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Big Data and the Transformation of Operations Models:

A Framework and A Research Agenda

Abstract
Big Data has been hailedthe ‘next big thing to drive business value, transform organisations and
industries, andreveal secrets those with the humility, willingness and todtslister” (Mayer-
Schonberger and Cukier, 2013: 5). However, despite growing interest from organisatoss
industry sectors, Big Data applications apptathave concentrated on delivering incremental
change and operational efficiency improvements, with little evidence on using BitpDatditate
strategic, transformational changén this paperwe explore how Big Data can be used across
different sectorsn leading organisations and examine the wiaywhich it is fostering change
the core operations models of organisatioAsdefinition of ‘operations modelis developed and
the core dimensions @n operations model are then examined, namely capacity, supply network,
process and technology, and people development and organisdtloough a serie®f case
studies,we examine the role of Big Daia affecting some, or all, of these dimensiam®rderto
generate value for the organisationoptimising, adapting or radically transforming the operations
model. Following our analysisye develop a tentative framework whidan be used both for
understanding how Big Data affects operations models, and for planning chiargssrations
models through Big DatdVe set out a new research agemndaystematically understand the full

potential of Big Datan transforming operations models.

Keywords: Big Data; Operations Models; Operations Management; Transformation; Knowledge

Management;



1. Introduction

Around 50 billion connected devices are expediedyenerate data with a potential
economic impact os muchas US$11.1 trillion per yean 2025 (McKinsey, 2015). Thas the
Internet of Things (IoT), whicls deemedo set up a new wavef innovationlike in the past the
steam and electric ageAt the heart of 10T lays whas commonly referredo as Big Data,an
unprecedented amount of data that smartphones, vehicles, factories and production plants,
infrastructures and urban facilities will constgirgroduce and make reattyanalyse (Lycett, 2013;
The Economist, 2010; Sanders, 2014). Big Data will then be the engine of more informed
customers’ choicesaswell as firms’ tailored market strategies and efficient operations mottels.
recent years, Big Data have fuelled the emergence of a new industry facusizda and data
analytics with companies suel BigQuery, Datalogix, Oracle Bluekai, Amazon Space Needle, etc.
now providing a critical back-office analytics servicemany household names suafiGoogle,
Amazon and Faceboolka this sense, Big Data has gained commodity like characteriisttbatit
has a monetary value andnbe traded between different entities - those with the computing power,
and expertisgp generate, capture and manage the data

Academic literature has grasped the relevance of this emergingassghiownby featured
articles and Special Issuds/ Marketing Science, Computer and Electrical Engineering, MIS
Quarterly, California Management Review, Journal of Process Control, Future aGeamer
Computer Systems, and International Journal of Production Economies Hudlitorial of the
Academy of Management Journal ,George, Haas, and Pentland (2014, p.1) hightighteéig
Data has now become commonplace as a business term [but] isheeey little published
management scholarship that tackles the challenges of using such tools [and] exploresitge
and opportunities for new theories and practices that Big Data might bring’ablawtever, he
extant literature has beersefar - largely descriptive and has focused around a number of themes:

identifying the dost comprehensive definition of Big Data; debating the usefulness and credibility
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the different applications of Big Data; and, distinguishing Big Data from conceptasdehision
support, executive support, online analytical processing, and business intelligence (Badboni
2010; Boyd and Craword, 2012; Hayashi, 2014; The Economist, 2010; Davenport, 2014; Kiron,
Prentice and Ferguson, 2014).

In this paper, and foits purposewe share the sentiment of Georgeal (2014) that the
concept of Big Data one which requires theoretical positioning and contextualisdtiwa aimto
understand and analygeasa form of information and potentially knowledge and intelligence that
canbe most effectively gathered, managed and bseorganisationsin that respectwe provide
here a tentative frameworto understand and analyse how Big Datn help improve the
competitiveness of operations model®. do so,we first acknowledge thaat the organizational
level Big Datas considered a forraf technology-based advantage, whig€mcreasingly integrated
into the decision-making process and uteduide the management of different functions, from
marketing and sale® operations and new product development. Governments, businesses and
other organisations are increasingly using Big Rata new resourcw identify useful patterns and
generate insights through advanced data analysis. The &bitiypture, store and analyse Big Data
is now rapidly becoming a desired competence for all tgbesganisations. Secondie read Big
Data through the Resource Based View (RBV) perspettivederto discuss howt can leverage
sustainable competitive advantage (Barney, 1991).

Our paper makes three contributionthe extant research. First of allsheds light on the
opportunities that organisations have avadé@henit comego the use of Big Datto improve the
competitiveness of their operations modéls.do so, the paper adoptisetdefinition of operation
model asthe content, structure and interactionaofoperations resources, processes, people and
capabilities, configureth orderto create customer value (18t al, 2016). Second, the paper offers
a tentative framework that builds on previous resetrdystematically examine how atm what

extent Big Dataanfacilitate changes operations models. Third, the discussion of the framework
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paves the wayo a new research agenda that can guide schuaralidate our framework with
empirical research and gather evidencdions’ best practices using Big Data.

The remainder of this papeés structuredas follows. In Section 2we commence with a
review of relevant literature on operations models and offer a concise definition of the term,
distinguishingit from business modelsFrom therewe review the literature on Big Data ame
define a frameworko establish a connection between Big Data and operations mddeb&ction
3 we introduce the case study approach adoptdtiis paper and theme proceedo presentach
of the four selected casesturn. We discuss the case studiesSection 4 with a viewo extracting
insights on how Big Dataanbe usedo impact their operations models, focusing on the four key
dimensions described Section 2.In Section 5we present the framework and conclude the paper

in Section 6 identifying potential future research directions.

2. Literature Review
2.1. Understanding Big Data

Big Datais widely definedin relationto its three key characteristics: volume, velocity, and
variety (commonly referretb asthe 3Vs) (McAfee and Brynjolfsson, 2012; Laney, 2001). Volume
refersto the unprecedented amount of data created and collected, infteal-time, whichis
difficult to store using conventional relational databases; or analyse using traditional methods.
Velocity in this contextis the frequencyr the speed of data generation and/or frequaicata
delivery (Russom, 2011)The variety dimension highlights that Big Datagenerated from a broad
range of sources, across multiple formatsiambntainedn multidimensional data fields, including
both structured and unstructured data (Russom, 2011).

More recently, two additional Vs, namely, Veracity and Value, have been taltiesl list
(Fosso-Wambat al., 2015). Veracity referso the messinessr trustworthiness of the data. With

many forms of Big Data, quality and accuracy are less controllabledate increasingly abl®

4



work with these types of datd he large volume of data often arguedo make up for the lack of
quality or accuracy, although this assertisnopento debate. Value emphasises the needturn

Big Data into something useful, which helpsmake a business case for collecting and leveraging
Big Data with a clear understanding of costs and benefits.

Mayer-Schoenberger & Cukier (2013, p.6) described Big Ratdahings onecando at a
large scale that cannot be dat@ smaller onep extract new insights or create new forms of value
in ways that change markets, organisations, the relationship between citizens and governments, and
more’. McAfee and Brynjolfsson (2012) argued that firms using Big Datanamemore favourable
positionto make betr predictions and smarter decisions, which will ultimately help increase their
performance (see also Davenport, Barth, and Bean, 2012).

As a concept, Big Data has been mentiomedeveral studies across different disciplines
since the early70s (e.g. geography, oceanography, physics, information systems, biology, etc).
However, it was over the last decade that Big Data has been identiiedkey resource for
organisationgo achieve competitive advantage. McKinsey Global Institute (2a8fl)ed that Big
Data shouldbe treatedas an important factorof production, alongside labour and capital, after
analyzing the transformative potential of Big Daiafive domains (i.e. public sectan the
European Union, healthcare and retal the US, manufacturing and personal location data
globally). Today, Big Datds increasingly seeasthe next frontier of innovation, with significant
implications for competition and productivity the digital economy.

