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Abstract

The digital transformation holds much potential for solving some of society’s
grandest and most pressing challenges, such as climate change and resource depletion.
Specifically, digital technologies (DTs) represent a major opportunity to accelerate
the circular economy (CE) transition. However, effectively managing this joint
transformation is challenging, and firms struggle to understand how DTs support
circular strategies and which business analytics (BA) resources and capabilities they
should target. Addressing this gap, the thesis first establishes a reference framework
for circular strategies along with a digital CE framework, enabling researchers,
practitioners, and policymakers to better align their activities across boundaries in
the information systems and CE fields. Next, drawing on the resource-based view
and the resource orchestration view of the firm, the thesis investigates which BA
resources are essential for CE and how to leverage them towards a firm-wide BA
capability for CE. Finally, a conceptual model summarizes the mechanisms of how
BA improves firms’ CE implementation, resource orchestration capability, and firm
performance.

The thesis followed a sequential mixed methods research design, starting from an
exploratory approach to uncover key concepts and their relationships, followed
by a confirmatory study to examine effects. Both qualitative and quantitative
cross-sectional data were sought to empirically examine the conceptual model. In
total, one in-depth case study, 15 expert interviews, and a quantitative survey of
125 European firms were performed.

The resulting contributions add new knowledge to both the CE and information
systems fields by detailing how DTs can increase the efficiency and enhance the
effectiveness of circular strategies. First, by two reference frameworks and a process
methodology providing systematic support from the strategic level of CE and
digital objectives to the operational level of data science processes. Second, by a
conceptual model and associated BA resources and capability of how firms manage
this transition to improve their corporate reputation and environmental, financial,
and competitive performance. Third, by detailing the mechanisms and effects of
DTs on circular strategies and performance effects. In closing, research, practice,
and policy implications are discussed, along with avenues for future research.
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1 Introduction

This chapter provides an introduction to the thesis subject area and problem
statement. To this end, it describes the research motivation, questions, papers, key
contributions, and overall outline of the thesis.

1.1 Problem Statement

Over the past 200 years, we have developed an immense industrial global economy,
providing unprecedented prosperity. However, following the linear model of ‘take-
make-dispose’ has caused our consumption to massively overshoot the earth’s
carrying capacity. If we are not to be overwhelmed by negative environmental and
social impact, we are in dire need of systemic change.

Sustainability has been a topic of extensive debate ever since the Brundtland
report in 1987 (Commission on Environment and Development, 1987), yet solutions
have been lacking in scale, arguably due to challenges with profitability. Recently,
the concept of circular economy (CE) has gained increasing prominence among
organizations, policymakers, and researchers as a way to promote sustainable
development while increasing economic development (Geissdoerfer et al., 2017;
Ghisellini et al., 2016). By addressing root causes, the CE articulates a global
economy where value creation is decoupled from the consumption of finite resources
by leveraging a range of restorative, efficiency, and productivity-oriented strategies
that keep materials, components, and products in use for longer (Blomsma et al.,
2020; Ellen MacArthur Foundation, 2013). The advantages of such an approach
are substantial and, for Europe alone, estimated to create a net benefit of €1.8
trillion by 2030 while addressing mounting resource-related challenges, creating
jobs, spurring innovation, and generating substantial environmental benefits (Ellen
MacArthur Foundation, 2015; Stahel, 2010).

In fact, the CE is one of the key elements in the European Green Deal (European
Commission, 2020b) and holds great potential for contributing to many of the UN
Sustainable Development Goals (SDGs) (Schroeder et al., 2019). This is for two
reasons. First, CE proposes that negating or reducing structural waste decreases
the demand for virgin finite material. That is, through the application of circular
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strategies, the otherwise underused capacity of resources' can be applied to deliver

value (Ellen MacArthur Foundation, 2013; Ellen MacArthur Foundation, 2015).
Second, CE promotes moving away from using the natural environment as a ‘sink’
to dump used resources (Irani et al., 2018). CE is attributed with the ability to
avoid, reduce, and negate value loss and destruction through, for instance, lower
emissions, reduced pollution levels, and loss of biodiversity and habitats associated
with resource extraction (Ellen MacArthur Foundation, 2013; S. Kumar et al.,
2008).

So far, the adoption of circular strategies in industry is modest, and minor im-
provements are seen in the decoupling from linear consumption of resources (Circle
Economy, 2020; Haas et al., 2015; Planing, 2015; Sousa-Zomer et al., 2018). There
are multiple reasons for this. For one, CE is a relatively new and emergent concept,
which implies that there is a lack of tools for conducting circular-oriented innovation
(COI), (Blomsma et al., 2017; Brown et al., 2019). Second, the link between CE
and possible enabling technologies is not yet well established (Alcayaga et al., 2019;
Jabbour et al., 2019a; Jawahir et al., 2016; Nobre et al., 2017; Okorie et al., 2018;
Zeiss et al., 2020). This includes digital technologies (DTs) such as the Internet
of Things (IoT), big data, and data analytics as part of Information Systems (IS)
research. DTs are highlighted as critical enablers of CE by tracking the flow of
products, components, and materials and making the resultant data available for
improved resource management and decision-making across different stages of the
industrial life cycle (Antikainen et al., 2018; Bressanelli et al., 2018b; de Sousa
Jabbour et al., 2018; Lacy et al., 2020; Nobre et al., 2017; Pagoropoulos et al.,
2017).

By positioning information flows that enable resource flows to become more circular,
DTs may enable a step change that goes beyond incremental efficiency gains
towards a more sustainable CE (Wilts et al., 2018). For instance, IoT can enable
automated location tracking and monitoring of natural capital (Ellen MacArthur
Foundation, 2016). Big data facilitates several aspects of circular strategies, such as
improving waste-to-resource matching in industrial symbiosis systems via real-time
gathering and processing of input-output flows (Bin et al., 2015; Low et al., 2018).
Moreover, data analytics can serve as a tool to predict product health, reduce
production downtime, schedule maintenance, order spare parts, and optimize energy
consumption (Conboy et al., 2020; Lacy et al., 2020; Porter et al., 2014; Shrouf
et al., 2014). These examples illustrate that DTs’ contribution to the CE includes
a range of circular strategies and business processes: from recycling to reuse and
designing new offerings to managing maintenance.

Although there are real and theorized examples of information flows enabling circu-
larity, there remains a gap between the expected and largely unrealized potential to
use DTs to leverage circular strategies (Nobre et al., 2020; Rosa et al., 2020). So far,
the questions of in what areas and in which ways DTs support the implementation
of circular strategies for companies have been insufficiently researched. As such,
a comprehensive understanding of the relationship between CE and DTs is still

1Here, we refer to physical resources, or assets, such as materials, components, and products.
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missing, leaving a gap in our understanding of the underlying mechanisms and
inhibiting firms’ ability to accelerate their CE transition through DTs (Ellen Ma-
cArthur Foundation, 2016; Ellen MacArthur Foundation, 2019; Nobre et al., 2017).
A Gartner survey of 1374 supply chain leaders supports this premise (Gartner,
2020b). The results show that 70% of the respondents are planning to invest in the
CE; however, only 12% have so far linked their digital and circular strategies. In
other words, there is a lack of guidance on how to leverage DTs in a targeted way
to support circular strategies operationally and find new CE opportunities. There
is also a gap in practitioners’ and researchers’ conceptual understanding of how to
leverage DTs in a targeted way to support circular strategies operationally and find
new CE opportunities.

1.2 Research Motivation

Acknowledging the difficulties faced by organizations pursuing sustainability in
an increasingly competitive business landscape, the main motivation and aim of
our research is to provide knowledge of how companies can better manage their
digital and CE transformation. Various sources have reported the need for research
linking these two fields, corroborating the value of effectively managing this joint
transformation. For instance, Chauhan et al. (2019), the European Policy Centre
(2020), European Commission (2020b), Ellen MacArthur Foundation (2016; 2019),
and Zeiss et al. (2020) aim to raise awareness of DT’s potential for the CE and
support further development through research and innovation. Other authors have
investigated how DTs relate to servitized business models and CE value drivers
(Alcayaga et al., 2019; Bressanelli et al., 2018a; Pham et al., 2019), and the type of
DTs needed within the various categories of well-known CE frameworks, such as
the ReSOLVE (regenerate, share, optimize, loop, virtualize, exchange) framework
(de Sousa Jabbour et al., 2018; Jabbour et al., 2019a; Nobre et al., 2020). Policy
initiatives are also underway, such as the Circular Economy Action Plan, which
includes a call for creating an architectural and governance infrastructure in the
form of a dataspace for smart circular applications (European Commission, 2020a).
In addition, several countries specifically target the digital CE in their national
strategies, such as Germany (Circular Economy Initiative Deutschland, 2021) and
Norway (Deloitte, 2020; Meld. St. 13, 2021).

Nevertheless, there is a gap between theory and practice (Rosa et al., 2020),
and research remains in a pre-paradigmatic stage with mostly anecdotal evidence
(Zeiss et al., 2020). Unsurprisingly, there is limited empirical work grounded
on established IS and CE theories (Lahti et al., 2018). Previous studies have
presented novel insights into the value of leveraging DTs for CE and different
perspectives on how to understand these two fields, mainly by high-level integrative
frameworks and strategies (Askoxylakis, 2018; Bianchini et al., 2018; de Sousa
Jabbour et al., 2018; Ellen MacArthur Foundation, 2016; Ingemarsdotter et al.,
2019; Jabbour et al., 2019a; Nobre et al., 2020; Okorie et al., 2018; Rosa et al.,
2020; Unal et al., 2018) or enablers and barriers (Antikainen et al., 2018; Chauhan
et al., 2019; Pagoropoulos et al., 2017; Rajput et al., 2019; Wilts et al., 2018).

3
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However, none of the frameworks provides the necessary support for systematically
searching, analyzing, and advancing such digital circular strategies with details of
their underlying technical mechanisms and the business analytics (BA) needed to
operationalize them.

Similarly, few studies have systematically investigated the link between BA and CE.
Notwithstanding the number of studies on BA for general business operation and
supply chain management (Akter et al., 2016; G. Wang et al., 2016), these are all
rooted in the linear economic model and way of thinking. Hence, they lack alignment
with more holistic information management and sustainable principles core to the
CE (S. Gupta et al., 2019). This applies both to strategic and operational CE
activities such as reinventing and reconfiguring business models and value chains,
reducing raw material sourcing and manufacturing impacts, and recirculating
products and materials to additional use cycles. Present BA research streams
in IS have put considerable efforts into defining the organizational resources of
firms’ BA capabilities (BACs) through the resource-based view (RBV) (M. Gupta
et al., 2016; Wamba et al., 2017). However, little is known about the orchestration
process required to leverage these BA resources into a firm-wide BAC (Mikalef
et al., 2018). Specifically, a gap exists in explicitly addressing managers’ roles and
actions in effectively structuring, bundling, and leveraging organizational resources
through the framework of resource orchestration view (ROV) (Sirmon et al., 2011).
The motivation for choosing RBV and ROV as the theoretical groundings is that
the former presents a solid foundation whereupon all organizational resources can
be identified, while the latter provides a lens to examine how these resources are
managed and turned into capabilities to leverage circular strategies for increased
firm performance.

Furthermore, efforts in BA research have primarily focused on the mechanisms
through which it generates competitive performance while mostly disregarding
the impact in areas of CE and sustainability. The review by Rialti et al. (2019)
advocates for future research to explore the additional effects of BAC apart from
competitive performance. Despite interest in the role of BA for sustainable supply
chain management (Dubey et al., 2016; Hazen et al., 2016; Jabbour et al., 2020;
K.-J. Wu et al., 2017; P.-J. Wu et al., 2018; Zhao et al., 2017), circular supply chain
management (S. Gupta et al., 2019), and environmental impact (Ramanathan et al.,
2017; Zhang et al., 2019), there has been significantly less research on its role in
leveraging a broader range of circular strategies. Hence, it needs to be established
which BA resources companies implementing circular strategies should invest in
and how to leverage them into a firm-wide BAC for CE.

1.3 Research Questions

Answering the calls and addressing the gaps in related works, the main research
question (MRQ) investigated by this thesis is:

MRQ: How can companies leverage DTs for CE implementation and
firm performance?
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To structure its inquiry, the thesis is rooted within the IS field and examines DTS’
contribution to CE through the lens of BA. Furthermore, considering the current
gap between IS and CE research and the efforts needed to close it, the main research
question was broken down into three sub-questions:

RQ1: How can the relationship between DTs and circular strategies be
conceptualized?

RQ2: What are the BA resources and processes required for implement-
ing DTs for circular strategies and firm performance?

RQ3: How are BA capabilities developed and through what mechanisms
do they enable circular strategies and firm performance?

The research questions (RQs) follow a sequential order in which the study of one
relies upon the results of the former. First, RQ1 aims to ground the research by
developing a framework and structured approach for understanding how DTs and
circular strategies relate at a conceptual, technical, and strategic level. Following
this, RQ2 aims to narrow the scope by focusing on BA resources and the data science
process. Lastly, RQ3 targets unpacking how these BA resources are leveraged into
capabilities and the mechanisms through which they promote CE implementation
and firm performance.

1.4 Research Outcomes

Five main and five secondary research papers published in peer-reviewed conferences
and journals were produced. Building on the results reported in these papers, a
body of knowledge regarding the research questions in the fields of IS and CE has
been developed.

1.4.1 Research Papers

The research questions are addressed in the following main research papers (see
Table 1.1 for a mapping of their connection to the research questions):

Blomsma, F., Pieroni, M., Kravchenko, M., Pigosso, D., Hildenbrand, J.,
Kristinsdottir, A. R., Kristoffersen, E. et al. (2019) ‘Developing a circu-
lar strategies framework for manufacturing companies to support
circular economy-oriented innovation.’ Journal of Cleaner Production,
p.118271.

My contribution: I was a co-author and contributed with framework design
and conceptualization in the main activities of the prescriptive studies, in-
cluding workshop participation, company engagement, and paper writing.
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Relevance to the thesis: This paper presents a comprehensive CE frame-
work (the Circular Strategies Scanner) and taxonomy of circular strategies
for manufacturing companies. The Circular Strategies Scanner addresses
shortcomings of previous CE frameworks, particularly the lacking ability of
these frameworks to support companies in the early stages of COI. The paper
contributes to RQ1 by rooting the thesis within the CE school of thought and
lays a solid foundation for conceptualizing the relationship between DTs and
circular strategies.

Kristoffersen, E., Blomsma, F., Mikalef, P. and Li, J. (2020) ‘The Smart
Circular Economy: A digital-enabled Circular Strategies Frame-
work for Manufacturing Companies.’ Journal of Business Research,
120, 241-261.

My contribution: I developed the main research findings, including research
design and conceptualization, literature and practice review, framework and
knowledge base development, and paper writing, in close collaboration with
Blomsma. Mikalef and Li contributed by exchanging ideas and providing
comments on the draft.

Relevance to the thesis: This paper presents a digital CE framework (the
Smart CE framework) and a knowledge base of example cases from literature
and practice. First, the paper synthesizes the findings from two systematic
literature reviews of digital frameworks and digital CE frameworks together
with the Circular Strategies Scanner from paper 1 to develop the Smart CE
framework. Following this, the Smart CE framework and Circular Strategies
Scanner were used to organize and map cases from a systematic literature and
practice review into a knowledge base of 100 example strategies. The paper
contributes to RQ1 and RQ2 by conceptualizing the relationship between DTs
and circular strategies and providing a means to support the BA gap analysis.

Kristoffersen, E., Aremu, O. O., Blomsma, F., Mikalef, P. and Li, J. (2019)
‘Exploring the Relationship Between Data Science and Circular
Economy: An Enhanced CRISP-DM Process Model.” In Conference
on e-Business, e-Services and e-Society and Lecture Notes in Computer Science,
11701, 177-189.

