of big data and the big data definitions to understand big data in an SCM context.  



 

215 | P a g e  

Considering the second objective, this PhD dissertation contributes a more granular 

understanding of how value from big data can be created in the field of SCM. As already 

highlighted, when I began this PhD dissertation, extant literature focused on applications, 

challenges, terminologies, and potential value to be captured (see e.g., Fosso Wamba, Akter, 

Edwards, et al., 2015; Kache and Seuring, 2017; Wang, Gunasekaran, et al., 2016) but did not 

focus on how such value could be achieved, thus leaving a significant, practical, important, and 

complex theoretical gap to be studied. In this regard, this PhD dissertation was an initial effort to 

understand the mechanisms of how the value of big data can be created in SCM, using a holistic 

and firm-level approach. First, preceding theories to big data (e.g., business-process management 

and IT business value) were adopted to mitigate the limitation that the big data literature stream 

has been isolated from prior knowledge. Findings confirmed that these preceding theories and 

their practices apply in a study of big data; additionally, innovation is needed in current practices 

to change certain attributes and to increase maturity. Second, a holistic overview of antecedents 

of big data in SCM was provided as well as an examination of which practices were important 

and integral toward the value creation of big data. Thus, the findings add important theoretical 

elements to consider when examining how the value of big data can be created in more domain-

specific areas such as service or logistics processes, thus supporting inquiries of functional-level 

phenomena in SCM (Mentzer et al., 2008). 

5.3 Practical implications 

The research questions addressed in this PhD dissertation were grounded in a practice-

oriented challenge regarding how companies can create value from big data in an SCM 

perspective. The research findings derived from this research include the identification of 

potential application areas, suggested propositions for understanding and realizing the value of 

big data, the identification of antecedents, and the identification of critical alignment practices. 

The findings could guide practitioners on how to create value from big data in SCM. Moreover, 

the findings lead to other recommendations that SCM practitioners can adopt for their strategies 

and practices.  
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5.3.1 Recommendation 1: Widening the view of big data 

Throughout this PhD dissertation, I was in contact with many practitioners. To many of them, 

big data was a buzzword for smarter, more insightful data analysis, primarily an IT- and data-

related phenomenon (not to be confused with the term big data analytics, which relates to the 

advanced analytic techniques of, for example, machine learning and neural networks). Although 

this is true, big data is more than just advanced analytics. Big data represents a paradigm shift in 

which companies and business processes are now more embedded in a big-data environment, 

thus leading toward fact-based decision making rather than relying on experience and intuition. 

In addition, big data is more than an IT phenomenon—big data intertwines with other 

organizational practices such as strategy, processes, and organizational structures, thus affecting 

functional tasks across the organization; in short, big data is not just an IT task. Therefore, the 

view of big data should be an organization-wide view that moves beyond the IT view and the 

data characteristics of volume, variety, velocity, and veracity. 

5.3.2 Recommendation 2: The value of big data is created within business processes 

This research confirmed, consistent with existing knowledge of how IT creates value, that the 

value of big data is created through business processes. Hence, data, information, and analytics 

knowledge by themselves do not create value but must be implemented in business processes and 

as part of decision-making activities. The use value of big data-derived information can 

potentially be measured with respect to a higher exchange value, for example, through improved 

supply chain measures. Another message derived from this research is that the maturity of 

business-process management practices can affect the degree to which value from big data can 

be created. For example, immature business processes tend to fail in generating, capturing, 

storing, and governing data that later could bring valuable insights to the same or another 

process. Moreover, a company with a process-oriented structure and mindset is better capable of 

readily collecting, accessing, and sharing data across the organization and better capable of 

utilizing big data across business functions. The message for practitioners is that business-

process capabilities are as important as IT and analytic capabilities.    



 

217 | P a g e  

5.3.3 Recommendation 3: Reshaping current practices 

Performance practices (including the antecedents of innovation, project management, and 

measures) are critical in the value creation of big data. Further, certain attributes of IT, strategic, 

and organizational practices change at the intersection of big data, where the maturity levels of 

all practices (human, IT, organizational, performance, process, and strategic) affect the degree to 

which value from big data can be created. Consequently, current practices need to be reshaped to 

cope with challenges that come with big data and to build the capabilities required to transform 

data into value across the organization. Thus, innovation is a must but also comes with certain 

risks; business cases of big data are difficult to develop because the use value of big data is hard 

to quantify. Therefore, the management team must decide on a strategic direction (with the 

associated risk) through which the company could benefit from big data, as well as examine what 

antecedents and capabilities need to be developed.  

5.3.4 Recommendation 4: Alignment is the multiplier effect 

Many successful cases of big data have been reported in gray literature and on social media, 

from which practitioners should be inspired. The question then becomes, are the successful cases 

a stand-alone application, or is the company capable of developing and utilizing big data across 

the company throughout many different applications? Through the observations made in this 

PhD dissertation, a company can have a successful big-data case by developing strong IT and 

analytics capabilities in a certain functional area. However, to create a multiplier effect on the 

value creation of big data across the organization, the company needs a high level of alignment 

among the practices examined in this research. In particular, the alignment practices of IT-

process alignment, IT-performance alignment, IT-human alignment, and performance-process 

alignment were found to have a high criticality toward the value creation of big data. But other 

types of alignment practices should also be considered important, for example, human-process 

alignment and IT-strategic alignment.   