In terms of volume and velocity, daté&s growing very rapidly, with some estimates
suggesting thait doubles every two yearsAs we become more successful driving down the
storage costs of such data, improving algorithms, and developing data management and analysis
capabilities, the potential of Big Dats increasingly realiseth different application areasThe
predictive power of Big Datas evidentin areas suclas public health, education, economic

development, economic and elections forecasting (e.g. Mavragani and TsagarakisGG20d/&).
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for examplejs ableto identify the prevalence of flun closeto real-time, based on the analysis of a
range of search terms. Thaandirectly aid resource allocation and plannaigcmergency Rooms,
weeks ahead of actual visttsdoctorsby patients relatetb ‘flu like symptomsin a region.

As data has increased volume and velocityjt has also increasdd variety. Figure 1
illustrates how Big Data has evolvadits current form, from largely primitive, basic forms of data
housed locajl, to the mass of structured and unstructured, complex forms of data, from a plethora
of sources.As the sources, and volume, of data have greemgo has the computing capability
extract knowledge and insights, with advanced techniques @eltificial intelligence based
natural-language processing, pattern recognition and machine learning) payingreasingly

important rolan the application of Big Data.
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Figure 1. The Evolution of Big Data (Source A.T Kearney)

2.2 Contextualising Big Data
As a concept, Big Data has grown popularity and prominence from a practitioner
perspective.In contrast, academic reseaitiohBig Data, particularly how Big Datia connectedo
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operations models, has lagged behind practiae contextualise current research on Big Data and
operations managemente conducted a comprehensive literature nevieThe initial search for
articles connecting Big Data with operations models was conducted from April 19t@MHy 21,
2016 using the Scopus databhs&copus automatically restricted thiene period for article
selection from 2008 2016 and the initial search identified 6&8cles. As suggestedy Wanget
al., (2016)we then intuitively checked through all the titles and only included those ariicles
which: “big data technologies were not only considered as possible new tools for enterprise
operation, but which were also triggering impantthe management (operations and supply chain
management) areidp. 98). This resulteth 200 articles which were retained for further analysis.
A further round of examination of th#le and abstract of tilse remaining articles identified those
focusing on topics directly relevamd how big data affects different dimensions of operations
models, which are listeid the Bibliography of this paper

An initial study of the bibliography revealed a number of observatidgae is that
although Big Data has been touted having the potential to facilitate strategic change and
transform organisations, most existing research seé&mshave focused on incremental
improvementsn operations using Big Datan particular, the links of Big Dat& strategic values
and transformational change are often implicit rather than expl@écondly, from the articles
reviewed, they appe#&o be largely void of any coherent theoretical underpinning, or any systematic
treatment of theory coalescing around Big Ddtaorderto explore what strategic value Big Data
canadd,it is necessaryo think about the theoretical rationale underpinning the processeay
within, and across operations models. Thirdhg found that many of current research have focused
on the technical issues around the management of Big Data itself, not the applications oftbig data

create strategic value and transformational chamgesganisations and along supply chains.

! scopusis dbibliographic databaseontaininfabstractandcitationdfofacademic jouralarticled It covers nearly
22,000 titles from over 5,000 publisheo$ which 20,000 alfgeer-reviewefjournalsin the scientific, technical,
medical, and social sciences (including arts and humanities).
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Nevertheless, theoretically motivated frameworks are begirtniegergen the literature.
Wu, Lu and Peng (2015) used the ideas and methods of Bigt®@aystematically summarize the
operational processing problenmstraditional regional logistics and freightage. Whilst Harrington
and Srai (2016)in the areaof multi-organisational service networks, introduced the concept of a
Big Data operations architecture underpinbgaetwork theory. They present a series of operating
principles and protocols opeto all relevant stakeholderSco-operating within a shared
environment. Kuusisto, Kuusisto and Roehrig (2015) develop a big data frametwarkprove
situational understanding for operational?an complex social systems arid military cyber
operations.Whilst Caldwelletal (2015) develo@ninterface model of the management challenges
that needo be overcome (e.g. rapidly evolving process automation technoldgieg)datais to be

successfully embedded into the chemical process industry.

2.3 Conceptualising Big Data

The resource based view built on the principle that a firla resources are a sourck
competitive advantage when these resources are valuable, rare, inimitable, and not substitutable
(Barney, 1991).Developedn reactionto the “five competitive forcesanalysis (Porter, 1980), the
RBV theory (Penrose, 1957; Chandler, 1977; Nelson and Winter, 1982; Prahalad and Hamel, 1990;
Grant, 1991; Wernerfelt, 1995; Conner and Prahalad, 1996; Priem and Butler, 2001) has put
forward the strategic relevance for firnwsidentify, acquire, and use resources and capabitiies
achieve a sustainable competitive advantage. Within the resource-based view, knowledge has been
regardedhsa key strategic resource (see for instance Nonaka, 1994) leadivggformulation of a

knowledge-based theory where the creation and application of knowledge identify the primary

2 Key aspectsf the operational art framework outlinbg Kuusisto, Kuusisto and Roehrig (2015) included the
consideratiorof the operational factois time, space, and force; the determinatburitical factorsto include critical
strengths and weaknesses; anthe military sphere the determinatiohenemy and friendly centeo$ gravity.



rationale for the firm (Bierlyet al., 2000). Upon that, Spender and Grant (1996) introducing the
Special Issue ofiKnowledge and the Firimin the Strategic Management Journal argued that the
“growing interesin knowledge andts management reflects the trend towarkisowledge work
and Information Agé In that respect, Bierlet al. (2000) have elaborated on the lffdetween
strategic choices and the applicatiminorganisational knowled¢jeBy doing so, they presented a
conceptual moddb elaborate on the relationship among four different levels of learning (i.e. data,
information, knowledge, and wisdom) and learning processes. The model display data, information,
knowledge and wisdoras four layers through which firmsanexperience the mere accumulation
of facts, the comprehension and application of their meaning, the abibtyalyze and synthesize
themto generate cognitive skills, and evaluating their meatarignake conscious value judgments
based on clearly defined criteti@Bierly et al., 2000).In a nutshell, their conceptual model sheds
light onanincreasing level of abilityo extract a unique value from raw data anditse establish
and achieve the firis desired goals.

The intention of this papes notto examine big data and new operations models using the
RBV theoryin the literal sense, bib explore how big datasone formof resource, can be usel
facilitate changesn operations models. The shift from data wisdom implies the abilityto
operationalise data and embhedhto the definition of strategic goals. Our work contends that Big
Data still remains a key souroef knowledge and wisdom, but can also facilitate the
transformation of the firmisoperations models, because the magnitudiés affect spans beyond
the operationalisation of the value extracted from the raw dati Bedomes a strategic resoutae
inspire new way$o do business.

Figure 2 displays the different degrees of impact that Big Data carohdiurens. Activities
and actionsn the formof raw data are a commodity or resource when they ¢oraegistence. The
amount of these kind of daia such that that any firm can potentially be interestedhem.

However, raw data neeith be collected, organised databases and made redadybe read and
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analyzedby data analysts. All those activities require different degrees of engagement into the
inclusion of Big Data withiran operation modellt is in fact onlyby extracting meaningful value

from them that firmsanrecognize the impact Big Datan have on their operations model. For
instance, the organisation of data froam unstructured into a proprietary format enables
organisationgo potentially extract value from data that are saeresourceso be exploited. Only

when those data are analysed and used they are transformed into knowledge that can support
decision-making process within organisations. Thus, data can be regam@etrategic capability

helping decision makers recognise value and apply new intelligence either within their organisation

or beyond.
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Figure2: The Data L adder

This conceptualisation of Big Datan be aligned with the view Big Datzan be usedo
answer four types of questions (Hayashi, 2014). Theididescriptivein that Big Datacanbe used
to describe occurrencesThe seconds diagnostic, whereby Big Data can be presemtedffer
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insight or explanatioasto why something happened:-he thirdis predictive - the use of Big Data

to extracting information from existing data setsorderto determine patterns and predict future
outcomes and trendsThe fourth, a prescriptive use of Big Data, incorporates both structured and
unstructured dataand uses a combination of advanced analytic techniques and discifdines
predict, prescribe, and adapt.