My contribution: I was the leading author and developed the main research
findings, including research design and conceptualization, data collection and
analysis with case company, process model development, and paper writing.
Aremu contributed with paper writing on structuring of data for predictive
maintenance. Blomsma, Mikalef, and Li contributed by exchanging ideas and
providing comments on the draft.

Relevance to the thesis: This paper presents a data science process model
and explores how it connects to the CE. The new process model adds a new
phase of data validation and integrates the concept of analytic profiles to
address shortcomings in the data science process for CE. The paper contributes
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to RQ2 by providing an in-depth case study analysis of the underlying data
science process required to advance smart circular strategies.

Kristoffersen, E., Mikalef, P., Blomsma, F. and Li, J. (2021) ‘Towards a
Business Analytics Capability for the Circular Economy.” Technolo-
gical Forecasting and Social Change, 171, 120957.

My contribution: I was the leading author and developed the main research
findings, including research design and conceptualization, interview guide
design, data collection, respondent sampling and execution of interviews,
data analysis, research model and BAC design, and paper writing. Blomsma
contributed by exchanging ideas and comments on the draft and Mikalef and
Li provided ideas, cross-validation of analysis results, and wi comments on
the draft.

Relevance to the thesis: This paper explores the factors necessary for
deploying BA for CE. Through a conceptual model, the paper proposes
eight essential BA resources that, when combined, form a BAC for CE.
Second, it unpacks the mechanisms through which DTs enable CE by detailing
how managers structure, bundle and leverage BA for CE and competitive
performance. The results are based on 15 semi-structured expert interviews
employing the RBV and ROV theories for data analysis and identification
of themes. The paper contributes to RQ2 and RQ3 by detailing the core
BA resources that build a BAC for CE and the mechanisms through which
managers orchestrate these resources into capabilities.

Kristoffersen, E., Mikalef, P., Blomsma, F. and Li, J. (2021) ‘The Effects
of Business Analytics Capability on Circular Economy Implement-
ation, Resource Orchestration Capability and Firm Performance’
International Journal of Production Economics, 239, 108205.

My contribution: I was the leading author and developed the main research
findings, including research design and conceptualization, questionnaire and
instrument design, data collection, respondent sampling and follow-up, data
analysis, research model and BAC design, and paper writing. Blomsma
contributed by exchanging ideas, Mikalef provided ideas, data collection, cross-
validation of analysis results, and comments on the draft, and Li provided
ideas and comments on the draft.

Relevance to the thesis: This paper empirically validates the conceptual
model and findings from paper 4. The study analyzes quantitative survey
data from 125 top-level managers from firms across Europe using partial least
squares structural equation modeling (PLS-SEM). The results show that firms
with a strong BAC have an increased resource orchestration capability (ROC)
and improved ability to excel in CE and, as a result, enhance their organiza-
tional performance in an increasingly competitive business landscape. The
paper contributes to RQ2 and RQ3 by empirically validating the underlying
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1. INTRODUCTION

structure of the BAC for CE along with the mechanisms and effects of this
capability on CE and firm performance.

Table 1.1: Mapping of main research papers and research questions.

P1 P2 P3 P4 P5H

RQ1 . .
RQ2 ° L] L[] °
RQ3 o o

Furthermore, five secondary papers were produced:

Gupta, S., Justy, T., Shampy, K., Kumar, A., and Kristoffersen, E. (2021) ‘Big

Data and Firm Marketing Performance: Findings from Knowledge-
Based View. Technological Forecasting and Social Change, 171, 120986.

Li, Z., Kristoffersen, E., and Li, J. ‘A taxonomy and survey of deep

learning driven approaches for predictive maintenance. Manuscript
complete

Li, Z., Kristoffersen, E., and Li, J. ‘Using Deep Transfer Learning to

Predict Failures with Insufficient Data.) Manuscript complete

Kristoffersen, E., Li, Z., Li, J., Jensen, T. H., Pigosso D. C. A., and Mcaloone,

T. C., ‘Smart Circular Economy: CIRCit Workbook 4. Technical
University of Denmark.

Berg, H., Blévennec, K. L., Kristoffersen E., Strée, B., Witomski, A., Stein, N.,

Bastein, T., Ramesohl, S., and Vrancken, K. ‘Digital circular economy as
a cornerstone of a sustainable European industry transformation.
Global Sustainable Technology and Innovation Community Conference 2020.
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Table 1.2: Mapping of secondary research papers and research questions.

SP1 SP2 SP3 SP4 SP5

RQ1 . .
RQ2 L] . . °
RQ3

All the secondary papers provided complementary perspectives to this thesis. First,
secondary paper 1 attempts to identify how firms can enhance their strategic and
operational decisions for improved big data marketing performance in sustainable
Industry 4.0 applications. The study employs the knowledge-based view for qualit-
ative analysis of 10 semi-structured interviews. The paper’s scope is complementary
to the topic of this thesis due to the close relationship between circular strategies
and sustainable Industry 4.0 applications and firms’ big data marketing performance
with the effects of BAC. Second, secondary papers 2 and 3 extend the findings in
paper 3 by providing an in-depth analysis of how to implement predictive mainten-
ance using deep learning methods. The papers are relevant to this thesis under the
topics of predictive maintenance, a good example of a circular strategy relevant to
both Industry 4.0 and sustainable manufacturing. Specifically, the papers provide
detail to the modeling phase of the enhanced CRISP-DM process model (from
paper 3). Secondary paper 2 provides a taxonomy of the five most-used deep
learning approaches for predictive maintenance and summarizes the strengths and
weaknesses of each. Secondary paper 3 provides an example of how to conduct deep
transfer learning, addressing the challenge of collecting enough quality data to train
the data-driven models needed for predictive maintenance, a challenge many firms
face. Finally, secondary papers 4 and 5 both provide different perspectives on the
Smart CE. Secondary paper 4 summarizes the Smart CE tools, frameworks, and
use cases developed in the CIRCit project and presents this in an easy-to-follow
format for practitioners. Secondary paper 5 expands on the idea of a Smart CE and
discusses this in light of recommendations for EU policy development and research
and innovation agendas.

For the first, second, and third secondary papers, I contributed with ideas, paper
writing, and comments to the draft. For the fourth secondary paper, I was the
leading author and developed the main parts of the frameworks, tools, and paper
writing in close collaboration with the second and third authors. Finally, in
the fifth secondary paper, I contributed with core parts of the report, including
conceptualization, framework design, writing, and comments on the draft. However,
as these papers only contribute indirectly to the research questions, they are left
out of the main narrative of this thesis. See Table 1.2 for their connection to the
research questions.
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1.4.2 Research Contributions

The IS research field has a long tradition of drawing on theories from other disciplines
such as economics, computer science, psychology, and general management (Wade
et al., 2004). Therefore, despite being rooted within the IS field, this thesis is
highly interdisciplinary and also make contributions to the field of CE (see Figure
1.1 and Table 1.3 for an overview). The work improves the state-of-the-art and
adds novel contributions to the body of knowledge of how the implement CE by
appropriately leveraging DTs. Accordingly, this thesis establishes a much needed
and underexplored link between the two emerging fields. To this end, the thesis
proposes the concept of Smart CE. For scholars, the concept can be thought of as
a joint research stream linking the fields of IS and CE. For firms, the Smart CE
may serve as a single-point-of-reference for aligning people and activities across
departments and disciplines. For policymakers, the research may be useful to align
digital market policies and regulations for improving the adoption of DTs with
efforts needed to enable sustainable circular business models. At large, the Smart
CE aims to exemplify the link between IS and CE, address the gap of past studies by
detailing the mechanisms through which DTs enable circular strategies, and provide
a reference framework for identifying which BA resources and capabilities firms
should develop how, and the potential benefits. In short, the research questions
add to the following contributions:

Table 1.3: Mapping of contributions and research questions.

cl1 C2 C3 (4

RQ]_ ° . °
RQ2 e e .

RQ3 o o

C1: Improved understanding of the reciprocal relationship between DTs
and the CE. This represents findings, future avenues of research, and
lessons learned derived from the field of experience of the author when
researching the concept of a Smart CE.

C2: A new common framework for aligning activities across the boundar-
ies of disciplines in the IS and CE fields. This integrates CE principles
with common DT techniques and taxonomies and BA requirements
through the Smart CE framework.

C3: New knowledge and tools for improving firms’ ability to leverage
DTs for circular strategies. This includes a structured approach in
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bridging the strategic and operational aspects of smart circular strategies.
Specifically, the Smart CE framework can be used for creating roadmaps,
prioritizing strategic initiatives, setting targets, and facilitating gap
analysis of BA resources and capabilities needed for leveraging smart
circular strategies. The enhanced CRISP-DM process model can be used
to facilitate the analytics implementation process of these strategies by
structuring the collection, integration, validation, and analysis of data.

C4: New knowledge and model of how BA improves firms’ CE imple-
mentation and firm performance. This describes which BA resources
companies should acquire, how to structure and bundle them into a firm-
wide BAC, and the effects this capability has on CE implementation,
ROC, and firm performance.

O Journal () Conference { ' Book — Contributes to

Figure 1.1: A schema of the research papers, contributions, and domains
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1.5 Structure of the Thesis

The thesis is composed of two parts. Part I presents an introduction to the research
work and provides an overview of the background theories, methods used, results
achieved and the contributions made by the thesis. Part II contains the five main
research papers in full length and abstracts of the secondary papers.

The rest of Part I is organised as follows:

e Chapter 2 gives background to relevant concepts in CE and IS.
¢ Chapter 3 depicts the research method and approach followed.

¢ Chapter 4 summarises and evaluates the results of the research questions
and contributions made.

o Chapter 5 discusses the results of the research questions in terms of research,
practice, and policy implications along with limitations and avenues for future
research.

e Chapter 6 concludes the thesis with final remarks.

12



2 Theoretical Background

This chapter provides an introduction to the concepts discussed in this thesis and
a discourse of gaps in the related works. First, we introduce the concept of CE
and background on circular strategies and associated frameworks. Next, we present
definitions of the DTs relevant to this work, followed by BAC as a concept unifying
these technologies from the perspective of the firm. Finally, we present the RBV
and the ROV, two theories fundamental to strategic management literature and
used as our theoretical underpinning to examine the BAC for CE.

2.1 Circular Economy

Our current, linear economy of ‘take-make-dispose’ is frequently characterized
by the presence of structural waste: instances where components, products, or
materials reach their end-of-use/life prematurely or where their capacity for value
creation is underutilized. To address this, the concept of CE emerged in the 2010s
as an approach to contribute to sustainable development (Blomsma et al., 2017). It
encompasses a range of activities for narrowing, slowing, and closing material and
energy flows (N. M. Bocken et al., 2016; Ellen MacArthur Foundation, 2013) as a
means of addressing structural waste. Although the CE concept continues to grow
and gain attention, it remains in an early stage of development, with international
standards only recently starting to be developed (ISO, 2020). Therefore, a detailed
definition of CE is still missing in the literature (Geng et al., 2008; Jabbour et
al., 2019a; Kirchherr et al., 2017; Lieder et al., 2016). In their analysis of 114
definitions, Kirchherr et al. (2017) provide the following meta-definition: “A
CFE describes an economic system that is based on business models which replace
the ‘end-of-life’ concept with reducing, alternatively reusing, and recycling |[...]
materials in production/distribution and consumption processes, [...], with the aim
of accomplishing sustainable development, which implies creating environmental
quality, economic prosperity and social equity, to the benefit of current and future
generations”. As such, CE may best be understood as an umbrella concept in which
various frames exist (Blomsma et al., 2017). As an umbrella concept, it groups a
range of sub-concepts and imbues them with a new meaning by highlighting a shared
feature of the sub-concepts. This new meaning revolves around the notion that
through the application of circular strategies, both more value can be created (Ellen
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MacArthur Foundation, 2013) and value loss and destruction reduced (Murray
et al., 2017).

Although CE has widely been recognized for its potential economic, environmental,
and social merits, the adoption of circular strategies by industry, so far, is modest
(Circle Economy, 2020; Haas et al., 2015). This is in line with the progression of
umbrella concepts: when the transformative potential of an idea has been recognized,
the attention then turns to operationalizing it through frameworks, tools, methods,
and approaches. This, in turn, allows for further examination of the concept.
For CE, this means that there is currently a focus on developing CE transition
methodology. This is taking place in a number of aspects relevant for COI (Brown
et al., 2019), such as in business models (N. M. Bocken et al., 2018; Pieroni et al.,
2019; Rosa et al., 2019), metrics and assessment (Kravchenko et al., 2019; Moraga
et al., 2019; Saidani et al., 2019), product design (Den Hollander et al., 2017; Moreno
et al., 2016; Shahbazi et al., 2020), and the creation of organizational capabilities
such as experimentation, value chain innovation, and other human factors (Jabbour

et al., 2019b; Weissbrod et al., 2017; Zeng et al., 2017).

Previous academic works have focused on answering what or how to promote COI
(Guzzo et al., 2019; Mendoza et al., 2017). However, the question of why to perform
COI has so far achieved relatively little scholarly attention. As a result, support is
lacking in the early stages of COI for establishing a CE vision. Answering the why
and establishing a CE vision requires understanding the type of structural waste in
the system, which can be accomplished with a systemic analysis across life cycle
stages and various business processes and knowledge areas. This requires various
actors within and across businesses to define and explore problem and solution
spaces together (Brown et al., 2019). Specifically, in COI, a high-level conceptual
understanding of CE needs to be translated into a useful and meaningful vision on
the level of decision-making (Boons et al., 2009; Hoffman, 2003; Lindkvist et al.,
2014). The importance of a shared vision in innovation projects has long since been
acknowledged (Bititci et al., 2004; Pearce et al., 2004), and it has been posited to
be relevant for both inter and intra organizational COI efforts (Brown et al., 2019).

Currently, there is a range of frameworks that could potentially be drawn from to
support CE visioning. These take the form of circular strategies frameworks, such
as the ReSOLVE framework (Ellen MacArthur Foundation, 2015), the Performance
Economy (Stahel, 2010), Cradle-to-Cradle™ (McDonough et al., 2010), and the
Waste Hierarchy (EC, 2008). Importantly, these frameworks can be seen as the
visual representations of a vision for how to operate in a CE since they select,
name, and organize circular strategies seen as relevant, such that their relationship
becomes apparent.

However, Blomsma (2018), Mendoza et al. (2017), and Reike et al. (2018) observed
that such circular strategies frameworks could identify or emphasize different (groups
of) circular strategies, which can be linked to addressing different types of structural
waste. As such, there is a risk that they do not include circular strategies with
transformative potential for a particular context. Moreover, Blomsma (2018) points
out that little work has been done with regard to ensuring that frameworks are
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seen as relevant and useful by their intended audiences. For these reasons, there is
scope to develop these frameworks further to support visioning in COI. Blomsma
(2018), Mendoza et al. (2017), and Niero and Hauschild (2017) therefore call for
the development of such frameworks within academia.

2.2 Digital Technologies

The term digital technologies encompasses several related technological trends such
as IoT, big data, data analytics, cloud computing, cyber-physical systems, and
distributed ledger technologies (Kagermann et al., 2013; Lasi et al., 2014; Liao
et al., 2017). For the purpose of this thesis, we limit our scope of DTs to IoT,
big data, and data analytics. DTs are transforming operations management in
fields such as automation and industrial manufacturing, supply chain management,
agile and lean production, and total quality management (Agrifoglio et al., 2017).
For instance, DTs can give production systems the capacity to use historical data
to improve quality by detecting abnormal behavior and adjusting performance
thresholds accordingly (Aruvili et al., 2014). Furthermore, the improved sharing
of information throughout the value chain helps to control and make real-time
adjustments of operations according to varying demand (Moeuf et al., 2018). This
increases operational efficiency and provides insights into the potential for new
products, services, and business models (Kagermann et al., 2013).