5.4 General limitations  

Each paper included in this PhD dissertation has its own limitations regarding the quality of 

the research designs and how the research designs were executed (see chapter 3.4.1). In addition, 

the collective dissertation comes with certain limitations.  
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First, in this PhD dissertation, I based the findings on qualitative methodologies for theory-

building purposes; therefore, the method is subject to theory testing (Colquitt and Zapata-Phelan, 

2007). Exploratory studies carried out thus can have limited external validity, whereas adding 

more qualitative and quantitative studies could shed more light on how value from big data can 

be created in SCM. The limitation is that potential constructs, variables, and their relationships 

may not have been identified in this research; thus, the findings are not conclusive. 

Second, some researchers have held a certain dogmatic stance that value resides within data; 

some have suggested that value from big data can be captured (see e.g., Fosso Wamba, 

Gunasekaran, et al., 2017; McAfee and Brynjolfsson, 2012). Despite this, the studies in this 

dissertation focused on value creation (a subjective measure), not value capture (a quantifiable 

measure). Consequently, the findings indicating how value from big data can be created may not 

actually lead to higher sales, reduced costs, higher profits, and competitive advantages. This 

uncertainty is a limitation of this research. 

Third, further steps toward securing higher research quality for each paper could have been 

taken. For example, observation studies within the case study could have strengthened the rigor. 

Additional companies could have been included to increase external validity. The survey 

questionnaire in paper 1 could have followed the traditional steps within survey research to gain 

a stronger construct operationalization and a higher sample of respondents to produce data 

suitable for statistical testing.  

5.5 Future research 

Big data in SCM is a domain containing multiple research themes. With reference to chapter 

2.2.6, I suggest four groups of themes: (a) systems, tools, and analytics; (b) decision making and 

supply chain applications; (c) strategy, management, innovation, and implementation; and 

(d) research design and research perspectives. This PhD dissertation addressed only a few of the 

themes, and much remains to be studied. This PhD dissertation opens new research avenues.  

First, the field of SCM includes different scopes and perspectives regarding what constitutes 

SCM. Mentzer et al. (2008) differentiated between interfirm level, intrafirm level, and functional 

levels. Ellram and Cooper (2014) differentiated between SCM as a process, a discipline, a 

philosophy, a governance structure, and a function. This research was based on a focal-firm and 

business-process perspective. I considered big data in SCM as an intrafirm phenomenon. 
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However, the value creation of big data in SCM could be examined based on another predefined 

scope and perspective, for example, viewing SCM as an interfirm phenomenon or as a function-

level phenomenon. The findings of this research did not include these perspectives. Certain 

aspects of this research could be analytically generalized toward these SCM perspectives but 

would still need to be examined in future research. 

Second, another predefined scope could include a strategic–tactical perspective on big data in 

SCM, thus excluding tactical–operational issues. Future researchers should examine the 

operational perspective to understand the “operational engine” mechanisms of big data and 

thereby study concrete SCM applications of big data. Researchers have already been addressing 

this perspective; however, as big data potentially can and will disrupt many SCM practices, there 

remains much to be studied. 

Third, in the collective dissertation, I identified, defined, and examined a series of 

terminologies, applications, constructs, and measures that would be relevant for survey 

researchers to test on a larger population. The exploratory findings would thus be subject to 

surveys to validate whether the constructs and measures do or do not influence the value creation 

of big data in SCM. 

Fourth, the study of value creation in this PhD dissertation was predominantly based on a case 

study of a service supply chain. It would be interesting for future researchers to examine big data 

in other types of supply chains and with other types of supply chain actors (e.g., suppliers, 

logistics, wholesalers, and manufacturers).  

Finally, in papers 3 and 4, I concluded that preceding theories of BPM and ITBV are relevant 

theories for examining big data because the practices and constructs are the same. Additional 

preceding theories have not been widely used in big data research, and literature on big data has 

tended to become an isolated research stream. Therefore, future researchers are encouraged to 

include BPM, ITBV, and other preceding theories in their research designs.   
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5.6 Concluding statement 

This PhD dissertation began with an introduction to PI (philosophy of information) as a 

valuable philosophical perspective for investigating the conceptual nature and basic principles of 

information, including its dynamics, utilization, and sciences (Floridi, 2011). PI, derived from an 

information revolution, provides a wealth of opportunities and raises unique problems that call 

for conceptual analysis and exploration (Floridi, 2011). The concept of big data is a phenomenon 

contained within PI. In light of the call for further exploration, in this PhD dissertation, I sought 

to conceptualize and explore the big-data phenomenon in the domain of SCM. The implications 

of this PhD may demystify the hype surrounding big data and help foster mature knowledge on 

big data. 