These conceptualisations infer that Big Ddag,nature,is a complex multidimensional
concept, which requires theoretical consideration, because Big Datis applicationcan take
many different forms. In particular, Big Data provide the raw materials & organisationto
extract new knowledge and insights, mastan one off exercise, but through multiple iterations of
manipulation and analysesd through the effective combination of both old and new data,
support descriptive, diagnostic, predictive and prescriptive decisiboperational and strategic
levels. As will be discussed latan one of our case studies, EBay, Big Data enables thetdirm
understand customer journey and ask new questionays that were inconceivable before: around
85% of the analytics questions are newunknown, accordingo its Head of Global Business
Analytics. Such new capabilities enable the EBaymprove and transforrits operations model,

and helpts sellersto change the way they operate.

2.4 Defining Operations Models

We contend that operations models helgxplain how valués created and captured within
an organisationby specifically focusing oran operations resources, capabilities, processes and
people (Liet al, 2016). In adopting the operations moded a key unitof analysis,we canbetter
appreciate, and explain, how these core operational components are interrelated, and hoev they
aligned with broader business strategy. Whefbugsiness modelexplainsat a systemic, holistic
level how firms create value for customers, how they generate revenue and matite(dopnson

et al, 2008),an operations model defines the structure and style of how resources, capabilities and
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people function togetheao deliver a product or servigae line with the business metland market
expectations.We contend that operations models are comprised of four core dimensions (referred
to asdecision areaby Slack and Lewis (2011)): capacity; the supply chain network; process and
technology; and, people development and organisatiMe will now review each one of these
dimensionsn turn.

i) Capacity: The capacity strategyf an organisation determinets productive potential or
level of productive activity.Whilst capacity decisionsanbe alteredn the short and medium term
(through work-load balancing, flexible working patterns, contracting or outsourcing), long-term
capacity decisions pertainingp configuration of facilities, location of manufacturing sites
customer facing facilitiescan have a considerable effect on the competitive capabilitiesnof
operation. From a service delivery poufitview, the location of capacity can haaimpact on the
ability to offer flexibility and responsiveness customers.This is directly relatedo the shape of
an operations capacity and whether they have concentrated capacity, over fesyavrsitanore
decentralised capacity structure, spread out over more Sitkesdetermination of capacity often
closely aligned with forecast level of demanéicknowledging the inherent inaccuracies of many
forecasting techniques, coupled with dynamic and volatile consumer demand patterns, organisations
seek to better understandreal market demandso that their operationsan respond with
appropriate capacity decisions the component of the operations model that determines the level
of productive activityof an organisation, capacitis greatly affectedoy the growthof digital
platforms and online marketplaces, where traditidoatk and mortarlimitations no longer exist.

i) Supply chain network: In this era of globalisation, mass customisation and short
product life-cycles, no organisatiazan exist in isolation but rather must consider the broader
network of stakeholders thdtis connected toFrom automotiveto electronics, the developments
experiencedn these industriedn terms of sophisticatiomn product and service design, would

largely have been impossible without the collaboration of different actditse supply network.
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Competitive supplier collaboration and joint product development programmes now typify many
developed industries both product and service focusedAs the second core element ah
operations model, the supply chain network component, refesgy interaction, engagement or
process which features actors extetndhe core organisation. These can be first tier (aegond)
suppliers of product or service, customers (first tier and beyond) but competitor organisations,
legislative bodies and government entit@s also reside within supply chainsDecisions relating

to the design of the supply chain (lean or agiestructure), work undertakeim house or
outsourced, supplier selection, vendor management, supplier involvemenew product
development and integration with suppliers terms of IT, plant or people, are cote this
component ofin organisatiofs operations modelAs business models have become more global
and focused on customisati@s a point of differentiation, operations model have @adnake
significant adjustment® how they configure their supply network with greater levels of supplier
and customer collaboration innovation nowin evidence, a focus on agility and supply chain
responsivenesgaswell asmaintaining control of supply chrarisk across their network.

iii) Process and technology: The third component o&n operations model relatés the
design, configuration and layoof its processes, and the associated decisions relatebcess
technology (degree of integration, complexity, scalability, accessibility and fagkibi
Technology has a profound impact on all operations from the degvd@chit involves customers
and the extended supply chamdelivery of a product or servicap the wayin which it offers
efficiencyin information capture and managemanthe operation With the growth of new digital
business models, traditional materials processing technologies are becoming less prevalent.
Examples of such technologies include container handling equipment, automatic vending machines,
flexible manufacturing systems and automatic warehouse facilitieformation processing
technologies on the other hand are growimgprominence and sophistication which ever more

advanced GPS, management information systeamshival storage systems and financial
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information systems, allowing a focus on process efficiency and value Addhe degreeof
customer involvementn service design and delivery expands,is no surprise that the
sophistication of customer processing technologies has grown alsbjnbéealthcare, gaming,
transport or security industries.

iv) People development and organisation: This aspect ofin operations model includes the
continuous improvement activities which are associated with direct operations improv@ment
reform, or updatingin line with changing industryor market requirements. The activities
associated with development and organisaisra key componendf an operations model are
generally connectetb a series of medium ardnger term decisions relatéd the governance and
management of the operation on a continuing ba&ecifically these decisiortmnbe focused on
how the operations peoples a resource are integrated with the operation, what capabilities the
operation need® develop or enhanda orderto remain competitive, and what the service concept
is and how thisis manifest through the product/services on offer. Connetdethis ideaof
developments the approach that the operation adopts wihestomesto radical or incremental
product, service or process innovation and what quality management philosophies drive their daily
operations (i.e. lean management; six sigma; or BPRjow the operation engages with
stakeholders - both internal and externa an important elemenin this aspect of the operating
model. The continuously evolving role that customers plakie service delivery process (Gouthier
and Schmid, 2003), makes them the lynchpin of many operations moHte¢s digitalisation of
many productand service platforms and addition of customer processing technologies within a
variety of customer facing industries, requires decision makergaluate the extemd which they
hand over responsibility for partd the processo consumers, when desigginor updating, their

operations model.

2.5 Big Data and Operations Models
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Across industry sectors, growing attentisrbeing paidto Big Data and the analytics that
supportit. Fosso Wambatal., (2015, p. 235) define Big Data analytics‘@sholistic approacto
manage, process and analyse thesHV orderto create actionable insights for sustained value
delivery, measuring performance and establishing competitive advahtalesn an operations
point of view, theras evidenceto suggest that Big Data and effective analytics, has beentased
improve inventory optimization, operational planning, enhancing forecast accuracy, distribution
transparency, and order frequency, and reducingtieedn processes (Cha al., 2013; Hoffman
2015; Mortensortal., 2015).