Nonetheless, DTs are still an emerging field (Van den Bossche, 2016) in which
support for effective implementation in industries such as manufacturing is lacking
(Buer et al., 2018; Frank et al., 2019; Hermann et al., 2016; Hofmann et al., 2017;
Rittimann et al., 2016). A possible explanation of this is the hampering effect of
ambiguous definitions without clear descriptions of the key constituent elements
(Moeuf et al., 2018). In Table 2.1, we illustrate the breadth of DT definitions in the
extant literature and clarify our use of these terms in this thesis. In a recent study
of 161 manufacturing firms, three key barriers to using DTs to support circular
strategies were identified: lack of interface design (e.g., challenges with compatibility,
interfacing, and networking), difficulties in technology upgradation (e.g., bringing
data analytics and IoT implementation to (near) state of the art), and outdated
automated synergy models (e.g., collaborative models, process digitalization, and
automation) (Rajput et al., 2019). Acknowledging these barriers, this thesis limits
its scope of DTs to focus on aspects of technology upgradation and synergy models.

As discussed in Section 1.2, a gap exists in conceptual understanding and framework
support for linking DTs and CE. While existing frameworks (Askoxylakis, 2018;
Bianchini et al., 2018; de Sousa Jabbour et al., 2018; Ellen MacArthur Foundation,
2016; Ingemarsdotter et al., 2019; Jabbour et al., 2019a; Nobre et al., 2020; Okorie
et al., 2018; Rosa et al., 2020; Unal et al., 2018) provide novel insights into the value
of leveraging DT for circular strategies, they lack a more detailed structure required
to systematically support companies in operationalizing such strategies. Specifically,
the frameworks do not allow for unpacking technical architectures, integrations,
or implementations on their different potentials to improve resource productivity
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Table 2.1: Overview of DT terms and definitions in extant literature and those

adapted for this study.

Internet of Things

Example 1 “The worldwide network of interconnected objects uniquely ad-
dressable based on standard communication protocols”

(Gubbi et al., 2013)

Example 2 “Things having identities and virtual personalities operating in
smart spaces using intelligent interfaces to connect and com-
municate within social, environmental, and user contexts”

(Bassi et al., 2008)

Example 3 “[...] Smart and dynamic objects with emergent behavior, em-
bedded intelligence and knowledge functions as tools and be-
come an (external) extension to the human body and mind.

R

(Minerva et al., 2015)

Used The Internet of Things is a dynamic global network infrastruc-
within this ture with self-configuring capabilities based on standards and
research interoperable communication protocols. It merges the phys-

ical and virtual worlds through uniquely identifiable objects,
or “things,” with sensing and actuating capabilities, enabling
data and the state of the thing to be collected and changed
from anywhere, anytime, and by anything.

Adapted from: (Atzori et
al., 2010; Al-Fugaha et al.,
2015; Kortuem et al., 2009;
S. Li et al., 2015; Miorandi
et al., 2012; Ray, 2018;
Yick et al., 2008)

Big Data
Example 1 “The broad range of new and massive data types that have (Davenport, 2014)
appeared over the last decade or so.”
Example 2 “A term describing the storage and analysis of large and or (Ward et al., 2013)
complex datasets using a series of techniques including, but
not limited to: NoSQL, MapReduce, and machine learning”
Example 3 “The ability of society to harness information in novel ways (Mayer-Schonberger et al.,
to produce useful insights or goods and services of significant 2013)
value and [...] things one can do at a large scale that cannot
be done at a smaller one, to extract new insights or create new
forms of value.”
Used Big data is high-volume, high-velocity and high-variety data- Adapted from: (Gartner,
within this sets that require advanced techniques for processing, storage, 2020a; Laney, 2001)
research distribution, and management in order to turn data into in-

formation.

Data Analytics

Example 1 “An overarching concept that is defined as data-driven decision (Van Barneveld et al.,
making.” 2012)
Example 2 “The processes of data assessment and analysis that enable (Norris et al., 2009)

us to measure, improve, and compare the performance of in-
dividuals, programs, departments, institutions or enterprises,
groups of organizations, and/or entire industries.”

Example 3 “A set of Business Intelligence technologies that uncovers rela-
tionships and patterns within large volumes of data that can
be used to predict behavior and events.”

(Eckerson, 2007)

Used Data analytics is the process of deriving knowledge and ac-
within this tionable insights from data and information, predominantly
research involving a series of methods and techniques including, but

not limited to Data Mining, Artificial Intelligence, Knowledge
Discovery in Databases, Big Data Analytics, Machine Learn-
ing, and Deep Learning.

Adapted from: (Cooper et
al., 2012; Siow et al., 2018)
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and efficiency. As such, the frameworks do not effectively support bridging the gap
between an organization’s CE objectives and the operational alignment required to
achieve them. This alignment is an essential step in COI (Brown et al., 2019) and
the continuous improvement processes within companies. See paper 2 in Part II for
a detailed review and tables of existing frameworks.

2.3 Business Analytics Capability

The term intelligence was first used by artificial intelligence researchers back in
the 1950s, later spurring the concept of business intelligence in the 1990s, closely
followed by BA in the 2000s (Chen et al., 2012). While numerous definitions
exist, BA is frequently referred to as the collection of technologies, methodologies,
practices, and applications that enable the analysis of critical business data to make
more sound and evidence-based business decisions (Chen et al., 2012; J. J. J. M.
Seddon et al., 2017). Recently, the term big data analytics has emerged to describe
the culmination of data analytics and big data (defined in Table 2.1) as a set of
techniques and applications in which the (big) data sets are too large and complex
for traditional data analytics methods (Chen et al., 2012). For the purpose of
this thesis, we treat BA and big data analytics as a unified term and draw on the
systematic literature review by Mikalef et al. (2018). As highlighted in their review,
many data characteristics exist; however, the attributes of volume, velocity, and
variety are highlighted as key to underpinning the notion of BA (McAfee et al.,
2012). Recent studies have extended this with characteristics such as veracity
(Abbasi et al., 2016; Akter et al., 2016), visualization (J. J. J. M. Seddon et al.,
2017), and variability (P. B. Seddon et al., 2017).

Nevertheless, effectively leveraging and transforming data into business value and
actionable insights requires companies to go beyond the technical aspects of data
characteristics (Vidgen et al., 2017). Becoming a data-driven organization is a
complex and multifaceted task requiring the transformation of multiple organiza-
tional resources with attention from several levels of managers. To address these
challenges and provide guidelines for practitioners, scholars have introduced the
concept of a BAC to indicate an organizations’ ability to leverage data for increased
strategic and operational insight (Mikalef et al., 2018). Mikalef et al. (2018) define
BAC as a firm’s proficiency in capturing and analyzing data towards the generation
of insights by effectively managing its data, technology, and talent.

Studies show that companies with a strong BAC are better positioned to identify
emerging opportunities and threats and transform their operation accordingly
(Wamba et al., 2017). Specifically, BACs help companies expand the locus of
decision-making by providing previously unavailable insight and options (Abbasi et
al., 2016; Drnevich et al., 2011), improving response time, effectiveness, and efficiency
when dealing with environmental changes (Popovi¢ et al., 2018). Acknowledging
the role of BA to help solve key societal challenges, an increasing number of studies
have noted its positive relationship to Sustainable Development and CE (Chen
et al., 2012; Del Giudice et al., 2020; A. Gupta et al., 2018; S. Gupta et al., 2019;
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Hashem et al., 2016; Patwa et al., 2020; Rajput et al., 2019; Singh et al., 2019;
Song et al., 2017; Zhang et al., 2019). BA has the potential to connect the material
and information flows by helping firms understand and enact circular material
flows, intensify and extend the use of products and components, and recycle waste
materials (Zeiss et al., 2020). The tracking of data and information flow play an
important role when transitioning to a more sustainable economy (Jabbour et al.,
2019a), providing essential insights for enabling CE adoption and evolution for both
large (Geng et al., 2013) and emerging economies (Patwa et al., 2020). Nevertheless,
transforming the current modes of business operation requires firms to go beyond
focusing solely on technology itself (Janssen et al., 2017). For instance, Raut et al.
(2019) find that management and leadership style, supplier and customer integration,
and internal business processes have a significant influence on firms’ BAC and their
ability to support sustainable practices. Chauhan et al. (2019) support this and
highlight top-level management as essential actors for enablement.

Therefore, when confronted with the need to support the leveraging of a circular
strategy—such as tracking stocks of natural capital, supporting industrial symbiosis
matchmaking, and monitoring and managing product health-—BACs required to
satisfy the need must be established. For any data-driven business, and within
the CE, this entails leveraging the full strategic potential of information flows by
assembling, integrating, and deploying analytics-related resources (Shuradze et al.,
2016). This includes both tangible and intangible organizational resources such as
data governance, the existence of a data-driven culture, the presence of appropri-
ate managerial and technical skills, and processes for data-driven organizational
learning (Mikalef et al., 2018). However, the CE sets greater demand for firms
to collect, integrate, analyze, and share data across organizational boundaries,
both upstream and downstream in the value chain, and understand how individual
business decisions and activities impact the broader economic, environmental, and
social issues. Consequently, adopting circular strategies imposes different BA re-
sources and capabilities compared to previous BAC research. With lacking BAC
research for circular strategies, firms are hampered in their ability to transition
towards the CE, restructure organizational resources, and fully capitalize on their
BA investments. Therefore, to obtain relevant theoretical and practical insights for
researchers and practitioners alike, it is essential to identify the core artifacts of
BA pertinent to CE and how they are structured, bundled, and leveraged within
organizations.

2.4 Resource-Based and Resource Orchestration View

Developing and sustaining a competitive advantage is fundamental to strategic
management literature (Amit et al., 1993; Wernerfelt, 1984). To date, RBV is
considered to be one of the most rigorous theories to explain firm performance
through the resources’ they own and control (J. B. Barney, 2001). The theory

Here, we refer to organizational resources as data, culture, and human skills, not physical
resources such as materials, components, and products under the CE.
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has also gained considerable scholarly attention under the notion of IT capabilities
(Bharadwaj, 2000). RBV proposes that a firm generates a competitive advantage by
collecting tangible and intangible resources, specifically the ones that are valuable,
rare, inimitable, and nonsubstitutable (known as VRIN) (J. Barney, 1991). Despite
decades of empirical work and recent meta-analysis supporting the importance of
these resources for competitive performance, scholars argue that the theory requires
additional specification to explain differences among firms’ outcomes (Crook et al.,
2008; Kraaijenbrink et al., 2010; Sirmon et al., 2011). The core assumptions of
VRIN also pose a challenge when applied to the context of BA, as the core resource,
data, is often not rare, but an open and shared resource (Braganza et al., 2017).

Amit and Schoemaker (1993) define organizational resources as stocks of tradable and
nonspecific assets in the firm, and capabilities as the firm’s specific and nontradable
ability to deploy such resources, through organizational processes, to effect a desired
end. As a result, one can distinguish between the notion of resource-picking
(identifying resources of strategic value) and capability-building (orchestrating these
resources into useful assets) (Makadok, 2001). Much attention from IS research
has been paid to the resource-picking aspects of firms’ BAC, but less to capability-
building (Mikalef et al., 2018). To this end, (Sirmon et al., 2011) propose the
ROV to extend the understanding of RBV by explaining the role of managers in
transforming resources into capabilities.

The research stream of ROV builds on RBV and dynamic capabilities through the
complementary integration of the resource management framework by Sirmon et al.
(2007) and the asset orchestration framework by Helfat et al. (2009). The ROV
has received significant attention in recent years and represents a promising area
of research to understand how firms should best manage their resources (Gong
et al., 2018; Teece, 2014; Wales et al., 2013; J. Wang et al., 2020). The integrated
framework provides a more robust perspective of managers’ specific role in structur-
ing, bundling, and leveraging capabilities across differences in firm characteristics
(i.e., scope, life cycle stage, and levels in the managerial hierarchy). Each process
includes several sub-processes with varying relative importance depending on the
firm’s characteristics, suggesting variance in the type and significance of managerial
actions in orchestrating the firm’s resources (Sirmon et al., 2011).

Recent studies have demonstrated the importance of a strong ROC for improving
innovation when adapting to changing market conditions (Chadwick et al., 2015;
Sirmon et al., 2007; Wales et al., 2013; Wong et al., 2018). For instance, Teece (2014)
highlights that resource orchestration is essential to decrease internal conflict and
improve resource complementarities in the firm, supporting the dynamic capabilities
needed to facilitate green innovation (J. Wang et al., 2020). According to the ROV
framework, firms can only attain the full potential and value of their resources when
deployed in a complementary manner with capabilities and managerial acumen
(Helfat et al., 2009; Sirmon et al., 2011). As a result, the theory posits that the
ROC is one of the most important competencies a firm can internalize, particularly
those organizations prone to suffering from resource-related liabilities, as within the
CE. The capability can be seen as the proficiency of a firm to maximize performance
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by effectively structuring, bundling, and leveraging existing and new resources
(Choi et al., 2020; J. Wang et al., 2020). We believe this theory proposes a novel
perspective on the orchestration of BA that other theories do not.

While studies have applied the ROV framework to identify IT resources and
capabilities for innovation (Ahuja et al., 2017), investigate the nature of e-commerce
adoption (Cui et al., 2015), and understand how ambidexterity and IT competence
can improve supply chain flexibility (Burin et al., 2020), resource orchestration
remains understudied in the context of BA and CE. Therefore, we utilize the joint
strengths of both the RBV and the ROV as the theoretical underpinnings to build
a solid foundation for the empirical exploration of a BAC for CE.
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3 Research Methodology

This chapter presents the methodologies and tactics employed to answer the research
questions of the thesis.

3.1 Research Overview

Given the pre-paradigmatic stage of this research field, there is a need for conceptual
theory and empirical investigation. To organize the investigation of the research
questions and inform the choice of research methodologies and techniques, each
question was detailed in corresponding research objectives (ROs):

RQ1: How can the relationship between DTs and circular strategies be conceptual-
ized?

- RO1.1: Develop a CE framework and taxonomy of circular strategies that
support mapping of current and future strategies along with the business
processes they affect within organizations.

- RO1.2: Develop a digital CE framework that supports the systematic iden-
tification of BA requirements needed to advance different smart circular
strategies.

- RO1.3: Consolidate and further advance the digital CE framework through
the development of a knowledge base that can be used for BA gap analysis
and the creation of roadmaps for the application of smart circular strategies
within organizations.

RQ2: What are the BA resources and processes required for implementing DTs for
circular strategies and firm performance?

- RO2.1: Identify which BA resources support firms in developing holistic
information management and sustainable principles core to the CE.

- RO2.2: Explore and demonstrate how organizations can structure their data
understanding and preparation to better align with overall business and CE
goals.
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RQ3: How are BA capabilities developed and through what mechanisms do they
enable circular strategies and firm performance?

- RO3.1: Identify how managers structure, bundle, and leverage their BA
resources into a BAC for CE.

- RO3.2: Develop a conceptual model detailing the effect of BAC on ROC, CE

implementation, and firm performance.

Define circular strategy
Problem situation
-~ structuring

Identify operational and strategic DT requirements

v
DT business model
------- mapping

Map organizational resources and capability

v

Analytics leverage
"""""" analysis

Employ the data science process v
_______________ Analytics

. implementation

Figure 3.1: Research objectives and BA methodology (Hindle et al., 2018) alignment

Rooted in the philosophical paradigm of positivism, a sequential mixed method
research design was followed, analyzing both qualitative and quantitative cross-
sectional data. The research started from an exploratory approach to uncover
key concepts and their relationships, followed by a confirmatory study to examine
effects. Johnson et al. (2007) define mixed method research as an intellectual
and practical synthesis of qualitative and quantitative research combining their
techniques, methods, approaches, and concepts into a single study. It recognizes
the importance of both the qualitative and quantitative viewpoints and tries to
combine the strengths and minimize the weaknesses of each inherent method to
provide informative, complete, balanced, and useful research results (Creswell et al.,
2017; Greene et al., 1989). Following the guidelines of Venkatesh et al. (2013), the
thesis started with a literature review and qualitative investigation of the research
questions and finished with a large-scale quantitative survey. The goal of the
exploratory study was to map the current state of the art, generate hypotheses, and
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provide deep insights with transferability to a broader set of contexts and strategies
for firms. The goal of the confirmatory study was to empirically investigate the
relationships of the previously identified hypotheses and provide insights with
generalizability to a larger population of companies.