To conclude, theory and knowledge regarding big data and big data value creation in SCM are 

still in a nascent state, and many relevant avenues for future research have yet to be examined. 

This PhD dissertation provides valuable insights and knowledge about potential terminologies, 

applications, constructs, and variables and their relations important to the value creation of big 

data in SCM. The study represents an influential effort to understand more clearly the effects of 

big data on the field of SCM. I hope this PhD dissertation leaves a profound impression on 

practitioners, academics, and students.  
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Appendix A – Case study interview guide 

0. Intro 
 
❖ Can you briefly explain your position, responsibilities, education and working experience? 

 

❖ Have you been involved in a big data/ business analytics project? If yes, for how long?   

 

❖ Have you been involved in business process management and its developments? If yes, for how long? 

 
1. Business process management  
The management and development of end-to-end processes across functional boundaries 
 

1-A 

Strategy 

How is BPM aligned with functional and corporate strategy? 

What BPM elements are embedded in the strategy? 

How is BPM governed?  

What is the level of BPM maturity in the function and across the company? 

1-B 

Organization 

How does the organizational structure fit with BPM? 

How are roles and responsibilities aligned with a BPM view? 

How is this function operating with BPM compared to other functions? 

1-C 

Improvements 

How do your projects support either incremental or radical improvement in 

processes? 

What are the drivers and barriers for improving processes? 

1-D 

Process design 

How have the processes been defined and why this way? 

How does the process design support the functional and corporate objectives? 

What is important for you when doing process designs? 

1-E 

BPM Mindset 

How are the employees trained in BPM principles? 

How does management support BPM? 

1-F 

Performance 

What are the functional performance measures? 

How do the measures support functional and corporate objectives? 

(aligned/misaligned) 

How do the measures support improvement in processes? 

1-G 

Integration 

How are the processes interlinked with other functional processes? 

How is information sharing with other functions structured? 

What are drivers and barriers for integration and co-ordination between 

functions? 

1-H 

Technology 

How does business processes embrace IT and technology as a support? 

How are the IT solutions a functional solution vs. a company solution? 

How do the processes seek informatization and automation? 

How does IT and technology bring value and quality to the processes? 
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2. Value discovery of big data 
The ability to generate, locate, collect, store and govern trustworthy data that relies on a 

transparent, yet complex, network of systems, platforms and databases embedded with multiple 

data sources, diverse data characteristics and various technologies enabling collection, 

management, processing and analysis of data. 

 

2-A 

Big data 

ecosystem 

How has the system and IT architecture evolved? 

What challenges have this created and how are these challenges overcome? 

What data and system disciplines is most important as an enabler for business 

processes? 

Have the evolving systems and big data required adjustments to BPM practices? 

2-B 

Data sources 

How do the processes integrate new data sources as an input for decision-

making? 

How do more data sources improve the outcome of business processes? 

2-C 

Data 

characteristics 

How do you manage diverse data characteristics (e.g. increasing volume, 

different data formats and high-speed data)? 

How do you utilize structured and unstructured data? 

2-D 

Analytics 

Have the analytic procedures of descriptive, predictive and prescriptive analytics 

been changing with big data? If yes, how so? 

How does descriptive, predictive and prescriptive analytics create value? 

 

 

3. Value creation of big data 
The use value of big data in domain specific business processes and the ability to utilize the 

information generated from the big data ecosystem for strategic and/or operational decision-

making by using decision (support) systems. 
 

3-A 

Decision 

support 

systems 

How are data, information and analytics being used in decision support systems? 

What kind of software supports decision making (e.g. standardized vs. 

Customized)? 

How do employees adopt and use decision support systems? 

3-B 

Information 

utilization 

How have analytic insights changed business processes? 

How to you manage and utilize an increasingly amount of information flows? 

How do you ensure that the insights generated are actionable and creates value? 

How are information flows dependent on other functions and what challenges does 

this create? 

3-C 

Strategic 

applications 

How are the analytic insights adopted for strategic purposes (effectivity)? 

How is strategic data utilization different from operational? 

3-D 

Operational 

applications 

How are the analytic insights adopted for operational purposes (efficiency)? 

How is operational data utilization different from strategic? 
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4. Value capture of big data 

The exchange value of big data and the strategic components enabling big data derived 

economic improvements, competitive gains, better performance or other incentives that are 

realized through value discovery and value creation activities. 

 

4-A 

Incentives 

What are the motivational factors for deploying big data for business process 

purposes? 

Have the performance measures been affected by big data? If yes, how so? 

4-B 

Strategy 

How does the strategy reflect big data initiatives? 

What drives big data and analytic initiatives? 

What are the challenges in implementing big data initiatives? 

What organizational and technological recommendations would you prioritize to 

create value from big data? 
 

 

5. Closure 
 

❖ Do you have any other remarks or considerations that have not been covered? 

 

❖ Can you recommend other key-informants to be interviewed? 
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