However, the growing hype around Big Data should be accompanied with some caution
aroundits unfettered usen decision-making processesstechnology trajectories are getoutpace
the ability of firmsto adapt their business processes and understand this complex information
source (Boyd and Crawford, 2012; Fox and Do, 2013; Hayashi, 20d4¢rms of operations and
supply chain analyticaye contend that the use of Big Data neeulfe approacheth a strategic
and systematic mannern other words, operations managers should critically examine how Big
Data,asaninformation resource and potentially a source of knowledgebe effectively useth
the creation of value and achievement of aims around the performance objectives. Riferring
Figure 5 belowwe contend that operations managers should consider how Big Data can be used
effectively manage each component of their operations model, and direct the allocation oésesour
accordingly,in orderto leverage improvemenis the area®f performance which are relevatot

their operations strategyOur case studies are guidaglthis framework.
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Figure 3 Big Data Driven Decision Making (adapted from Slack et al., 2011)

3. Case Studies
3.1 Case Study Design

This research trieso understand how Big Dats being integrated by firms into their
operations models. Hence a case study approach was adopted facuiing firms in different
sectors scoped around the theoretical frameviorkigure 3. The case sty design involved a
comparison of four cases drawn from retailing, electronics, automobiles and e-comniéece.
followed Levys (2008) ‘theory-guided case studiess opposedtio conventional inductive case
studiesjn our gathering and analysing of the evidence collected. .

In orderto maximize the abilityto draw conclusions and external validity, a multiple case
study approacls adopted (Eisenhardt, 1989) o incorporate the replication logic, this research
employed a multiple case study methodjather data. Furthermor@, orderto explore the impact
of Big Data on operations models, four cases focusing on the dimensions of operations models,
were purposively selectedn line with Levys (2008) theory-guided case studies, framed our
case analysigo enalte the production of‘causal explanations based on a logically coherent

16



theoretical argument that generates testable implicatio@sir approach was also informégy
Pattoris (1990) theoretical sampling approastchoosing cases which are likatyhelp extend or

build theory around the role of Big Dataenabling new operations modéisan organisation.The
analysisof our cases studias determinedby the framework outlinedh figure 3 relatingto the
dimensions and measurements of operations models, allowintp wxamine the selected
underpinning theoretical concepts. This theoretical framing of the data enables consistent
comparison between the key operations model characteristics across the case studies.

Information was mainly gathered from secondary sources (with the exception of Philips
where some faceao face interviews were conducted), including published media interviews,
company published materials, industrial journals and trade magazines, newspapeetl, as
various online sources. The construct validityour cases were achievbg developing constructs
through a literature review, use of multiple sources of evidence, establishing a chain of evidence,
and havingeachof the co-authors independently and then collectivelyiew the case study reports
(Miles and Huberman, 1984; Yin 1993n accordance with Eisenhardt (1989), the internal validity
is establishedby linking the analysido prior theory identifiedin literature review, expert peer
review, and the development of diagrants, demonstrate the internal consistency of the
information collected.

The data analysis was structured around key concepts critically derived from our literature
review and text mining workAdopting Miles & Hubermats (1984) recommendations, initially a
“with-in” case analysis was conducteddentify the different sets of operational practices. Later, a
cross-case analysis was adopteddentify similar or differentiating patterns the data acquired.
While the within case analysis identified the unique capabilities of the consppractices, cross

case analysis brought about generalisationise results.

3.2 Royal Philips
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Foundedn 1891, Royal Philips (a.k.a. Philipis)a Dutch company considerad innovator
in the lighting industryas producer of the first incandescent bulb lamp. Phisgseadquartereth
Amsterdam and spans its activities across three businesses: healthcare, lighting, and consumer
lifestyle. In 2011, the CEO - Frans van Houten - stageénduring transformation program called
Accelerate with the aim of promoting varieity the product portfolioby offering integrated
solutions (i.e. products linket other product®r services), fostering locally relevant innovations
and promoting connected produdds part of this program, Philips exited the lighting business and
turnedits attentiongo the healthcare fieloh orderto reinforceits market share.

The interdependencies which exist between healthcare and consumer lifestyle businesses
have presented considerable opportunities for Philigee creation and managementBig Data
createdby their customers through the use of Philips devices. For example, the HealthSuite Digita
Platform (HSDP)is an open cloud-based data infrastructure which collects data created through
health and lifestyle technologies, arsdnow usedby care professionalss well as patients,to
access medical data and make adjustnterdare planssappropriate.

The HSDP allows third party developacsexamine the data and develop applications for
useat hospital sites or patierittomesin the monitoring of health status, prediction of illness, and
forecasting of resources required &thoc care. Specifically, within the HospitaHHome suite of
telehealth programs, HSDP hosts three applications: eCareCoordinator, eCareMandger,
eCareCompanion. eCareCoordinaterdesignedto give clinicians and care professionals real
accesgo vital signs datéao match them with patients historical medical records, facilitajedhily,
remde monitoring of patients.eCareManageis implementedat hospital sitego assistin patient
managementas it collects, integrates, analyses and processes all data genbyatedilips
connected medical appliances. eCareCompaisiasedby outpatients aan interface that allows
themto track, independently, their own vital signs and be more aware and accountable for their own

health status.
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In building a digital ecosystem around their products, Philips has effectively defined a ne
supply chain ands focused on fostering strategic relationstipsaintain the innovative trajectory
it is on. Philips management has gone through a process of reinventing their operating model, that
of a traditional diversified high tech compary; re-orientating the relationship between products
and processes, stakeholder (employee and customer) integration, the role of technolsgpoand
data. The HSDP, alone, has enabled the redesign of Plolggsations model. Beingn open
cloud-based platfornit enables third partie® engage with Philips by developing aptesbe
adoptedby care professionals and customddg.doing that, Philips has profoundly innovated the
way it integrates with partners along the supply chain. Moreover, HSDP leverages Philips
knowledge of integrated and connected solutiopgostering the adoption ats own products,
supported by the development of third-party softwares. Internal processes and technology
management result here organiged platform where Philips acésa leader and dictates the rules
third parties haveo stick to when engagingn collaboration and innovation activities. The use of
Big Dataasthe engineof this supply chain platform reinforces the value creategrofessionals

and customers for both-patients and out-patients and care professionals.

3.3 eBay

EBay, a world leading online retailer founded1995in the USA, provides a platform for
online auctions linking buyers and sellers and thereby enabling conganuansumer sales
services via the internelts revenue was around $8.8 billion, with 162 million active usersjtand
Gross merchandise volume, or the value of goods transacted across plBHgrms, camén at
$19.58 billionin 2016° With over 100 million customers who list iteims30000 categories, eBay

processes thousands of dollars of transactions every se¢tmadever, transaction processirsy

dhttp://vwvvv.forbes.com/sites/ryanmac/2Ol6/04/26/ebav—shows-x;tiialrﬂz:—overvassaIes-qrovxm—ﬁrst- |
quarter/#60cf001fcedO
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just thetip of the iceberg, and processing the massive amounts of customer journey aata
enormous challengeAsking a simple question, suels ‘what were the top search items yestetrday
involves processing 5 billion page viewslo run more complex sentiment analysis, network
analysis and image analysis would overwhelm any traditional transactional database.

The data challenge for EBag/truly enormousit captures 50TB®f machine generated data
every day (particularly web metrics), and processes over 100PB of data altogdthedata tells
eBay what people do and how they navigate the websit®vever,as describedby its Head of
Global Business Analyticat eBay, Mr David Stevenson, collecting web metrics datdike
mounting a video camera on the head of every customer going into a supermarketoatidg
everything every customer does generates the equivalent of 100 million hours of customer
interactions every monthThe data challenges significantin terms of Volume, Velocity antb a
lesser extent, Variety, even though much of the dag@nerated orts own systems ang owned
by the firm.