The links shown in Figure 3.1 draw on the BA methodology by Hindle and Vidgen
(2018). Addressing how organizations can align their BA development with their
business goals, the methodology provides a logical structure and precedence to
guide the practice of BA. The BA methodology details a four-stage approach of
(1) problem situation structuring, (2) DT business model mapping, (3) analytics
leverage analysis, and (4) analytics implementation. The research objectives of this
thesis target distinct challenges in each respective stage, as can be seen in Figure
3.1 and detailed in the below sections.

Addressing the first two stages, RQ1 aims to build an understanding and conceptual
theory to ground the further exploration of RQ2 and RQ3. For this purpose, we
employed the design research methodology for RO1.1 to further develop an existing
CE framework and gauge the broad CE expertise from the CIRCit consortium. For
RO1.2 and RO1.3, no dominant digital CE framework existed, and the expertise
within the CIRCit consortium was limited. Therefore, instead of the design research
methodology, we employed a systematic literature and practice review to systematize
relevant principles and example strategies from industry and academia. RQ2 targets
the two latter stages of the BA methodology, namely analytics leverage analysis
and implementation. For RO2.1, we started by conducting a literature review
to identify relevant BA resources for CE. Following this, we employed a series
of semi-structured expert interviews to detail further the identified factors and a
quantitative survey to validate their relevance. For RO2.2, on the other hand, we
employed a single case study to provide deep insights and demonstrate how firms can
leverage their data science process towards CE. RQ3 targets the third stage of the
BA methodology and builds specifically on the identified BA resources from RO2.1.
Similar to RO2.1, both RO3.1 and RO3.2 first employed semi-structured expert
interviews to detail how managers leverage these BA resources into capabilities,
and their effects on CE implementation, ROC, and firm performance. Finally, these
insights and the overall conceptual model were validated in a quantitative survey.

3.2 Application Domain

The CIRCit research project focused specifically on manufacturing companies in
the Nordics. Although the research outputs can be useful for a broader set of
companies, the scope was kept intentionally 'narrow’ to ensure consistency and
compatibility between the different work packages’ methods and tools. Furthermore,
since the project followed action research in other work packages, a high degree
of relevance and practical implications for each firm was needed. In line with the
CIRCit project, we first focused strictly on manufacturing companies for papers 1 to
3 before broadening the scope for papers 4 and 5 to include a more comprehensive
set of public and private companies such as I'T and financial services, consultancy,
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3. RESEARCH METHODOLOGY

retail and consumer goods, transportation, service providers and so on.

3.3 Research Activities

This part details the activities performed during the thesis and the author’s main
company engagement activities instantiated as part of the CIRCit project. A
timeline of the activities is provided in Figure 3.2.

CIRCit project

Academic production

- ___ I——
| Case study[ Expert interviews

Thesis start (October 2017) Thesis end (May 2021)
} o I I I @ I
2017 2018 2019 2020 2021

Figure 3.2: Timeline of research activities (W = workshop, CV = company visit)
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3.3.1 Design Research Methodology

The first BA methodology stage of problem situation structuring translates to
defining a circular strategy of strategic importance to the firm. To support companies
conducting CE visioning and extend previous CE frameworks as part of RO1.1, we
employed the design research methodology. The design research methodology is
particularly suited for iterative improvements of methods and tools (Blessing et al.,
2009). The methodology consists of four stages: research clarification, descriptive
study I, prescriptive study I, descriptive study II.

The first stage of research clarification aims to explain the research problem at
hand and formulate a clear and realistic overall research plan. In this stage, we
identified the need for a CE framework specifically for manufacturing companies.
Descriptive study I intended to increase the understanding of the research problem
identified in the previous stage by describing the research phenomenon and the
existing situation. First, a list of circular strategies to be included in the framework
was compiled. Second, criteria that could guide the development process of the
new framework were articulated, which, third, were used to choose an existing
framework as the basis for the development of the new framework. A series of
workshops and meetings were held for this purpose. Prescriptive study I aims to
address the research problem by leveraging the findings from previous stages for
problem-solving and empirical development. A series of workshops and follow-up
meetings were held to conceptualize and develop a first version of the circular
strategies framework along with corresponding clarifications and elaborations on
strategies and the relationship between them. Descriptive study II focuses on
evaluating the proposed solutions from the prescriptive study and clarifies the
actual applicability and usability of the empirical developments. In this phase, the
applicability and usefulness of the framework in the context of the manufacturing
sector were evaluated, and improvement opportunities were sought. Workshops
were performed with three manufacturing companies from the heavy machinery,
electronics, and furniture sectors. For the purpose of our study, we added a fifth
stage of prescriptive study II with additional empirical development to further refine
the framework. A series of meetings were held to discuss the implementation of
improvement opportunities based on insights from the previous phases. A second
version of the framework and a final list of strategies and definitions were developed
during this phase. See Figure 3.3 for an overview of each respective stage and paper
1 in part IT for more details.
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. . Activities related to: Workshop/ meeting:
Development of Circular Strategies Scanner W Transdisciplinarity type I: a Part of knowledge areas represented
overview of application of the Design Research Methodology approach systemic view 3 Majority of knowledge areas represented

@ Transdisciplinarity type I )
non-academic perspective Q !terative phase

O Research Clarification

Aim
To refine the research gap and identify the need for a framework specifically for manufacturing companies.

Main activities Main outcome Description
Literature review « Overview and understandin Main sources consulted: three publications aimed at consolidating the landscape of
- Seach for existing circular of the current landscape an circular strategy frameworks: Mendoza et al (2017), Reike et al (2017), and Blomsma
strategy frameworks. circular strategy frameworks. (2018). These were supplemented with web searches and knowledge present within

the research consortium. The focus was on frameworks that propose a vision for how to
operate in a CE, by identifying relevant circular strategies and that organise these
strategies such that their relationship becomes apparent. Included are both academic
frameworks, and frameworks from grey literature.

Descriptive Study - |

Aim

1) To compile a first version of a list of circular strategies to be included in the framework;

2) To operationalise the requirements for the new frameworks through the formulation of criteria, that can be used to guide its development;
3) Choose the best fitting existing framework as the basis for the development of the new framework.

Main activities Main outcomes Description
Preporatory workshop (2hr) « Selection of framework by In a preparatory workshop a preliminary list of circular strategies to be included in the
- inventory of circular strategies. Potting et al (2017) as basis for framework was compiled, as well as their definitions and relationships discussed. This
&- Workshop | (2x 4hr) ﬂ_"th_e' fra.mework. deyelopment. was based on the pre-existing knowledge of the researchers in the consortium. In a

- Selection of 7 frameworks for « First iteration of criteria for follow-up workshop this was expanded upon through the use of seven frameworks that
use as stimuli for discussion. framework. ) were uncovered during the Research Clarification phase. These frameworks also served

- Clarification of criteria for « First iteration of list of circular as stimuli to articulate the criteria for the new framework, through further
framework. strategies to be included in

Famenoik, characterization and analysis.

Prescriptive Study - |

Aim
Development of the first version of the framework.

Main activities Main outcome Description
Workshop - Il (2hr) « First version of Circular The focus of this phase was on the appropriate labels for strategies and their
- Further detailing of framework. Strategies Scanner. relationships. This was discussed until consensus was reached. The framework by
Cases Potting et al (2017) formed the basis for these discussions. In addition to this, the
- Retrospective cases to verify Potting et al (2017) framework was applied in nine retrospective cases. The cases
framework. included companies that have adopted CE principles in the Nordic region (i.e. Denmark,
Meeting Il (2hr) Finland, Norway and Sweden) and covered a broad range of sectors within the
- Further detailing of framework. manufacturing industry, including furniture, heavy machinery, electronics, packaging,
‘—- Meeting IV (2hr) textile and fashion, and transport. They were identified through official reports funded
- Further detailing of framework. by the Nordic Council of Ministers (Nordregio 2016; Nordic Council of Ministers 2015,
2017), and in databases of industry associations (e.g:: Technology Industries of Finland,
+0ngoing development efforts. Innovation Center Iceland). See Pieroni et al (2018) for more detail.
Descriptive Study - Il
Aim
To gain insight into additional strategies to be added to the framework, as well as into refinements with regards to the placement of strategies on the framework.
Main activities Main outcome Description
Company - | (heavy machinery) (2x 3hr) - Learnings for second version Three manufacturing companies were involved in this study. All companies were
- Use of framework in of framework. based in the Nordic region, but ranged in size: one was a large multinational
inventory & ideation workshops. organization and two were SME's. The workshops were the first of a more extensive
Company - Il (electronics) (2x 3hr) series of engagements aimed at supporting these and other companies participating
- Use of framework in in the CIRCit project (www.circitnord.com) with improving organisational readiness for
inventory & ideation workshops. becoming (more) circular (see for dimensions of organisational readiness used:
® Company - lll (furniture) (2x3 hr) www.matche.dk/). As part of this engagement the new framework was used to clarify
- Use of framework in what strategies were already in use and which could be improved or added.

inventory & ideation workshops.

Prescriptive Study - Il

Aim
To further develop the new framework and to create a second version.
Main activities: Main outcomes Description

‘— Meeting V (0,5hr) - Second version of Circular A series of meetings was held to discuss the implementation of the suggested changes
- Further detailing of framework. St%atef;l_es Stga_nner. X to the framework, both from Descriptive Study Il and insights resulting from iterations
+ Afinallist of circular strategies of the Research Clarification and Descriptive Study | phases.

Ongoing development efforts

- Further detailing of framework and their definitions.

Figure 3.3: Schematic illustration of the design research methodology followed for
RO1.1
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3.3. Research Activities

3.3.2 Literature and Practice Review

In the second BA methodology stage of business model mapping, we focused on
identifying the operational and strategic requirements needed to leverage digital
circular, or smart circular, strategies. As detailed in RO1.2 and RO1.3, we aimed
to develop a digital CE framework and knowledge base to support companies in
conducting BA gap analysis and to create roadmaps for implementation. Given the
emerging and burgeoning characteristics of the domain, we investigated not only
academic sources but also case study examples from practice and ’'grey literature’
(i.e., published material that has not been subject to a peer-review process (Adams
et al., 2017)). We followed the methodology used by Bocken et al. (2014), who
detail three iterative phases for a practice and literature review: (1) identification
of themes and categorizations by literature review, (2) synthesis by developing
an integrative framework, and (3) identification and mapping of examples from
practice to validate and further develop the framework. In addition, we adhered
to the guidelines for reviewing academic literature by Kitchenham and Charters
(2007) and for grey literature by Adams et al. (2017). Furthermore, we built on the
previous evaluation and review of CE frameworks conducted for RO1.1. See Figure
3.4 for an overview of the steps involved and paper 2 in part II for more details.

3.3.3 Expert Interview and Questionnaire

In the third BA methodology stage of analytics leverage analysis, we focused on
mapping the organizational resources and capabilities needed to leverage BA for
CE effectively. Detailed as RO2.1, RO3.1, and RO3.2, the aim was to identify
BA resources necessary for CE and understand how managers structure, bundle,
and leverage them into capabilities for improved firm performance. Utilizing the
RBYV and the ROV as the grounding theoretical frameworks, we first employed a
literature review in combination with semi-structured interviews (see Figure 3.5
for the steps involved). Provided no previous measures of BAC for CE exist, it
was necessary to conduct an exploratory qualitative study before any confirmatory
quantitative studies could proceed. This was done in order to explore key concepts
and their associations to ensure that no important concepts were omitted from
further studies. It is also argued by several method studies that exploratory research
should precede confirmatory quantitative studies, in order to explore the construct
space and the intricacies of the concept being examined (Sarker et al., 2013).

The literature review focused with on the critical aspects and organizational re-
sources of a CE-specific BAC. The purpose of the review was to identify the main
underlying concepts from related research streams in both BAC theory and CE
theory. Based on this, we developed the first version of a theoretically guided
conceptual model and the resources of the BAC. Following the literature review, a
gap remained in understanding how firms leverage BA for CE. To address this, we
employed a series of semi-structured interviews, following the guidelines of Bogner
et al. (2009) and Patton (1990), with experts from key positions in industry, such
as CEOs and directors of IT service, shipping, and retail companies. In this context,
experts are defined as someone with privileged knowledge about the topic of interest
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Figure 3.4: Schematic illustration of the research approach followed for RO1.2 and

RO1.3
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(Bogner et al., 2009). The interviews were supported by an interview guide (see
the appendix of paper 4 in part II) in accordance with the recommendations of
Myers and Newman (2007). Semi-structured interviews represent an effective way
to elicit rich data (Alshenqeeti, 2014; Kvale et al., 2009), understand why some
resources are more important than others, and under which conditions they are
used for capability-building activities. The benefit of this approach, in contrast
with structured interviews or quantitative approaches, is that it allows for thematic
analysis and the discovery of new perspectives and relationships between topics
that were previously not conceptualized (Savin-Baden et al., 2013). This enabled,
after the interviews, updating the initial constructs, definitions, and relationships in
the conceptual model and through this the core organizational resources or building
blocks of BACs. See paper 4 in part II for information on data collection and
analysis along with details of respondents and thematic support.

Literature review » Synthesis » Interviews » Data analysis » Synthesis

o Literature review of * Develop a first version * Conduct interviews « Iteratively read, code, * Develop a second version

RO2.1and RO3.1 conceptual model and BAC with experts until and interpret transcripts conceptual model and BAC
saturation with cross-validation

« Identify related works * Develop interview * Theorize on related

and relevant BA resources guide  Record and transcribe  Check for saturation propositions and concepts
and concepts interviews until no new data or

‘ themes emerge

Figure 3.5: Research steps involved for the qualitative study (see paper 4 in part II
for details)

The underlying logic of the conceptual model developed (as seen in Figure 3.6)
incorporates both resource-picking (from the RBV) and capability-building (from the
ROV) theory. The model posits that firms with a strong BAC position themselves
with the capacity to strengthen existing circular strategies, implement new ones,
improve their I'T ROC, and increase their overall firm performance. As such, the
effect of BAC on firm performance is fully mediated by firms’ IT ROC and degree of
CE implementation. Based on this, five hypotheses were generated for quantitative
evaluation:

H1. BAC will have a positive effect on CE implementation.

H2. BAC will have a positive effect on ROC.

H3. CE implementation will have a positive effect on firm performance.

H4. ROC will have a positive effect on firm performance.

H5. BAC will have a positive indirect effect on firm performance, which will be

fully mediated by a positive effect on CE implementation and ROC.

For the purpose of the identified hypotheses, we adopted a questionnaire-based
survey method to allow for generalizability and replication of the results and
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Resource
Orchestration Capability

Firm

Business Analytics
Performance

Capability

Circular Economy
Implementation

Control Variables
« Firmsize
« Firmage
« Industry type

Figure 3.6: Conceptual model of the relationship between BAC, ROC, CE imple-
mentation and firm performance (see paper 5 in part II for a detailed explanation
of the model, hypotheses, and definitions)

to facilitate simultaneous investigation of several factors (Kraemer et al., 1993).
The methodology is well documented in exploratory settings and a robust way
of identifying the general tendency and associations in a sample with predictive
theory for generalization of results (Straub et al., 2004). We followed recommended
guidelines for developing the questionnaire (Churchill Jr, 1979; Recker et al.,
2010). In addition, we folled the recommendations and tactics (i.e., personalization,
consent screening, and anonymity) by Cycyota and Harrison (2006) to improve
response rates. Our trial questionnaire was shared with a panel of experts for
careful assessment and refinement of indicators, questions, and wording. All items
were measured on a 7-point Likert scale due to its suitability for quantifying
constructs such as organizational resources and capabilities (N. Kumar et al., 1993).
Following the panel review, a pretest was conducted in a small sample of 11 firms
to test the statistical properties of the constructs and assess the face and content
validity of items to ensure respondents interpreted the questions as intended. After
completing the pretest, the respondents were contacted by email and asked about
the quality of the questionnaire and to provide suggestions for improving the clarity
of the questions. The aforementioned step satisfied the psychometric properties for
suitability and validity of our questionnaire.