To address the Big Data challenge, eBay $glidata analyticin three platform$. The first
platformis a traditional enterprise data warehouse, from Teradata, which forms the foundation for
transactional processingThe systenis essentially a massive relational database, wbagures
50TB of data every dayHistorically the firm kept a sample of 1% of the data and discarded the
rest dueto the prohibitively high cost for data storage and processimwever, this also limited
the ability of the firmto understand the customer journey and ask new questimnasind 85% of
the analytics questions are new or unknown, accoring Head of Global Business Analytics,
Mr David Stevenson.The second platform was added2009to store all customer journey data
more efficientlyat low cost. A custom data warehouse was developed called Singularitg.new

system offers 100 fold increasecapacity for the same priesthe old solution, which allows the

* How big data powers the eBay customer jourlham://vwwv.computervveeklv.com/news/2240219736/Case-Stud§'—
[How-big-data-powers-the-eBay-customer-journey
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processing of hundredd Petabytes of raw customer journal dalia.addition, the firm also built a
two 20000-node Hadoop clusters with 80PB capastis third data platform.

The three data platforms together enable éBapnduct a variety of data analysis and offer
new servicego customers.For example, the data enables eBaynderstand what works on the
website, suclas whether site visitors prefer bigger or smaller picturéisalso enables eBalp
present query tips based on topics that efpayver usershave already asked, which helps eBay
sellersto determine whetheit is bestto set a low auction reserve price, whether free shipping
matters and any other possible questions relatsdllinganitem successfully on eBaysuch new
capabilities are underpinning a series of chamgeays operations model, and the operations
models of many eBay online sellerBor example, eBagannow provide online sellers reame
information about their eBay enabled sales, which helps tioesell more goods.This would
indirectly satisfy the buyers better on eBay with a speedier and better shoppangerese. The
result for eBayis increased sales and revenuds. doing so the capacityis increased, and the
supply chain networks optimised. Big Data also enables eBady use predictive analytict

achieve new revenue streams, greater sfmeethrket and enhanced business flexibility.

3.4 Walmart

As the largest retailen the world, Walmarts leveraging the power of Big Data improve
their operational efficiency and tailor their marketing campaigms order to better deliver value
to their 245 million customersWith 10,900 stores, 10 active websites and nearly half a trillion

dollars in annual revenue, Walmadan collect datain considerable volume; 2.5 petabytefs

unstructured data from 1 million customers every hpur (www.dezer..dBuhnt of sales data,

inventory and logistics tracking data, competitive intelligence, and trends revealed throiagh so
media and the behaviours of individual customers reflect the vafietsta that Walmart collates

and analyses daily.
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In 2012, Walmart consolidated their 10 separate websites intosontat all the
unstructured data generatel collected into a new Hadoop clusteiCurrently, the vast data
ecosystemat Walmart analyses clos® 100 million keywords on daily basi® optimize the
bidding of each keyword.Through the usef Big Data, Walmart has transformé&s decision
making across the different pillars of their business model, resuitingreased salesonline and
instore.

Through Walmart Labs, a product called the Social Genome has allowed W#dmart
effectively ‘listen’ to what their customers are saying onlindhe Global Customer Insights
analysis estimates that Walmart sees ctos200,000 social mentions every weekocial Genome
is a Big Data analytics solution that analyses billions of Facebook messages, tweetsherouT
videos and blog postings. Through on the analytics produced through Social Genome, Walmart
reaching their customers or friends of customers who tweet or mention something about the
products of Walmarto inform them about the product and offer them special discount. Through the
combination of click streams, social and behavioural data, and proprietary data (custome
purchasing data and contact information), Walmart aretaldéectively target customers directly,
who might have referretb a product onlingéo inform them about that exact product. Such targeted
advertising and tailored promotions, unmatcisedfar by othersin this retail sector, encourage
customergo purchase and create loyalty.

Through customer tracking technologies, Walmart has a deep insight into customer
preferences and individual buying behavioursthe information collected enables thetm
effectively manage another important pillartheir operations model - that of their supply network
and the thousands of suppliers they have globaW#almarts analytics extends very much ints
supply network. It is estimated that Walmart currently has 17,400 suppliers across 80 countries
(Sanders, 2014), all connected through the comniganyentory-management system, caliail

Link. This system enables suppligssee the exact number of their products on every siielf
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every store, on a real time basis. The system shows the rate dbys#heshourby the day, over

the past year and beyond. Introdugedhe 1990s, Retail Link gives suppliers a complete overview
of when and how their products are selling, and with what other produtts shopping cart (The
Economist, 2010). Through this system, and insight intotmea& demandn stores, suppliersan
organise replenishmerais well as search for information on forecasts, sales and shipments. The
impactis that suppliers can now base production requirements on accuratenesssies data. For
Walmart, they no longer have place orders directly with suppliers, keeping their inventory costs
at a minimum whilst also improving customer servibgsreducing stock outs store. Through
collaborative planning with suppliers and the shamwfigBig Data, Walmart have been alile
smooth out inventory flows through the supply chain.

As well asintegrating their suppliers more explicitly, Walmart has also worked proactively
on applications that directly involve the demand side of their supply chain: their customers.
Through Walmart Labs, the organisation has devela@edpplication called Get on the Shelf,
which uses crowdsourcingp elicit ideas from customersProposed products are put before a
voting publicto determine whether they should stockedby the chain nationallyAcknowledging
the limitations with being‘lockedin’ conventional cloud based platforms which often lack
flexibility, speed and scalability, the engineatsWalmart designed their own cloud technology
called OneOps which has allowed théondevelop and launch new produdts customers with
greater speed and control (walmartlabs.com).

Walmart have also comprehensively integrated Big Dratarmsof operations scheduling
through the implementation of a workforce management system that schedules workers based on
predictions of when customers will be most likedyshop. The employment of data analytissnot
only usedto more flexibly manage workforce capacity within Walmart, but the analytise@al

datais usedto optimise inventory decisions across their network of stofésough the analys of
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social media, the compamyableto track potential changes product demand and alter inventory
atlocations accordingly.

In terms of process technology, Walmart have made a nuoftsgnificant technological
developmentsn their process that have revolutionised how they involve their custamehe
purchase process, and how they use a custemasbile technology.Each stores wifi network
allows the companto track customerasthey move through the store and also collects behavioural
data that customers providesthey compare prices, check items and coupons during theimwisit
store. This datais then storedn the companys search engine called Polaris and combined with
customer data Walmart. om (Neef, 201B)plaris uses semantic search technology that understands
the contextual meaning of a shopgesearch anth doing so, generates more meaningful results.
Another push has beé¢o “mobilise the store Each Walmart store has its own layout that requires
up+o-date information about every produrctterms of availability and location. The aigto bring
all this to mobile applications, making shopping easier for Walmart customers. Sdgr8tore
helps customers quickly and easily navigate their local Walmart. ddegearch foran item and

find available productsin the store, the aisle products are located and product reviews

http://www.walmartlabs.com/innovation/labs/

3.5 Volkswagen

Volkswagen have evolved oveme into a systems integrator and contract manufacturer. Its
operations model involved providing a supplier with a master specification that addegssed
assumed or forecasted market neied accordance with government regulations suah
requirements regarding safety, speed, emissionssanon. Furthermore, Volkswagen (VW)
expectedits suppliersto develop components and subsysteémdine with strict performance
specifications. This resulted much of the innovation and knowledge regarding howaddres
these requirements remaining with the individual suppliers, rather than being pasedateonar

manufacturer.
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In orderto integrate Big Data into their operations model, the carmak®sw considering
how it canaddress a number of structural challenges within the organisation and indtisitys
the realisation that it is to become a Big Data company producing smart connecteditcargst
adaptits traditional manufacturing production processebecome more consumer centriéartof
the responséo this challenge has seen the company get invalvelde production of components
which produce datim orderto generate information. The company has built a Big Datathetvis
generating predictive models for engine failasawell asbuilding systems that utilize Big Data for
generating reakime map data for autonomous driving, and transmitting trientheir fleet.
Additionally, the Labis integrating third party data suelsweather datéo offer innovative services
around electric vehicles suelsrealtime calculations based on current weather and conditions.