For the main sample, names and details of senior executives engaging in digital

and CE activities were obtained from personal contacts, corporate directories,
and professional forums. From this, 180 relevant executives and 11 industry
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networks with European companies were used to disseminate an electronic survey
an electronic survey via Nettskjema (an online survey tool developed and operated
by the University of Oslo, Norway). The respondents were invited by email and
followed up by two reminders, each spaced two weeks apart. The data collection
phase lasted for approximately two months (October 2020 — December 2020). The
sample comprised 64 responses, 56 of which were complete and retained for further
analysis. Due to the inadequate number of responses, a second data collection phase
was performed using a panel service company to disseminate the questionnaire,
lasting for approximately one month (January 2021). To ensure quality responses
and consistency with the sample in phase one, the panel service was given strict
criteria (guided by a list of control questions) on what would qualify a respondent
for the survey. The second data collection phase resulted in 123 responses, 75 of
which qualified for the survey with 69 complete responses. In total, the final sample
consisted of 125 responses with an average completion time of 13 minutes.

To assess the validity and reliability of our conceptual model, we used PLS-SEM
and the software package SmartPLS 3 to conduct the analysis (Ringle et al., 2015).
Given that our proposed model is targeted towards exploratory theory building,
as opposed to theory testing, PLS-SEM is seen as a better option than covariance-
based SEM. Further, PLS-SEM allows the use of mixed model specification methods
(i.e., simultaneous use of formative and reflective constructs in higher-order latent
constructs), while covariance-based SEM methods do not (Akter et al., 2017). PLS-
SEM is regarded as a robust and powerful statistical tool and has been applied across
various disciplines (Joseph F Hair et al., 2012), including both BA and CE research
(Akter et al., 2019; Khan et al., 2020; Mikalef et al., 2020). Moreover, PLS-SEM
is recommended when the research is exploratory, focusing on predicting target
constructs for complex structural models and allowing for simultaneous estimation
of multiple relationships between one or more independent and dependent variables
(Joe F Hair et al., 2011). Categorized as a variance-based soft modeling technique,
PLS-SEM can be used to estimate both reflective and formative constructs and is
a well-suited predictive tool for theory building of complex models using smaller
samples (Nair et al., 2018). In terms of sample size requirements, the total of 125
respondents meant that our sample exceeded both requirements of: i) ten times
the largest number of formative indicators used to measure one construct, and ii)
ten times the largest number of structural paths directed at a particular latent
construct in the model (Joe F Hair et al., 2011).

3.3.4 Case Study

In the fourth BA methodology stage of analytics implementation, we focused on
understanding how firms employ the data science process for smart circular strategies.
Detailed as RO2.2, we aimed to address shortcomings in the early phases of the data
science process, specifically data understanding and preparation. For this objective,
case study research was chosen as the methodology for empirical investigation (Yin,
1984). The case study research methodology is particularly suitable for empirical
investigation (Jabbour et al., 2019a). It helps provide insights with a relatively
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good understanding of the complexity and nature of the phenomenon (Voss, 2010).

Moreover, even a single case study can provide scientific development through a
deep understanding of the problem and the capturing of experiences (Flyvbjerg
et al., 2011). A research protocol was used in order to ensure reliability and validity
of the findings, including case study design, data collection, data analysis, and
formalization of results (Yin, 1984). The company was selected based on a judg-
mental sampling technique (Henry, 1990). First, the company should be from the
manufacturing industry and have experience with the CE. Second, the company
should have IoT data available for analytics exploration. In this regard, a Nordic
original equipment manufacturer developing and servicing industrial cranes was
selected. The company was a large multinational corporation with extensive experi-
ence in multiple smart circular strategies, such as predictive maintenance. Following
the research protocol, data collection was performed through five semi-structured
interviews to gather general information about the company’s context before IoT
data were gathered and insights specific to analytics and predictive maintenance
were collected. Following the data collection phase, an analytics investigation
was performed to evaluate its CE potential and set implementation requirements.
Then, the last phase of the protocol was conducted, looking for possible procedural
improvements of the data science process to meet the requirements from analytics
and CE. See paper 3 in part II for more details.

3.3.5 Summary

To summarize, the sequential mixed method research design of this thesis employed
a multitude of methods and engaged a broad set of companies. Mixed method
research fits the objective of this thesis well given its capacity to explain and
provide understanding for complex organizational and social phenomena (Mingers,
2001). The approach allowed for investigating the research questions from multiple
perspectives and alternating between an inductive and deductive frame of thought.
This enabled a deep and rich understanding of the problem statement upon which
to build new theory. See Table 3.1 for an outline of the methodologies applied for
each respective research question.
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Table 3.1: Mapping of research methodologies and research questions.

RQl RQ2 RQ3

Design research methodology o

Literature review . o .
Practice review o

Case study o
Expert interview o o
Questionnaire o .
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4 Results

This chapter describes the main findings of the thesis. To structure our discussion,
results are organized under each respective research question and corresponding
research objectives.

4.1 Relationship Between Digital Technologies and
Circular Economy - RQ1

For firms, it is necessary to have a systematic approach to breaking down high-
level CE and digital business objectives to concrete operational strategies. For
scholars, it is necessary to have frameworks rooted on well-established theoretical
underpinnings to ground future research. Addressing this, we developed one
CE framework (the Circular Strategies Scanner) and one digital CE framework
(the Smart CE framework) with a corresponding knowledge base of examples.
The Circular Strategies scanner provides a taxonomy of circular strategies and a
systematic process and examples to support companies in the early stages of a COIL
process. Building on the principles from the Circular Strategies Scanner, the Smart
CE framework and knowledge base integrates this with established ICT principles
and underpinnings to further improve our understanding of the relationship between
DTs and the CE through common technical mechanisms.

4.1.1 The Circular Strategies Scanner - RO1.1

Addressing the shortcomings in previous CE frameworks, the Circular Strategies
Scanner (shown in Figure 4.1) presents a taxonomy of circular strategies based
on business processes typically found in the manufacturing context. Drawing
from both academic and practitioner perspectives, the Scanner framework provides
circular strategies ranging from incremental to transformative, or from operational
to strategic. Operational strategies include reducing, restoring, and avoiding impact
in areas such as sourcing, manufacturing, product use, and logistics, as well as
the recirculation of products, components, and materials into new or existing use
cycles. Strategic applications include rethinking and reconfiguring value-generating
architectures and reinventing the ‘paradigm’ for radical decoupling. In other words,
the Scanner provides comprehensive support for manufacturing companies engaging
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in COI processes. For a detailed explanation of the framework, see paper 1 in part
IT.

A strength of using the Scanner in COI is that it provides a way of systematically
exploring circular strategies. It thus provides guidance for identifying what business
areas eco-innovation for CE is possible or necessary. For instance, when improved
recycling is identified as an opportunity, the Scanner indicates that other circular
strategies in the operational areas of raw materials and sourcing, manufacturing,
product use and operation, and the recirculation of parts and products may be
affected. Such impacts may be synergistic and result in increased overall circularity
(e.g., the choice to change to a recyclable material to enable end-of-life recycling
also enables recycling of waste within the manufacturing process), or they may
take the form of trade-offs and require additional management or development
for resolving them (e.g., changing to a recyclable material negatively affects the
technical longevity of a product).
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Figure 4.1: The Circular Strategies Scanner

Application of the Scanner furthermore strengthens the connection between eco-
innovation and CE by linking it with transformative innovation (De Jesus et al.,
2018). It does this in two ways in COI processes. First, due to possibilities
uncovered in the operational area, it can trigger a re-evaluation of the value
generation architecture. Second, when the value generation architecture is the
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starting point, the Scanner indicates that the role of the circular strategies on the
operational level need to be revisited as their relevance may increase or diminish
depending on the context. In both cases, the Scanner invites a reconsideration
of the system the manufacturing company is attempting to transform and links
circular strategies together in circular configurations: situations where two or more
circular strategies work together (Blomsma, 2018).

4.1.2 The Smart Circular Economy framework - RO1.2

In order to better connect the emerging fields of DTs and the CE we developed
the Smart CE framework (shown in Figure 4.2), which establishes a link between
DTs and resource management' through an integrative model based on maturity
thinking. The framework provides a detailed understanding of the relationship
between DTs and the CE through technical mechanisms and BA requirements. It
allows assessment of the current and future smart circular strategies with their
associated and target level of maturity, and provides guidance on how to leverage
DTs to maximize resource efficiency and productivity of strategies. This enables
practitioners and academics to develop and implement roadmaps through BA gap
analysis, find new opportunities for innovation through examples of best practices,
and align people across the boundaries of disciplines.

Prescriptive
How can use of the resource be optimised dynamically?

@ Predictive

i ?
Sl -} Wisdom What better use can be made of the resource in the future? Data_
~ analysis
Artificial Intelligence,
Machine Learning,
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)
3
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Figure 4.2: The Smart CE framework

The framework consists of three main elements: data transformation levels (blue
triangle), resource optimization capabilities (green triangle), and a layer linking
these elements together, data flow processes (grey background), as seen in Figure 4.2.
The different elements were combined by using a hierarchy as the main organizing
principle where each individual level relies on the previous ones. That is, for the
data transformation levels, resources must be connected by an IoT sensor in order

1Here, we refer to physical resources such as materials, components, and products. Not
organizational resources.
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to generate data. This can then be turned into information by integrating it with
other data sources and providing the context, and so on all the way up to wisdom.
Likewise, for resource optimization capabilities, diagnostic analytics provide insights
into why something happened and build upon descriptive insights of what actually
transpired. Similarly, in the data flow processes, data is first collected and integrated
to facilitate data analysis. The remainder of this section explains the three elements,
illustrates their compatibility in a single framework, and details the various levels
of adoption through maturity thinking. For a more detailed explanation of the
framework, see paper 2 in part II.

4.1.3 Knowledge base of smart circular strategies - RO1.3

The literature review on smart circular strategies resulted in 65 included papers
(27 from the database search). The practice review of case studies from the Circle
Lab’s knowledge hub was filtered using the label ‘Incorporate digital technology,
’ resulting in 207 results. Both the case descriptions in this database and the
company website(s) illustrating the cases were consulted (in line with Adams et al.
(2017)), resulting in 33 examples added for a total of 98 real-world and theoretical
case examples.

The Circular Strategies Scanner and the Smart CE framework enabled mapping
of strategies into a matrix (represented by three figures in paper 2 in part II with
detailed case descriptions). The Scanner, representing the x-axis or the columns,
covers a range of circular strategies relevant for manufacturing companies. The
Smart CE framework, representing the y-axis or rows, covers DTs and different ma-
turity levels of adoption (see also Figure 3.4 for a schematic illustration). Strategies
were then placed in a cell corresponding to the category, DTs, and maturity of
the application. See Table 4.1 for a summary of the examples mapped. The cases
represent a mix of theorized applications and real-world examples.

The results show that both theorized and real-world examples embody all the circular
strategy categories. Moreover, up to and including the prescriptive level, the matrix
has good coverage for all the categories, except the recirculation of parts, products,
and materials. To address this issue and outline avenues for future research, the
authors propose examples of future strategies, where both literature and practice
are incomplete. However, the overall satisfactory coverage of circular strategies
supports the validity of the Smart CE framework. The final mapping outlined
100 theorized and real-world smart circular applications (including strategies from
literature, practice, and the authors).
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However, for brevity purposes we limit our discussion here to only a few illustrative
examples. In Figure 4.3, we highlight the examples of industrial symbiosis, main-
tenance, and recycling. For each strategy, we expand the examples with digital and
human requirements for each level to illustrate the increasing ability of DTs to sup-
port or unburden human decision makers (providing increased quality, productivity,
and flexibility). One way to understand this is that the digital and human elements
together represent all the decisions needed to coordinate the resource flow for a
specific strategy. Hence, when the number of decisions made by DTs increases,
the decisions made by humans decrease or shift, providing flexibility for pursuing
strategic activities for increasing business value and resource productivity. Note that
we are not detailing the ‘ideal’” digital and human requirements for implementation,
but rather a proposed structure for explanatory purposes.
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Figure 4.3: Tllustrative examples with representative requirements (see paper 2 in
part II for the full 100 examples with details)
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4.2 Business Analytics Resources and Process - RQ2

The CE sets greater demand for firms to collect, integrate, analyze, and share
data across organizational boundaries, both upstream and downstream in the value
chain. Consequently, adopting circular strategies imposes different BA resources
compared to previous BAC research. Building on the results of RQ1, we detailed
the core artifacts of BA pertinent to CE and the associated data science process for
implementing smart circular strategies.

4.2.1 Key Factors for Holistic Information Management -
RO2.1

Overall, the expert interview results corroborate the findings of related qualitative
studies, such as the importance of holistic information management for BA-enabled
CE supply chains by Gupta et al. (2019). The role of BA was highlighted by all
respondents as critical to the success of their organization’s CE transition. The
general consensus was that CE sets greater, and more holistic, demands for their
firm’s BAC. Specifically, several respondents called for a broader definition of BA
reflecting the triple bottom line (economic, environmental, and social value) of the
CE.

Based on the results of the interviews, the initial constructs of BA resources
(identified in a separate literature review) were adjusted, refined, and further
developed to reflect the theories and practices of CE, as can be seen in Table 4.2.
Following this, we visualized the results in several tables to summarize the evidence
for each theoretical construct, improve the testability of the theory, and strengthen
the bridge between the qualitative evidence and the conceptual model (Eisenhardt
et al., 2007). For brevity purposes, we only discuss the summary of these tables
here (complementary tables can be seen in paper 4 in part II). Table 4.3 provides
an overview of the BA resources the respondents had implemented for CE.

We observed a considerable discussion concerning the need of distinct BA resources
for the CE. While several parallels were drawn to traditional BA resources, the
respondents were unison in their response that effectively transitioning to the CE
required new BA resources. In summary, eight key BA resources were identified.
In Table 4.3 the importance of each resource is noted. Black circles (@) indicate
that the resource was mentioned as an important aspect and/or implemented in
the organization’s strategy of using BA for CE, whereas half circles (O) and blank
circles (O) indicate that it was only somewhat or not implemented. The absence
of a circle signals a lack of insight by the respondent or relevance to the company.
For instance, the tangible resources of R4 and R10 were both left empty as they
represent a one-person consultancy firm. Further empirical insights from the expert
interviews into the key BA resources for circular strategies can be seen in paper 4
in part II.
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Table 4.2: Definition of BA resources for CE

Resource

Adjustments made

Adapted from
literature(s)

Tangible

- Data: Organizations utilizing BA for CE need to cap-
ture both internal and external data from multiple sources,
independently of structures and on a continuous basis.
Further, aspects concerning data such as quality, sources,
availability, and methods for curating needs handling.

- Technology: Novel digital technologies are necessary
for handling the large volume, diversity, and speed of data
accumulated throughout circular value chains. The com-
plexity of these value chains increases the need for firms
to deploy advanced data generation, integration, analysis,
and sharing infrastructures.

- Basic resources: Refers to an organization’s invest-
ment of time and funds. This includes financial resources
as direct investments in the support of these technologies
and working hours allocated to experimentation with util-
izing the potential of BA.

Intangible

- Data-driven culture: Describes the extent to which
organizational members are committed to BA and make
decisions based on insight derived from data.

- COI culture: Describes the extent to which CE goals,
principles, and strategies are integrated into technical and
market-based innovations to create value by enabling sus-
tainable management of resources throughout the design
of processes, products/services, and business models.

- Openness and co-creation: Describes the ex-
tent to which organizational members are mutually
open about decisions and activities that affect the so-
ciety/economy/environment and willing to communicate
these in a clear, accurate, timely, honest, and complete
manner to enhance formal and/or informal arrangements
internally and externally to create mutual value.