As the car industry shiftsits focus towards addressing the needs of the service economy,
VW are changing their production capacity from priveée manufactureto mobility provide.
They have initially begun developing this capacity through strategic partnerships with lexterna
firms. For instance, the riding hailing markethe fastest growing city mobility market segment. A
key technology enabling the emergeméethis segment is Big Data (Manyila al., 2011).VW
have recently set up a strategic partnership with Gett (an app which connects customers with taxi
drivers). Using the Gett application consumeas book on demand rides instantly or pre-book
future rides. The Gett technology leverages Big Data, predictive algorithms and artificial
intelligence and offers a scalable and dynamic apprtmastanaging capacityVW aimto use the
Big Data predictive analytical capacity providéy Gett to identify, target and expands
operational model into emerging mobility service market segnieiiisrope. The competitiveness

of the VW operational modeis therefore evolving with Big Data from a focus on production

®The key task of the Big Data Lab (which was creai€2D14 ands basedn Munich) is the development

of innovativelT solutions for analyzing data patterns, for example with refeerammponent quality. The
results will help improve processes and product propexse®ll ascontributingto the developmendf new

products. Another topiis the networking of vehicles with their environmerftom the smartphon

public traffic management.
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efficiencies (as per traditiom the car industry}o a focus on agility and adaptability how it
delivers valudo customers.

At a supply chain level most 8W’s focusis downstream with their distribution network
and after sales service. They are developing a flettroért carsin which all their vehicles will
exchange data on performance and maintenance with their service centres. This informédimn will
usedto improve after sales performance/W is also experimenting with differential service
recovery approaches based on prescriptive and predictive uses of Big Data. Roe by have
developed linguistic software enable the interpretation and integration of dealership and customer
service data from different country sources including China, Mexico and India. Previously this
information had been isolated and stoiredhdividual silos but nowt is centrally collected, stored
and analysedAs such, statements from customers relategroductor service complaints, or
operational problems, can be compared across regions, regardless of language barraisw$his
VW to track customer satisfaction and issues with product quality on atolosatime basis, and
expedite appropriate resolutions.

Directly relatedto their supply chain improvement effoitsthe attentioWVW are payingo
leveraging procurement efficiencieBor example, they recently assessed the demand curve across
their parts portfolio going bacto 1996, which was comprised of 400,000 different parts, and
represented some 32m transactions. Using this historic data they bugixteeqablated forward
11,000 demand curves for different car paBased on these patterns, forecast quality imprayed
80% within the dataset.

Reducing inventorys also a major aim of the carmaker atdhe depoin Kassel they have
introduced a Big Data improvement process that emphasises stock reduction and optimisation
techniques. At this depot,VW are using a range of data mining techniques for predicting parts
picking performance. Currentiy monitors picking KPIsn a partially automated operation across

70,000 daily order lines, withs operations analysts monitorifiig service levels, lead times and
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loading time.In 2017,VW will introduce a new application (SARANA) which will combine data
from across 30 operating systerts make predictive calculations about worker and team
productivity.

Leveraging Big Datan their operations mode$ a huge challenge fovW since the Big
Data businesss very different from the traditionalar manufacturing. Thear maker did not take
the early strategic initiativeo integrate Big Data.Ratherit seemedo be respondingo the social
pressures (Di Maggio and Powell, 1983) forced updiy new entrants into the sector, who were
appearingo normalise the use of Big Data into their operations decision maivghave been
forcedto take controbf their Big Data strategy, reconciling traditional manufacturing technologies
with new processing technologies, suppottgdstrategic partnerships with Big Data firms (online
mobile data servicesas well as other ICT suppliers (sensorg) the automotive value chain.
However,in the field of autonomous driving is clearly firms suchas Google, Tesla or Uber and
start ups like Faraday Future who are defining the strategic agenda of whatt®ig Deededn

the operations model and how often predictions abe updated for autonomous driving.

4. Cross Case Analysis

In designing operations models, organisaticas use Big Datato either improve their
existing operations processes and/or identify transformation opportunities. The successful
integration of Big Data int@an operations moddk largely dependent on collecting and managing
the right kinds of data and analysing patterns which are approfritite operations model aritg
competitive environmentln the cases studies examinedhis paperwe set outo explore how big
data has been used improve, redesign and transform the four components of their operations
models. In designing the case studiege did not focus on performance outcomes at a granular

level but rather how operations models were adapted or changeslsuch performance
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improvements were implicitlyas opposedo explicitly, examined. In comparing across the four

case studiesye were abldo identify a number of emergettends, which will now be discussed.

4.1 Managing Capacity using Big Data

Definedasthe productive activity o&n organisation, capacity has been greatly affebted
the growth of digital platforms, online marketplaces, and the predictive capabilities of Big Data.
Big Data was used across all of the casdghten operational forecasts, thereby directly impacting
capacity planning strategieg he analysi©of behavioural dataf customers and employees serves
as basis for Walmais capacity management strategy and forecasting approach, which directly
affects how they manage their human resources and istattre. Through optimised and flexible
scheduling, the company can expect minimal losses linkedxcess staffing capacity.As
workforce costsjn store, account for 30% of the average retailer's fixed cost (McKinsey, 2011),
managing this aspeof capacity closelys a worthwhile task.Also, continuous monitoringf store
capacities directly informs the decision making process around store layout and product
configuration on a redlme basis. In combining multiple datasets suabpast sales data, weather
predictions and seasonal sales cycles, Walmart have bedno abpgove their stock forecasting.

Throughits’ connected network of smart devices connecting hospitals and patients globally,
Philips leverages the Big Data collectedrespond, and plan capacity scheduling accordingly for
hospitals around patients nee@n the one hand, Philips increasés knowledge of hospitals
internal processe® streamline them with the design and development of innovative products and
services.On the other hand, through the analysis of the patiergs ofits products and services
Philips are ableo use the knowledge and wisdom gained around the embedd@itechnical
solutionsin new personalised care solutiotssmake longer term capacity decisions.

From an online retailing perspective, ebay uses its Big Data capabildipsovide online

sellers realtime information about their sales, which helps these seltersell more goods and
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satisfy buyers better with a speedier and better shopping experiéifte.result for eBays
increased sales and revenuesdoingsothe capacitys further increased through Big Data.

From the perspective of capacity planningrW, Big Datais being analysedt a granular
country levelso that production planningan be configured accordindo the environment and
product preferences, or requirements, of different countAésthe customer level, customer
expectations are requirirgn increasen the capacity and service offering aroumdfotainment.
Therefore,in planning future design and production capadtyy are using Big Data analyti¢e
find behavioural clue®f the expectations of their customegarding what services they want
providingin their cars (e.g. smart phone connectivity, GPS tracking, and entertainthentjear
that VW is acutely aware of the risk of losing future market shayefailing to evolve its
forecasting, design and production capacity with Big Data. They have theatsforgoughto build
capacity through recent acquisitions, investmemts partnerships (Inrix for example) they have

made, coupled with their focus on adding human caparcttye form of data scientists.

4.2 Transforming Relationships

We observed that relationships betwean operation andts key suppliers have been
redesignedo some extent, through Big Data. New modes of engagement with the supply chain
have emerged that allow expedited information transfer, idea sharingtiinneainventory and
product tracking.In relationto Walmart, volumes of social media are being used nottorgyedict
trends and product preference across different product groups, but social megibeiatausedo
drive supply chain decisions around the location of inventory. Using BigiDdtas wayin the
automotive sectois not uncommon, but Walmart are leading the watheir applicationin retail.
Their bestin-class approacko inventory management allows thdamhold much lower levels of

stock,asorders arsotightly coupled with reafime demand signals.
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Philips, Walmart an&/W have all actively worketb better understand their supply chain
configuration and assess how thegn leverage the knowledge that resides with supply chain
partners. In the past howeveNW delegatedts Big Data research and decision makingthe
supply chainto its suppliers.As a result, somef its suppliers, suclas Bosch, became Big Data
firms leaving them behind. Much of the innovation and knowledge regarding Big Data
requirements remained with individual suppliers, rather than being passed onto VW. With the
arrival of new entrants intocar industry they noticed how strategically important Big Data was
becomingto the sector and the advantagesould havein product development and building
operations and supply chain decision makiiogthe extent thait is now a central componeof
their proposed 2018 strategyt seems that for traditional manufacturers, there exists unexploited
potential to consider how theycan really embed a culture o€o-creation around product
development and product lifecycle management with input from different stakeholders, including
suppliers. In VW, asis the case with many car makers, thierstill a degree of hesitandyg share
data, particularly customer dadait represents a strong source of revenue. Likewise suppliers have
been reluctanb share data also.

The Philips approaciio managing data, and innovation, through their supply cksain
somewhat different howeverThe Philips case shows how Big Data has created the tmasis
edablish a new supply chain where customers (both hospitals and pat®dtsjelop innovative
healthcare solutionby generating data and providing theémPhilips and supply chain partners
(e.g. Massachusetts Institute of Technology, SURFsara Nati®sakarch Infrastructure,
Salesforce). Using virtual collaboration sites, Philips have beernabbteirce and share ideasthe
spirit of ‘open innovatioh

In the casef eBay, the supply netwoik optimised through the use of Big Datig Data

enables eBato provide reatime informationto its online sellers, which helps these seltersiake
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timely adjustmentsn orderto improve the shopping experiencek customers. The resultis

increased sales and revenues for the sellers, larger fees for eBay, and more satisfied customers.

4.3 Process | mprovementsthrough Big Data

Through sophisticated information processing and customer processing technologies, all
cases exhibited improvemernts the speedat which they can now fulfil different parts dlfeir
process. This has been largely facilitatday the integration or overlappingf different typesof
technologies: from the systems ustxtrack and process customeirs Walmart (customer
technologies)to the collection of details relating their purchases, preferences and demographics
(information technologies)}o the realtime tracking of inventory and supplier orders (material
processing technologiesWhatis noteworthyis the degre®f connectivity between these different
typesof technologies.The connectedness the system architecture describedhe Walmart case
makest scalable whicls important given the volume and varietiythe data that generated.

Walmart shows how a physical product retailer can leverageadataasseto drive down
cost through a leaner approachmanaging inventory wherebtyrequiresits suppliersto track and
coordinate inventories through integrated RFID tagging systems. From a customer perspective,
through the integrationof Hadoop and NoSQL technologies, the shopping exper@nagrocess
has been revolutionised for Walmart customeéreroughan overhaul of their global websites and
the developmenof innovative applications that personalise customer experience while also
increasing the efficiency of their logistics, Walmart are ableffer a more customised service,
ensuring that théright’ products aren the right placeat the right time. Also the Philips case
shows how the information processing technolsgyrimarily aimedat extracting knowledge from
Big Data. Thatis in fact the main strategic and operations target through which Philips internal
processes are designgemltransform raw data into meaningful insights for developing innovative

care solutions, and integrating supply chain stakeholders into the core business.
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Big Data is extensively usedo support refinement of the purchasing transacasm
process, both within eBay itself abgt eBay sellers and customerSor example, the data enables
enables eBato diagnose what works best on the website, sisethether site visitors prefer bigger
or smaller pictures, whicbanhelp make better decisiorisalso enables eBdgp present query tips
based on topics that eBgyower usershave already asked, which helps eBay settedetermine
whetherit is bestto set a low auction reserve price, whether free shipping matters and any other
possible questions relatdad selling an item successfully on eBaySuch new capabilities are
underpinning a seriesf process changes eBays operations model, and the operations models
of many sellers.

Process improvemeis alsoin evidenceat VW asthey soughto synchronise their parts
procurements and logistias, line with customer orders. Reducing aftermarket invenwonow a
major strategy for the carmaker, from process and planning improveimstack and goods-flow
systems. For examplat its Depot Kassel thecar maker are introducing Big Data mining
techniquesto predict and improvests parts picking performanceAs previousy mentioned,
currently it monitors picking KPIsn a partially automated operation across 70,000 daily order
lines, withits operations analysts monitorint service levels, lead times and loading tirBg.
2017 this will be fully automated and configured using SANA software with parts service

performance predictetd improveby 40%.

4.4 Big Data and Organisational Development

In each of the case studiese observe that theres a degreeof flow and connectivity
between the sourcex Big Data,and a culture of relative opennesshow this datas managed
within the organisation. Be it point of sales data, information about inventory & logistics,
competitive intelligence, trends revealed through social nedi@ansactional details for individual

customers, data analysts withéach of the case study organisations have access across these
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fragmented data sets and are able, without bureaud¢oagyll them togetherWhat this enables

a movement beyontbatd in its most basic form, presem structured or unstructured silos of
information, but instead allows progression towards identification of patterns or trends across data
sources, thereby creating knowledge and wisdom wbghinform decision making within the
operation and organisationin all cases, the data analysts have relative freetionask new
guestions of the data and be creative with how they anailyse his flexibility and autonomys
important for these internal customers whoiareigh demand across sectofor examps, a study

by McKinsey (2011) predicted that 2018 the U.S. could face a shortage of between 14@¢000
190,000 people with deep analytical skills, and a shortage of 1.5 million managers and ahalysts
know howto leverage data analydis make effective decisions.

As well as possessing the righhuman capitalto unlock wisdom from the data, the case
study organisations showed a marked shifiow they engaged with another important stakeholder
- their external customersin an era of digitalisation and ever shortening product lifecycles, the
innovation processs one whichcan serveto sustain organisations. Both Philips and Walmart
leverage novel crowdsourcing methodologiexollaborate with their customers or lead users,
order to converge on new product ideas and tailor innovative solutions of custonesds.
Crowdsourcing, definea@s the idea of taking a task that has previously been tgne clearly
defined person or group and directilmgo an undefined group vian open call (Howe, 2008)s
enabled through the integration of customer processing technologies (through their inebsite
case of Walmart). Through GE&n The Shelf, customers have a direct forimwhich theycan
offer feedback on potential new product offerings and essentially affect the plioéscstocked.
This not only reduces the risk associated with some product launches and expediates the product
innovation process but also allows enables the custtorfeel involved -an important aspect of
crowdsourcing.Across the case studies, Big D&alearly being usetb affect changeat different

levels of the operations model, throughintegration into different decision making processes.
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5. How Big Data Transforms Operations Models: A Framework

In this paer we set outto examine the role of Big Datan affecting some,or all,
components oan organisatiofs operations modein orderto generate value for the organisation.
Through examinatiorof four cross-sectional case studiege observe that Big Dat@an be
leveraged to: 1) incrementally adjust or improve some components of the operations model; 2)
assistin the redesign or reconfiguration of the operations modeltarmbmponents; or, 3J can
radically transform the operations mod&lespite the element of subjective judgement invoived
determining the level of change along a particular dimenisi@m organisation, this classification
canbe usedy researchers and managersinderstand the nature of organisational change enabled
by big data. Following our analysisye present a tentative framework (Figure 4) wigelnbe used
both for understanding how Big Data affects operations models, and for planning changes

operations models through Big Data.
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Figure4: A Framework for Big Data and Changesin Operations M odels

The framework acknowledges the multidimensional nature of Big Data presentation of the

four types of decision making thatn be facilitated - descriptive, diagnostic, predictive and
prescriptive. The frameworkis pivoted around Big Data and shows how different lew¢lBig

Data integrationcan impact change across the core dimensions of operations models - capacity,
process and technology, supply network and, people development and organiSa&atifferent
degreesof change are represented from incremental change thitougddical transformations.
Following the case analysise observe that Big Data has largely been usedake adjustmentst

the incremental level, with transformational chamgehe operations model the exception rather
than the rule.