Human skills

- Systems thinking skills: Refers to the competencies
of employees to take a holistic approach for understand-
ing larger contexts over longer periods of time, looking
at connections and patterns of how individual decisions
and activities impact environmental, economic, and social
issues beyond the immediate first-tier scope.

- Data science skills: Refers to the competencies of
employees to formulate and implement machine learning
problems, utilizing data analytics skills such as statistics,
computing, and knowledge about correlation and causa-
tion.

Adjusted the content
of the definition to
comply with CE.

Adjusted the content
of the definition to
comply with CE.

None.

None.

Identified the
resource and
developed the
definition from
relevant research.

Identified the
resource and
developed the
definition from
relevant research.

Identified the
resource and adjusted
the definition from
relevant research.

Identified the
resource and adjusted
the definition from
relevant research.

(Arunachalam et al.,
2018; M. Gupta et al.,
2016; Hedberg et al.,
2019; Janssen et al.,
2017; Kwon et al.,
2014; Mikalef et al.,
2017)

(Arunachalam et al.,
2018; M. Gupta et al.,
2016; S. Gupta et al.,
2019; Hedberg et al.,
2019; Mikalef et al.,
2017)

(M. Gupta et al.,
2016; Mikalef et al.,
2017; Wamba et al.,

2017)

(Arunachalam et al.,
2018; Dubey et al.,
2016; M. Gupta et al.,
2016; Mikalef et al.,
2020)

(Brown et al., 2019;
Institution, 2017;
Munodawafa et al.,
2019; Pauliuk, 2018;
Prieto-Sandoval et al.,
2019)

(S. Gupta et al., 2019;
Hedberg et al., 2019;
Institution, 2017;
Pauliuk, 2018)

(N. Bocken et al.,
2019; S. Gupta et al.,
2019; Institution,
2017; Webster, 2013)

(Dhar, 2013; Dubey
et al., 2019;
M. Gupta et al., 2016;
Power, 2016)
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4.2.2 The Data Science Process - RO2.2

Asset and process management research argue that data should be specifically
structured for the intended use within a work flow (Haddar et al., 2013; Provost
et al., 2013). Data science research concurs and notes that insights are more
obtainable when the data has been preprocessed for a specific domain of analysis
(James et al., 2013; Kun et al., 2019; Lin et al., 2007; Peng et al., 2010; Wood et al.,
2014). Based on empirical findings from a case study and an in-depth analysis of
shortcomings in existing data science process models, we propose extensions to
the Cross Industry Standard Process for Data Mining (CRISP-DM) process model.
The proposed process model adds an additional phase called data validation, and
argues for the integration of analytic profiles for improved structure in the process.
Figure 4.4 illustrates the enhanced CRISP-DM process model developed.

In CRISP-DM, there is no validation between the data preparation phase and the
modeling phase against the specific business domain (Bahrepour, 2018; Newman
et al., 2016). Specifically, once the data is prepared for modeling, only the criteria
needed to ensure optimal analytics model performance are considered (Newman
et al., 2016; Riudiger Wirth et al., 2000). Thus, a complete understanding of
whether the data is a valid representation of the original problem is not guaranteed.
General data preparation methods alter the original data, and there is often loss in
information specific to the domain that should be analyzed (Aremu et al., 2018;
Newman et al., 2016). As such, this may result in sub-optimal solutions that miss
the mark on the intended capturing of business and CE value (Ponsard et al., 2017;
Viaene, 2013). Therefore, we argue that data validation should be done by the
re-involvement of the business entity, and domain experts, to validate that a proper
understanding of the data and business problem has been reached and best-practice
data preparation methods from the analytic profile have been followed. The data
validation phase may result in a re-iteration of the data understanding and/or the
data preparation phase(s) (indicated by a single arrow back in the diagram).

Analytic profiles are defined as structures that standardize the collection, application,
and re-use of analytics insights and models for key business entities (Schmarzo,
2015). As such, an analytic profile is an abstract collection of knowledge, mainly
used in the business and data understanding phases, that lists the best practices
for a particular analytics use case, or problem. Analytic profiles may have different
levels of granularity depending on the use case and the organization’s level of
experience. However, information on the following elements should be included:

Use case description defining the business goal (e.g., predict the remaining useful
life of a product),

Domain specific insights important for the use case (e.g., knowledge about typical
product failures and causes),

Data sources relevant for the use case (e.g., time-series data of product operation
and service data with failure modes),

Key Performance Indicators or metrics for assessing the analytics implementa-
tion performance (e.g., product failure rate, downtime and maintenance costs),
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/Analytic\A

Business Profiles Data
Understanding A Understanding

Data
Preparation

Deployment

Data

Evaluation

/ Validation
\ ot /

Figure 4.4: An enhanced CRISP-DM process model (changes highlighted in red)

Analytics models and tools with proven conformity for the given problem (e.g.,
long short-term memory networks and deep belief networks),

Short descriptions of previous implementations with lessons learned (e.g.,
deep belief networks for backlash error prediction in machining centers (Z. Li et al.,
2017)).

As per the CRISP-DM process level breakdown (Chapman et al., 2000), analytic
profiles can be regarded as a generic task particularly relevant between the business
and data understanding phases (indicated by an analytic profile icon in the diagram).
Through such a consolidation of the analytics knowledge base, organizations can
more easily learn and reuse their own experience and the experience of others to
accelerate the analytics development process. Furthermore, Kiron and Shockley
(2011) state that organizations should appropriately structure their resources to
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align their analytics capability with their overall business strategies. Therefore, we
argue that analytic profiles should be built for all business strategies, or use cases,
relying on insights from analytics.

4.3 Towards a Business Analytics Capability - RQ3

As evidenced by the previous results, the significance of DTs for organizations
adopting CE is the use of data; in other words, they become data-driven. However,
becoming data-driven is more than a technical challenge and goes beyond the
mere data science process. It requires a clear BA strategy, the right people and
organizational culture, and managers to appropriately structure their departments
to align BA resources and capabilities with circular strategies and corporate strategy.
Once the core resources of BA pertinent to CE are identified (see Figure 4.5 for the
classification), it is necessary to understand how they are structured, bundled, and
leveraged towards a firm-wide BAC.

Business Analytics Capability for Circular Economy

Tangible Intangible Human Skills
- Data « Data-driven Culture « Systems Thinking
Skills
- Technology « Circular-oriented
Innovation Culture + Data Science Skills

- Basic Resources
« Openness and

Co-creation

Figure 4.5: Classification of BAC for CE

4.3.1 Resource Orchestration - RO3.1

According to the RBV, resources that possess VRIN attributes (as the ones detailed
above) tend to provide better opportunities for competitive performance (Eisenhardt
et al., 2000; Mata et al., 1995). However, the findings from our expert interviews
corroborate previous studies arguing that merely possessing such resources without
leveraging them is counterproductive for the firm (Ahuja et al., 2017). To this
end, ROV argues that resources have to be structured, bundled, and leveraged in
order to create new capabilities and enable them to generate business value (Wright
et al., 2012). Once these capabilities have been internalized, they are difficult for
competitors to imitate.

46



4.3. Towards a Business Analytics Capability - RQ3

Overall, we observed a great discourse among the respondents of our expert in-
terviews on the importance of leveraging firms’ BA resources and capabilities for
implementation of circular strategies and competitive gains. In particular, managers
were highlighted as crucial to the potential success, or failure, of developments under
tangible resources and human skills, such as culture development and employee
training. Given the variance in breadth and life cycle of the firms covered in the
interviews (e.g., from waste management start-ups to large multinational IT service
corporations), we observed a difference from the interview results in the approach
and willingness of management to both adopt circular strategies and prioritize
corresponding BA investments. This can be understood by drawing on the life
cycle logic of the ROV, which states that the start-up stage requires a greater
degree of resource-structuring behavior to support the firm’s business model when
compared to mature firms (Miller et al., 1984; Sirmon et al., 2011). Correspondingly,
a mature firm’s resources may exert a greater influence on its external environment
(Smith et al., 1985). Despite variance in organizations’ operating environment and
development trajectory, their underlying capability development mechanism was
conducive to the process of structuring, bundling, and leveraging, as detailed in the
ROV.

Our results corroborate the findings of Wright et al. (2012) on the importance
of selecting and structuring BA resources, a prerequisite for building a firm-wide
BAC. Overall, we observed numerous activities related to the structuring process,
from identifying resources of strategic importance and making investments related
to them (e.g., sensor data and data science talent) to creating new organizational
structures and business models (e.g., horizontal departments and product-service
systems). For the process of bundling, we observed the effectiveness of firms’ ability
to bundle resources into capabilities frequently reflected in their governance practices
and choice of IT archetypes. Traditional archetypes, such as functional silos where
each unit handles its resource allocation, were seen as somewhat incompatible with
the lateral nature of circular strategies, and several firms noted efforts to remove
unnecessary silos and align around common KPIs. For the leveraging process, we
noted a number of challenges among firms trying to deploy their newly developed
capabilities. For instance, uncertainties were observed on how to mobilize such a
capability to 7) adopt an acceptable level of CE, ii) outperform rivals in the short
term, and 4ii) maintain a competitive advantage in the long term. Many firms
pointed to this being a result of lacking market demand, internal awareness, and
the overall fast-moving pace of the field. In other words, this can be summarized
as environmental uncertainty, characterized by a general condition of ambiguity
and unpredictability of customer needs and technology developments (Pavlou et al.,
2006). According to the ROV, this can be understood as an information deficit
that affects the type of resources and capabilities needed to outperform rivals and
the leveraging strategies required to realize a competitive advantage (Sirmon et al.,
2007). The respondents credited CE with strategic relevance for reducing overall
risks and for building the material sourcing flexibility needed for a turbulent business
environment. For additional details, see paper 4 for insights from the interviews
and paper 5 for the impact of firms’ ROC.
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4.3.2 Conceptual Model - RO3.2

To empirically validate the conceptual model, shown in Section 3.3.3, and BA
resources previously identified, we operationalized the main constructs in the model
using a hierarchical component model with respective sub-constructs (Sarstedt
et al., 2019). We constructed BAC as a third-order formative construct consist-
ing of tangible, intangible, and human skills resources as second-order formative
constructs, each consisting of three first-order constructs, namely data, technology,
basic resources, data-driven culture, COI culture, openness and co-creation, systems
thinking skills, and data science skills. CFE implementation was developed as a
second-order formative construct consisting of three first-order formative constructs,
namely reinvent and rethink, recirculate, and restore, reduce, and avoid. We con-
structed ROC' as a second-order formative construct of three first-order formative
constructs, namely structuring, bundling, and leveraging. Firm performance was
constructed as a second-order formative construct of four first-order formative
constructs, specifically environmental performance, financial performance, compet-
itiveness, and corporate reputation. For control variables, we collected descriptive
information on firm size and age, industry sector, country, ownership structure,
experience levels with BA and CE, and the respondents’ position within the firm.
As our measurement model consisted of both formative and reflective constructs,
we used several different assessment criteria to examine their validity and reliability.
Further, we employed confirmatory composite analysis of the saturated model
to assess its overall fit. Both reflective and formative constructs demonstrated
satisfactory psychometric properties with empirical evidence supporting the latent
variables constructed. See paper 5 in part II for associated tables and methods
used for establishment of the measurement model.

The structural model from the PLS analysis is depicted in Figure 4.6 and presents
the results of the structural model explained by the variance of endogenous variables
(R?) and the standardized path coefficient (). The model was verified by assessing
the coefficient of determination (R?) values, path coefficients, and effect size of the
predictor variable (f2). To obtain significance levels of the estimates (t-statistics),
we performed a bootstrap analysis using 5000 resamples. Since PLS-SEM does not
require the data to meet any particular assumptions about sample distribution,
parametric significance tests cannot be applied. Instead, PLS-SEM relies on the
nonparametric bootstrap resampling approach where randomly drawn subsamples
are used to derive standard errors, t-values, p-values, and confidence intervals
(Joseph F Hair et al., 2016; Preacher et al., 2008). The structural model explained
59.3% of variance in CE implementation (R? = 0.593), 70.1% in ROC (R? = 0.701),
and 52.2% of variance in firm performance (R? = 0.522). The expected magnitude
of R? values is dependent on the phenomenon under investigation and should be
judged relative to studies that investigate the same dependent variable (Benitez
et al., 2020). In our case, all values exceeded the coefficient of determination in
Khan et al’s (2020) study on CE implementation and firm performance (reporting
0.180 and 0.409 respectively). Furthermore, as our R? values represent moderate to
substantial predictive power (Henseler et al., 2009), all values are seen as satisfactory.
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Resource
Orchestration Capability
R2=0.701

0.837%** (t = 29.497) 0.345* (t=2.561)

0.206 (t = 1.178) Firm
Performance

R2=0.522

Business Analytics
Capability

0.770*** (t =17.738) 0.253* (t=2.141)

Circular Economy
| ,.' ation
R?=0.593

Control Variables

«  Firmsize 0.015 (p = 0.849)
Note: *** p < 0.001, ** p < 0.01, * p< 0.05 «  Firmage 0.143 (p = 0.097)
«  Industry type
- Dummy 1, Manufacturing 0.090 (p = 0.154)
- Dummy 2, Retail and consumer goods -0.116 (p = 0.123)
- Dummy 3, Information technology 0.129 (p = 0.027)
- Dummy 4, Energy, utilities and resources -0.044 (p = 0.420)
- Dummy 5, Service provider -0.072 (p = 0.306)
«  Ownership structure -0.063 (p = 0.308)

Figure 4.6: Results and estimated relationships of the structural model.

For the path coefficients, firms’ BAC was found to have a significant direct impact
on CE implementation (8= 0.770, T = 17.738, p < 0.001) and ROC (8= 0.837,
T = 29.497, p < 0.001). The direct impact of BAC on firm performance was not
significant (= 0.206, T = 1.178, p > 0.05), as expected for mediation. Furthermore,
the impacts of both CE implementation on firm performance (3= 0.253, T = 2.141,
p < 0.05) and ROC on firm performance (= 0.345, T = 2.561, p < 0.05) were
significant. In our model, the {2 values from BAC to CE implementation (1.454) and
ROC (2.349) indicated a strong effect size, while the effect from CE implementation
(0.051) and ROC (0.070) on firm performance indicated a weak effect size (Cohen,
2013). The effect size is useful to measure the practical relevance of relationships
between constructs by indicating the extent to which the path coefficient exists in
the population. The influence of control variables on the dependent variable, firm
performance, was examined using dummy variables. All variables were found to have
a nonsignificant relationship to firm performance, with the exception of information
technology firms (8= 0.129, T = 2.204, p < 0.05). Despite having a significant path
coefficient, the change in explained variance (AR? = 0.015) was small and the effect
size (f2 = 0.034, T = 0.933, p = 0.351) was weak and nonsignificant. Furthermore,
we believe this may not have any practical relevance for our model due to the
time when the data was collected (during the Covid-19 pandemic). Information
technology companies might have been less affected and this could be why they are
more strongly correlated with firm performance. For complementary tables and
details regarding tests for mediation and predictive validity, see paper 5 in part II.
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5 Discussion

This chapter synthesizes the research findings from the previous chapter by discussing
the contributions made in terms of research, practice, and policy implications. In
addition, limitations are presented along with avenues for future work.

5.1 Research Implications

While real examples of information flows enabling circularity exist, and researchers’
theoretical understanding of the relationship between DTs and CE has been improv-
ing (Nobre et al., 2020; Rosa et al., 2020), the mechanisms and conditions under
which DTs can accelerate firms’ CE implementation remain largely unexplored in
empirical research. Addressing this gap, the concept of a Smart CE can be used
as a point of reference for using DTs in supporting CE implementation and the
enactment of circular strategies. While much of related IS literature is grounded on
corresponding theoretical perspectives that explain the value-generating mechanisms
of different strategies, the same cannot be stated in the context of circular strategies.
At large, this work can be used as a basis upon which researchers can examine the
impact that different DTs have on the enablement of circular strategies, sustainable
development, and organizational performance.