Across the casewe observed that Big Data does not affect change equally across the
dimensions of operations models but rather ithafis used, with differing levels of complexity and
integration,in the manipulation of some components n&w¢han others.In Figure 5,we plot the
extent of change or manipulation (incremental, redesign or transformaiiveallhcomponent of
the operations models, across the four case studies. Despite the subjective elementimvolved
determining the levels of change along each of the dimensions, thisifidue¥pful for researchers
and managem clearly visualising the patterns of change both witlinorganisation and when
comparing multiple organisations.

Visual examination of the Figure 5 indicates that each organisation approached the
application of Big Data across their operations maaeifferent ways and with varying degrees of
complexity. Perhaps unsurprisinghywe see that process and technology adoption changed quite
radically across threef the four casesasa result of Big Data.EBay reported more incremental
improvementdn their technology duéo Big Data. What we caninfer hereis that the extent of

change across operations modslselative: Ebay had already developed a heavily digitised and
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complexIT infrastructure, such that the alterations that have been ertab®id Data have been
improvements oran already technically complex and integrated digital ecosysténns standsn
stark contrasto VW, positionedin the auto industry whichs traditionally a much‘heaviet
industry with slower clock speed and less agility comp#&redore service dominant industries
the ‘servitisation of their business mode\{/W have focused on using Big Data revolutionise
their process design and technologg.well as how they predict demanak a regional level and

adapt capacity accordingly.

Development &
Ca paCItv ./..-—"""-’--)---7---7--- -_-h__‘organisation

-

Process & . Tramsfoqmaon " gungly Network
N i

Technology

@ Walmart @ Philips @ Volkswagen Ebay.

Figure5: Big Dataand Changesin Operations M odels acr oss the Case Studies

From Figure Sve canalso observe that how organisations are leveraging their supply chain

relationships has also been affected through the integration of Big Data (with thredhwmutaafr
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case studies showing evidence of redesign of this component of their operations modesinathis
unsurprising given the increasing level of technology adoption and push for innovation across
product and service platforms (across industries), that require collaboration and input from often
more technologically adept suppliers.

In this discussionve use Figure %0 compare across cases, but do suggest a note of caution
in how one interprets changes between operations mod@kks.industriesn which our case study
companies reside are very differentnature - their clock speed, dynamism, digital development
and technology - and therefore changesperations models should be compared, relativehere
the organisation was before the application and integration of Big Pataexample, eBais not
inherently less radicah howit uses Big Datan its operations modegsFigure 7 might imply, but

has a different starting point.

6. Conclusions and Future Research Agenda

In this paperwe reviewed previous studies of Big Data and operations models, and used
four case studie® illustrate the potential of Big Data incrementally improving, redesigning and
transforming operations model®espite the various strategic reasons that have often beetoused
justify Big Datain different sectors, and the potential of Big Datdacilitating transformational
changesin organisations, our research found that most existing researcéoltias focused on
incremental improvements operations, and these studies often lacked coherent theoretical
framing. This limited the abilityof researcheri draw effectively on the work afachother; and
reduced the ability of practitionete maximise potential benefit from academic researechthis
paper,we develop a frameworko link Big Data with changesn operations models. The
framework can serve bothas a cognitive toolto guide future research and understanding; and a
planning tool for Big Data applications real organisations. Organisations that make successful

use of Big Data are those that have improved their capatailityn data into intelligence and take

37



actionable insights; whilst big data analytiosthe sphereof operations models underscores the
importanceof leveraging the value of other resources including humanl&neesources and
capabilities.

The research highlighted a range of theoretical and practical issues tlatonbe
examined.For example, whas big data?Doesit haveto meet all conditions of the 3Vs or 5¥s
orderto qualify asbig data; or couldt be regarde@sBig Data when only one or some of tiie
are featured?How could Big Data be used, which might range from ad hoc use for incremental
improvementsby refining operationsio more systematic use of Big Dat@a redesign business
processes and change operations modétsyv could the impact of using Big Dataorganisations
be systematically understood, which could range from improving existing operations ntodels,
introducing new services and creating new revenue streantisgnsforming and disrupting old
operations models and supply networks.

Informationis definedasdata interpreted into a meaningful framework, whereas knowledge
is information that has been authenticated and thotgle true (Vance, 1997). This research
revealed that one of the challengegshat Big Datais often treatedas ‘knowledgé whenin fact
there are transformative processes and advanced data analytics that ard irequderto make
this data‘'useful. The capabilities of organisatioms extracting knowledge and intelligence from
raw Big Data will increasingly become a core competence for organisations.

We also noted significant challeng&s implementing Big Dataat the operational and
process levels.This viewis supportecby Kumaret al., (2016: 10) who noted that gathering and
analysing more data does not always correlate with improved operational perforiraoice:
everything carbe digitised; andwe cannot assume that automatisnalways advantageous
operations model design; thsbecause our abilitio handle large amount of data (in real time)
and uset to make both rapid and effective operational interventistimited”. The assumption of

completeness that surrounds much of the narrative on Big Data should be treated with caution,
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given the abundance of information tleaiit be digitisedjn the form of social cues or the subtle
intricacies of facde-face interaction, for example; or tacit knowledge and experignpeoplés
head. Such things cannot be captured or includedig Data and therefore are liketp be
downplayedn data-driven decision making processes.

It should also be noted that not all decisions will be based on-datather words, some
decisions should nobe data-driven (Brynjofsson, 2014). Risks and challenges are emerging
especially when wd) question the technical and managerial abttgrunch the large amount
data availablej) overlook or underestimate the value of the informationdhabe extractedAs a
consequence, the usd# Big Data introduces high stakes for organisations because it makes
measurable what has been traditionally unmeasurableit amglies the abandoningf sampling
techniquesin the decision-making process favor of adopting predictive analytics that reveal
specific correlations among phenomena.

Our research confirms the work of Fosso Warted (2015) thato remain competitive our
cases will needo overhaul their big data strategigsthe digital economy.Furthermore, these
firms needo embed a more sophisticated analytics culin@derto handle, manage, interpret and
analyse big data (Kiron, Prentice and Ferguson, 2014). For practitionergsthereedo find the
right skills if they areto optimise their implementation of Big Data (Schroetlal., 2012).As
argued by McAfee et al., (2012) the enormous amount of Big Data requires cleaning and
organising, which necessitates recruiting technically and analytically sound data scientists.
Business leaders nee¢d make sure that data scientists are well conversant about business and
governance issues and possess the necessarytakdlk in the language of business (Davenport,
2014). Another challenge for practitioneis to develop both their technology infrastructure and
business processes (Batty, 2013, Fosso-Washhh, 2015).We urge practitiones to ensure safe

handling of individual and organisational privaoythe context of Big Data (Kitchin, 2014sthe
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privacy concernis becoming more significanin this environment and should receive greater
attention (McAfee and Brynjolfsson, 2012).

Much remaingo be done and three types of research are particularly requtiestly, more
researchis neededto develop and validate the framewot& link Big Data with changesn
operations modelsn different typesof organisations. This will require both theoretical and
empirical research.Secondly, new researceh particularly neededo gather detailed evidence on
real life examples and industry best practices of using Big aé&mable the transformation of
operations models and the development of new operations miodkfferent sectors and domains,
and explore lessons thaan be learnt from such caseslhis will enable ugo develop deeper
understanding of the opportunities and challenges involved, and use the new capabilities of Big
Data to facilitate transformational changasoperations models; and articulate and measure the
strategic values that can be derived from such chanfesdly, the risks involved - the dark side
of Big Data - should also be systematically examined, which has been largely fabserhe
academic literature.Finally, this paper focused on how big data transforms operations models,
which will inevitablybe reflectedin changesn the business models of the organisatidhis issue

should be explicitly examined future research.
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