In the case of DTS’ contribution to CE, we developed the Smart CE framework
and associated data science process to address DTs’ lack of support for COI in
manufacturing and significantly improve existing digital CE frameworks. The main
difference between our work and related frameworks (Askoxylakis, 2018; Bianchini
et al., 2018; de Sousa Jabbour et al., 2018; Ellen MacArthur Foundation, 2016;
Ingemarsdotter et al., 2019; Jabbour et al., 2019a; Nobre et al., 2020; Okorie et al.,
2018; Rosa et al., 2020; Unal et al., 2018) is that existing frameworks summarize
high-level strategies, possibilities, and/or capabilities, while our model extends
this with a detailed structure to systematically support practitioners in searching,
analyzing, and advancing smart circular strategies. In this context, we make six
contributions:

o First, we give a detailed understanding of the relationship between the tech-
nical mechanisms and data science processes of DTs and the strategic and
operational strategies of CE.
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e Second, we enable strategies to be mapped with their associated and target
level of maturity.

e Third, we provide the capacity to accommodate multiple circular strategies
and find new opportunities for innovation through example best practices.

e Fourth, we provide the ability to derive digital requirements for implementing
circular strategies.

o Fifth, we present guidance on how to leverage DTs to maximize resource
efficiency and productivity for a given context.

¢ Sixth, we produce empirical support for how to effectively apply the data
science process for correct utilization of analytics with circular strategies.

In addition, our framework allows both researchers and practitioners to communicate
better across the boundaries of disciplines. It highlights key technical mechanisms
needed for a more data-driven mode of CE business operations. By extension,
our framework provides the basis for further exploration of the BA resources and
capabilities central to the adoption of circular strategies. From a research standpoint,
our framework highlights the role of novel DTs in shaping the information value
chain within the context of CE. Thereby, it differentiates between strategic and
operational circular strategies, decomposing them into specific attainable approaches
and the corresponding digital requirements needed to foster them. Therefore, it
introduces a structured approach in bridging the technical, operational, and strategic
aspects of circular strategies.

Effectively leveraging the hype around these DTs through the concept of BA is
pivotal for operationalizing the Smart CE. While practitioners seem to have been
leading the way for such novel uses of data, academics have only recently begun
to investigate the synergies of BA and CE (S. Gupta et al., 2019). Consequently,
gaps remain in the literature on defining the building blocks of a BAC for CE and
how firms can create one. From a theoretical perspective, our research contributes
to the emerging literature on CE, strategic management literature on BAC, and
managers’ role in resource orchestration (Ahuja et al., 2017; Lahti et al., 2018;
Mikalef et al., 2018; Rialti et al., 2019; Sirmon et al., 2011). In particular, the
proposed BAC extends our proposed Smart CE framework by providing empirical
insights into the key organizational resources and practices needed to leverage such
smart circular strategies. By defining a BAC for CE, we make contributions to the
existing literature in six main areas:

o First, we present a theoretically grounded framework and construct for ex-
amining firms’ CE-specific BAC. This extends the literature on RBV and
ROV by combining them with BA and CE literature and empirical insights.

¢ Second, we propose eight constructs that make up the key resources of this
capability. These constructs provide valuable insights for future studies by
offering a lens to analyze both qualitative and quantitative data.
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e Third, we demonstrate that it is important to have this BAC and not just
circular strategies in order to operationalize them, thus differentiating between
strategy and its enactment.

e Fourth, we further extend the ROV by explaining how the processes of
structuring, bundling, and leveraging influence the conversion of organizational
resources into firm-wide capabilities along with role of managers for supporting
these processes.

o Fifth, we highlight the effect of BAC on ROC, which is an assumption many
studies carry but which has not been empirically validated.

o Sixth, we provide a deeper understanding of the mechanisms through which
organizations leverage these capabilities for improved CE implementation and
firm performance.

Furthermore, by analyzing both qualitative interview data and quantitative survey
data, we make important contributions to both the IS and organizational sustain-
ability research fields by exploring the inner mechanisms of how BA improves CE
implementation along with their joint effect on firm performance. For research
investigating how firms transition towards the CE, we demonstrate the importance
of developing a strong BAC to enable the operationalization of circular strategies
and to better leverage such strategies for increased value generation and firm per-
formance. The thesis also contributes to strategic management theory by developing
and empirically validating an instrument to measure the IT-based ROC of firms.
This builds on previous literature showcasing the importance of BACs for developing
dynamic capabilities and supporting decision-making across different stages of the
industrial life cycle of assets (Mikalef et al., 2018; Wamba et al., 2017; G. Wang
et al., 2016). The latter proposes interesting propositions on the roles of ROC and
CE implementation in mediating BAC’s effect on firm performance.

Our empirical findings are consistent with related BA and CE studies, such as
the results by Gupta et al. (2019) on the importance of strategic investments in
BA for CE, the effect of CE implementation for firm performance by Khan et
al’s (2020) and Mikalef et al’s (2020) results on the contingent role of dynamic
and operational capabilities in BACs’ effect on firm performance. Our work raises
several implications for DT-enabled CE research. Specifically, highlighting the role
of digital transformation for sustainable development, explicated through the role
of BA for accelerating firms’ CE adoption and realization of business value. While
the development of DTs is not a prerequisite for CE implementation, it can help
organizations yield faster returns and greater impacts on their CE investments.
Notwithstanding the direct effects of DTs on firm performance for general business
operation (Akter et al., 2016), we highlight the importance of IS research to examine
the impacts of IT beyond firm performance and strengthen the research in areas of
CE and sustainability.
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c1-c2:
Identify circular strategies and DTs
of strategic importance to the
firm and its performance

Smart CE objective

C3:
Assess the current and target state
of BA resources conducive for
the identified strategies

Smart CE strategy

C4:
Operationalize the identified
strategies by pioneering and

deploying BA capabilities

Smart CE tactic

Figure 5.1: Smart CE research scope and contributions

5.2 Practical Implications

With the overall aim of investigating how companies can be supported in leveraging
DTs for CE, the practical relevance of this work is indeed important. First and
foremost, the Smart CE framework and accompanying knowledge base of examples
represent the initial contact point and overarching ‘process’ for working with this
research. The example strategies presented in the knowledge base, as explained
in Section 4.1.3 and shown in Figure 4.3, when organized using the Smart CE
framework, may be used by organizations for BA gap analysis and to create roadmaps
towards CE implementation. A primary requirement for effectively leveraging smart
circular strategies and tactics is the alignment of BA development with the business
model. Hence, managers, in particular, may find both the framework and the
knowledge base useful for effectively aligning DT implementation with COI and
business model development in four areas. First, by identifying which smart circular
strategies are primarily important to the company. Second, in mapping the current
level of digital maturity and CE adoption. Third, establishing the required level
of digital maturity necessary to implement a desired smart circular strategy, and
fourth, deriving BA factors essential for its successful adoption.

To demonstrate such a mapping, we draw on a simplified version of the VMOST
(vision, mission, objectives, strategy, tactics) framework (Sondhi, 1999). Frequently
used by practitioners in different variations, the VMOST framework illustrates how
high-level goals can be made increasingly more concrete by moving from vision to
mission to objectives to strategy, and eventually, operational tactics. In Figure 5.1,
we illustrate parts of such a scoping exercise from objectives to tactics, along with
the contributions of this thesis. The Smart CE framework can also be used to gauge
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the target maturity level or smart circular strategy that is of strategic importance.
This serves as a benchmark upon which managers can allocate necessary resources
and deploy the corresponding technologies to attain the targeted level of maturity.
Finally, by developing a roadmap for implementation using BA gap analysis, it is
possible to compare the current and desired BA levels. This is particularly useful
for practitioners, who typically have very few practical guidelines to proceed with
digitally enabling circular strategies. The framework can, therefore, be used to not
only identify the target objectives but also to provide support in realizing these
strategies. It complements existing methods that are more focused on leveraging
data artifacts and can be used in unison with the data science process proposed in
this thesis.

Furthermore, in terms of practical relevance of the proposed CE-specific BAC, firms
may find this useful in three main areas. First, to seek incentives for transitioning
towards the Smart CE. In our empirical investigation, we found that combining BA
with circular strategies strengthened firms’ organizational performance in terms of
competitiveness, corporate reputation, financial, and environmental performance.
This is a valuable finding for firms as it presents a business rationale for implementing
circular strategies and shows how to capitalize on BA investments. Furthermore,
it provides strategic justifications for transitioning to a more sustainable mode of
business operation. This may be particularly useful for forward-thinking managers
and early CE adopters lacking arguments, or proofs, to support change in corporate
strategy. Second, understanding which organizational resources and capabilities are
important for leveraging BA for CE. As firms reposition their business to meet new
customer needs and regulations for sustainability, investments will be crucial for the
survival and sustained competitiveness of the firm. Therefore, correctly identifying
which resources to invest in and which capabilities to develop will be critical. This
thesis also shows that leveraging BA for CE requires investments across talent,
culture, and technology. As evidenced by the eight distinct factors comprising the
BAC for CE, companies should be wary of focusing only on tangible assets such
as data and IT infrastructure, and should also target investment in their human
capital—for instance, by improving managers’ systems thinking skills and devotion
to establishing a data-driven culture. By untangling the relationship between
BA and CE, we advocate for more holistic information management, encouraging
more focus on ‘green digital transformation’ within companies. These findings
can support the development of more constructive guidelines for implementing
circular strategies and help firms make more cost-effective BA investments. For
instance, by developing the BAC into a benchmarking tool to map firms’ maturity
and guide their investments through customized roadmaps. Third, by establishing
the ROC, we demonstrate the importance of managing BA resources in order to
seize business value and performance returns of BACs. For instance, the ROC can
be integrated in the BAC benchmarking tool and roadmap to aid firms in SWOT
(strengths, weaknesses, opportunities, and threats) analyzes to understand where
and how to target development activities. The ROC is confluent with previous
strategic management theory (Wright et al., 2012), arguing that only procuring and
holding valuable resources does not translate into business value or performance
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gains in itself. Instead, firms should focus on developing internal capabilities to
better orchestrate such resources. Thus, firms may find this research useful to
better manage their employees, at various levels, around the structuring, bundling,
and leveraging processes of resource orchestration. By better understanding the
relationship between BAC, firm performance, and the mechanisms in between, firms
are better equipped to facilitate change.

5.3 Policy Implications

Despite the evident barriers of conflicting definitions and missing standardization of
CE (ISO, 2020; Kirchherr et al., 2017), this also represents an array of opportunities
for both developed and developing economies to form unique positions. As previously
mentioned, studies have suggested a total annual benefit of €1.8 trillion for a full CE
transition for Europe by 2030 (Ellen MacArthur Foundation, 2015). Additionally,
as we are living in the ‘age of data’ with an unprecedented amount of data available
(McAfee et al., 2012), data itself is becoming a key source of value generation for
countries and may even become the biggest trading commodity of the future (Xiao
et al., 2014). As an example, the Confederation of Norwegian Enterprise recently
estimated Norway’s value creation potential from data would surpass that of oil
and gas by 2030 for a total of €30 billion each year (Skogli et al., 2019).

Despite great economic benefits to be found in a full transition to the nexus of these
developments, the challenges by businesses and policymakers are diverse. This thesis
focuses on the perspective of a single firm’s transition and performance gains; hence
it does not consider issues typical of policy development, such as how to deal with a
multitude of stakeholders and their joint competitiveness for a fair value distribution
in the CE. However, on the basis of the results identified in this research, we believe
that maintaining an open and transparent digital ecosystem where data and services
can be made available and shared in an environment of trust will be more important
than ever before with the CE. With the core success criteria of the Smart CE being
its ability to connect material flow with information flow, a framework and data
governance model is needed for the free flow of nonpersonal data. For instance, data
on the location, availability, and condition of assets alongside guidelines for tracking
products, parts, and materials across value chains should be made available. In this
respect, a set of criteria for the minimum amount of data to be shared for circular
activities should be established. Providing a balance between data sharing and
safeguarding of commercial and strategic information could support collaborative
efforts and trust between companies — improving their ability to adopt circular
strategies.

Policies and regulations should be investigated both within (e.g., how digitally
enabled solutions can be used to improve the extended producer responsibility
scheme of electronics or improve the data associated with waste streams) and
across sectors (e.g., raising awareness and improving knowledge and competencies
for government, industry, and consumers). To enable this, collaborative projects
between authorities, industry, and academia should be established to improve
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knowledge and develop inspirational best-case scenarios. Pilot projects can be run
in selected value chains with the aim of creating an overview of how to effectively
connect information flow with material flow and establish a first version data
governance model and framework for nonpersonal data sharing.

5.4 Limitations

Given the thesis followed a sequential mixed method research design, qualitative
and quantitative data were analyzed using different measures of quality. The
amalgamation of the quantitative paradigm with qualitative research through
validity and reliability has changed the traditional meaning of these terms and what
constitutes quality research from the qualitative researcher’s perspective (Golafshani,
2003). Quantitative and qualitative studies are different in nature; while the former
generally has the purpose of explaining, the latter has the purpose of understanding.
This difference in purposes makes evaluating the quality of studies in quantitative
and qualitative research dissimilar; Stenbacka (2001) even argues for the concept of
reliability to be irrelevant and misleading in qualitative research. Similar arguments
can be seen for the term of validity, but at the same time, qualitative researchers
realize the need for some criteria of quality measures of their research (Creswell
et al., 2000).

As a result, several concepts for assessing the quality of qualitative studies have
been proposed, such as credibility, neutrality, consistency, transferability, rigor, and
trustworthiness (Davies et al., 2002; Lincoln et al., 1990; Seale, 1999; Stenbacka,
2001). To discuss the validity and reliability of our qualitative findings, we utilized
the eight ‘big-tent’ criteria for excellent qualitative research by Tracy (2010) (see
Table 5.1). The eight criteria are: worthy topic, rich rigor, sincerity, credibility,
resonance, significant contribution, ethics, and meaningful coherence. These markers
provide a rigorous conceptualization of qualitative quality and a common language
to discuss the excellence of qualitative research recognizable across differences in
paradigms and a variety of audiences.

For the quantitative part of this research (paper 5 in part II), our questionnaire is
constrained by certain limitations, as presented in Table 5.2. First, our survey relies
on self-reported data. Despite being a common approach for collecting data in a
number of disciplines, people are often biased when reporting on their own experience
(meaning factual data may not coincide with respondents’ perceptions) (Devaux
et al., 2016). To remedy this, the respondents were informed about data protection
and anonymity, and were encouraged to consult with colleagues when answering
questions. Despite undertaking considerable efforts to reduce the potential of bias
and ensure good data quality, the occurrence of bias cannot be excluded. Future
studies could explore the topic for variance in levels of hierarchy and discrepancies
between BA and CE expertise. For instance, by interviewing multiple levels and
types of managers from the same firm and checking for interrater validity to improve
internal validity. Second, as we did not include a different, and objective, data
source (i.e., for firm performance), there is a risk of mono-method bias in our
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Table 5.1: Quality criteria of the qualitative findings

Criteria for quality Methods and tactics used

Worthy topic Utilizing DTs for CE is an important topic of timely concern with
significant relevance to research, industry, and policy.

Rich rigor The research used rigorous theoretical frameworks (such as RBV and
ROV) to ground the research.

Sincerity The thesis is transparent about the methods used and tactics used to
arrive at identified themes and concepts. The authors are reflective
about their subjective values, biases and inclinations.

Credibility The research is marked by concrete details and examples of how the
data has been interpreted in the analysis. Triangulation of sources and
cross-validation between the authors are employed.

Resonance Based on thick descriptions of the themes identified with several graph-
ical and tabular representations, transferability of findings is achieved.

Significant contribution The research provides significant contributions of both academic,
policy, and practical use. Propositions for future studies are provided,
and the quantitative evaluation of the findings is possible.

Ethical Appropriate ethical considerations were made throughout the research
process to ensure respondents about their anonymity and data protec-
tion rights.

Meaningful coherence The thesis employs appropriate methodologies to reach its stated goals
and provides meaningful connections to extant literature, and calls for
action.

quantitative study. Given the operational scope of this study, with companies
from multiple countries and an alternative for full anonymity (meaning provision
of company name and/or contact details was optional), we were unable to collect
adequate data on objective firm performance. Establishing firm performance as a
higher-order construct somewhat improves this issue as it provides multiple measures
of performance. However, future studies should include objective measurement of
both firm performance and CE implementation (e.g., using the circular transition
indicators (WBCSD, 2021)).

Despite our efforts to develop an inclusive model and generic constructs, our
conceptual model cannot be considered a universal model, fully applicable to all
companies and applications. It is likely that some firms may need to develop
different BA resources and/or resource orchestration processes to improve their
performance and effectively leverage their circular strategies. In particular, we know
from CE research that firms require a number of different circular strategies and
business model configurations, highly contingent on their size, industry setting, and
individual value chain (N. M. Bocken et al., 2014). Additionally, paradigm shifts,
as introduced by the CE, require changes in systems and in people’s mindsets, and
they take decades to unfold (Koschmann, 1996). We are still in the very early
stages, and adoption of the CE by industry is modest (Circle Economy, 2020). As
our quantitative study is only a snapshot in time, longitudinal studies (e.g., a panel
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Table 5.2: Limitations of quantitative findings

Limitation Description

Self-reported data Respondents are often bias when it comes to their own experiences.
Reasons for this can, for instance, be the interpretation of questions,
honesty, introspective ability, and knowledge.

Mono-method bias With lacking triangulation of data sources and relying only on a single
source of data poses a threat to construct validity.

Generalizability Despite adopting generic constructs, the lateral and emerging nature
of CE implies that firms will likely require different BA resources and
capabilities as the CE concept matures and industry standards are
developed.

survey) could help mitigate concerns of endogeneity and provide interesting findings
on firms’ development and stage-wise adoption of circular strategies. Nevertheless,
this is an important and much needed first step towards a BA construct for CE.
By crystallizing related IS theories, our research lays a solid foundation for future
studies to extend the application of our conceptual model.

The contributions made on the basis of a theoretical development process (i.e.,
the Smart CE framework as part of paper 2 in part IT) should be empirically
validated with a set of companies to (i) determine the clarity of the framework
elements and strategies presented, (ii) detail a process for self-assessment and BA
gap analysis, and (iii) identify how it can be further improved to better support COI
in manufacturing, related industries, and extended with a broader range of DTs
(e.g., blockchain and 3D printing). It should also be noted that the framework was
evaluated through a subjective interpretive process among the authors. However,
the theoretical validation process, by mapping strategies, offers justification.
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6 Conclusion

This PhD thesis examines the nexus between firms’ sustainable and digital trans-
formation through the concepts of CE and BA. Articulated as the Smart CE, this
represents an emerging research stream offering pathways to explore new forms of
innovative and forward-looking business models. The Smart CE address the main
research question and can be thought of as a joint research stream, or framework,
linking the fields of IS and CE. It provides a single point of reference for aligning
people, activities, and strategies between the two disciplines. To the best of the
author’s knowledge, the thesis proposes novel contributions answering several calls
for action within sustainable development, CE, and digital strategy (European
Commission, 2020a; European Commission, 2020b; European Commission, 2021).
The research was motivated by the challenge faced by firms in understanding how
DTs can support circular strategies and which BA resources and capabilities they
should develop to improve performance. The impact of this research goes beyond
contributions to research and practice; for instance, the Smart CE framework has
been used by the World Bank for policy development and makes up core parts in the
business model reports of the Circular Economy Roadmap for Germany (Circular
Economy Initiative Deutschland, 2021).

Based on an associated gap in research, a sequential mixed method research design
was employed, starting from an exploratory approach to uncover key concepts
and their relationships followed by a confirmatory study to examine effects. A
broad set of methods was used (design research methodology, literature review,
practice review of grey literature, case study, expert interview, and questionnaire)
to analyze both qualitative and quantitative cross-sectional data. In total, the
research engaged 144 firms (three for the design research method, one for the case
study, 15 in the expert interviews, and 125 in the questionnaire) from a broad range
of industries (i.e., manufacturing, service provider, consultancy, retail and consumer
goods, information technology, and energy, utilities, and resources).

The research presented in this thesis has provided a critical view of how firms can
leverage DTs for improved CE implementation and firm performance. This is done
through four main contributions of:

C1 Improved understanding of the reciprocal relationship between DTs and the
CE
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C2 A new common framework for aligning activities across the boundaries of
disciplines in the IS and CE fields

C3 New knowledge and tools for improving firms’ ability to leverage DTs for
circular strategies

C4 New knowledge and model of how BA improves firms’ CE implementation
and firm performance

While acknowledging the potential for effectively leveraging DTs for CE, this research
has also highlighted the complexity of fully realizing this potential. Transitioning
towards a Smart CE is complex, multifaceted, and requires several changes both
within and across firms. It requires researchers, practitioners, and policymakers to
develop a more holistic understanding of digital and circular developments. The
main results of this PhD thesis, essentially the Smart CE framework and associated
BA resources and capabilities, represent a concrete proposal to steer future research
and innovation towards a more digital CE.

6.1 Avenues for Future Research

The results and smart circular applications mapped in this thesis clearly outline the
pre-paradigmatic nature of this research field and the need to strengthen empirical
research through both qualitative and quantitative studies investigating the cause-
and-effect relationship between DTs and the CE. With regard to the contributions
made by this thesis, several opportunities for future research were identified:

o Further detail the process of BA gap analysis and benchmark assessment of
Smart CE maturity.

e Conduct longitudinal studies to explore firms’ development trajectories in
utilizing DTs for CE and examine the differences in firm performance between
industry sectors, countries, and the effects of environmental dynamism.

o Investigate the triad relationship between research, practice, and policymaking
in how developing countries can improve their sustainable and competitive
performance in the future digital and circular marketplace.

e Further explore the mechanisms of how BA resources are orchestrated into

capabilities and leveraged towards CE, sustainability, and performance.

Building on the rich underpinnings of the findings and the comprehensive theory
covered in this thesis, the author anticipates that these issues may hold merit in
contributing to future studies.
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6.2 Final Remarks

Companies can leverage DTs for CE in several ways. First, as the glue between
resource flows and information flows by improving data sharing and transparency
along the value chain. This allows stakeholders to work together more closely,
reducing friction and enabling resource flows to become more circular. Second, as
a catalyst for advancing existing circular strategies by revealing inefficiencies and
improvement opportunities in products, processes, and ecosystems. In other words,
transitioning circular strategies to smart circular strategies — increasing both the
efficiency and effectiveness of solutions and enabling more value to be captured.
Third, as the key to understand and unlock new ideas, strategies, solution spaces,
and ways of working in the CE. This means understanding core reasons of why and
how resources are used and introducing new business models, services, and digital
products that promote dematerialization of our economy.

Despite the potential of DTs to promote sustainable and circular offerings, en-
vironmental and social rebound effects of their implementation should be taken
into account. The pitfalls are many, including increased dispersion of electronic
materials, scarcity of rare earths minerals, energy use of data centers, and the
mounting levels of e-waste. Therefore, to counter these effects, it is important
that we do not build the digital economy next to the circular economy. We need
to make sure that the circular economy becomes digital and the digital economy
becomes circular. Only then can we truly deliver on the promises of the digital and
sustainable transition.
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This paper puts forward the Circular Strategies Scanner: a framework that introduces a taxonomy of
circular strategies developed for use by manufacturing companies engaging in circular economy (CE)
oriented innovation. Currently, a range of frameworks exists that propose a vision for how to operate in a
CE, by identifying and organising relevant circular strategies. However, these frameworks have a limited
applicability for specific business types, in particular manufacturing, and are unsuitable for use in CE
oriented innovation, due to a lacking ability to support innovation processes through: 1) creating a
comprehensive understanding of circular strategies, 2) mapping strategies currently applied and 3)
finding opportunities for improved circularity across a range of business processes. This paper addresses
these shortcomings by proposing a circular strategies framework for the manufacturing context, titled
the Circular Strategies Scanner, which provides a comprehensive set of definitions of circular strategies
and directly supports the early stages of CE oriented innovation. With this, the paper contributes to the
body of work that develops CE transition methodology.
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1. Introduction

The linear economy is frequently characterised by the presence
of structural waste: instances where components, products or
materials reach their end-of-use/life prematurely, or where their
capacity for value creation is underutilised. To address this, the
circular economy (CE) concept proposes a range of efficiency and
productivity enhancing activities collectively known as circular
strategies, such as reduce, reuse, repair, recycle, restore, cascading,
etc (EMF, 2013). In this sense, CE is an umbrella concept: it groups a
range of sub-concepts and imbues them with a new meaning by
highlighting a shared feature of the sub-concepts (Blomsma and
Brennan, 2017). This new meaning revolves around the notion
that through the application of circular strategies both more value
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can be created (EMF, 2013) as well as value loss and destruction
reduced (Murray et al., 2017).

Although CE has widely been recognised as an idea with po-
tential merit, it has yet to be widely implemented and embedded
within business and industry (Haas et al.,, 2015; Circle Economy,
2019). This is in line with the progression of umbrella concepts:
when the transformative potential of an idea has been recognised,
the attention then turns to operationalising it through frameworks,
tools, methods and approaches. This, in turn, allows for further
examination of the concept.

For CE this means that there is currently a focus on developing
CE transition methodology. This is taking place in a number of as-
pects relevant for Circular Oriented Innovation (COI) (Brown et al.,
2019), such as in business models (Bocken and Antikainen, 2019;
Pieroni et al, 2019; Rosa et al., 2019), metrics and assessment
(Kravchenko et al., 2019; Moraga et al., 2019; Saidani et al., 2019),
product design (Moreno et al.,, 2016; den Hollander et al., 2017) and
the creation of organisational capabilities such as experimentation,
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value chain innovation and other human factors (Weissbrod and
Bocken, 2017; Chiappetta Jabbour et al., 2019; Nilsson-Lindén
et al,, 2019).

Previous academic work focuses on answering ‘what’ or ‘how’ to
promote COI (Guzzo et al,, 2019; Mendoza et al., 2017). However,
supporting the early stages of COI through the establishment of a
CE vision, i.e. answering why to perform COI, has so far achieved
relatively little scholarly attention. Finding the ‘why’ for a CE
transition, requires understanding the type of structural waste in
the system, which can be accomplished with a systemic analysis
across life cycle stages and various business processes and knowl-
edge areas. This requires various actors within and across business
to define and explore problem and solution spaces together (Brown
et al,, 2019). Specifically, in COI a high-level conceptual under-
standing of CE needs to be translated into a vision that is useful and
meaningful on the level of decision making (Hoffman, 2003; Boons
and Howard-Grenville, 2009; Lindkvist and Baumann, 2014). The
importance of a shared vision in innovation projects has long since
been acknowledged (Pearce and Ensley, 2004; Bititci et al., 2004),
and it has been posited to be relevant for both inter and intra
organisational COI efforts (Brown et al., 2019).

Currently, there exists a range of frameworks that could
potentially be drawn from to support CE visioning. These take the
form of circular strategies frameworks, such as the ReSOLVE
framework (EMF, 2015), the Performance Economy (Stahel,2006),
Cradle-to-Cradle™ (Braungart and McDonough, 2002), and the
Waste Hierarchy (EC, 2008), but also the Ricoh Comet Circle™
(Ricoh, 2018), and the Seven Fronts of Mount Sustainability
(Interface, 2018). Importantly, these frameworks can be seen as the
visual representations of a vision for how to operate in a CE, since
they select, name and organise circular strategies seen as relevant,
such that their relationship becomes apparent.

However, Mendoza et al. (2017), Reike et al. (2018) and Blomsma
(2018) observed that such circular strategies frameworks can
identify or emphasise different (groups of) circular strategies,
which can be linked to addressing different types of structural
waste. As such, there is a risk that they do not include circular
strategies with transformative potential for a particular context.
Moreover, Blomsma (2018) points out that little work has been
done with regard to ensuring that frameworks are seen as relevant
and useful by their intended audiences. For these reasons, there is
scope to further develop these frameworks to support visioning in
COL. Mendoza et al. (2017), Niero and Hauschild (2017) and
Blomsma (2018) therefore call for the development of such
frameworks within academia.

This paper answers this call and addresses the question of how
to develop circular strategies frameworks such that they are rele-
vant for their intended audiences, in a manner that points to the
transformative potential of CE and that assists with unpacking the
complexity associated with COI. With this, this paper contributes to
the body of work that develops CE transition methodology, focus-
sing on the early stages of COI and engaging the affected audiences
in a transdisciplinary approach (Sakao and Brambila-Macias, 2018).

As an illustrative case, we develop a circular strategies frame-
work for manufacturing companies.! Manufacturing companies
were chosen as the focus as they are important users of materials
and energy, produce significant amounts of byproducts tradition-
ally regarded as waste, and form an important employment sector’

! We use the expression manufacturing companies to refer to secondary
manufacturing, as opposed to primary production. Moreover, these companies are
not contract manufacturers, but have a degree of control over their supply chain.

2 Sector, as used here, refers to an area of economic activity such as food, med-
icine, construction, etc. See: https://unstats.un.org/unsd/classifications/. 90

and contributor to GDP (Rashid et al, 2013). In addition,
manufacturing companies play an important role in the creation of
value to their customers and therefore have great potential to
decouple this value provision from linear resource consumption.

After clarifying the research gap in the background section and
exploring the shortfalls of current circular strategies frameworks to
support COI within manufacturing, we continue with setting out
the methodology applied in this paper. In the following sections we
present the development of the criteria used for designing the new
framework and explain the relevant details and outcomes of each
subsequent development phase. Furthermore, in section 6, we
provide an example of application of the framework in COI. We
close with a discussion of the contributions of this paper and di-
rections for further work.

2. Background and research clarification

Describing the complete landscape of circular strategies
frameworks is beyond the scope of this paper. However, here we
provide an overview of the current landscape of circular strategies
framework, through offering a typology of five classes of frame-
works. The first four classes describe a continuum where the scope
becomes increasingly smaller: (1) the macro level of industrial
systems or economies; (2) the meso level of sectors, materials and
business types; (3) the micro level of companies; and (4) the nano
level covering product (groups) (Saidani et al., 2017). The fifth level
adds the layer of (5) networked and regional approaches, through
which the other four levels are connected. See Fig. 1.

2.1. Overview of the landscape of circular strategies frameworks

Considering the landscape of current circular strategies frame-
works, a number of observations can be made that explain why
current circular strategies frameworks fall short in their capacity to
support visioning for manufacturing. First, a circular strategies
framework needs to create a comprehensive understanding of cir-
cular strategies, as relevant for the purpose (Brown et al.,, 2019) and
context (Blomsma, 2018). Think, for instance, of the difference in
the main functions of insurance and finance firms, retail and
wholesale businesses, service providers, and manufacturing com-
panies. Different circular strategies will be relevant in these con-
texts (Rashid et al.,, 2013; Johannsdottir, 2014; Upadhyay et al.,
2019).

Currently a multitude of frameworks exist on all levels of the
landscape. See for frameworks on the macro level, for example:
Allwood et al. (2011), Reike et al. (2018), Bocken et al. (2016), or
Braungart and McDonough (2002). Likewise, for meso level
frameworks for materials, see for water (WssTP, 2015) and biomass
(ECN, 2018); or fashion and textile frameworks by EMF (2017),
Inditex (2016) and Mistra Future Fashion (2018). On the micro level,
consider: Gispen's (2018) framework for circular furniture, The
10R's of Circularity by (Mitsubishi Electra, 2018), the Ricoh Comet
Circle™ (Ricoh, 2018) (first used in 1994), or the framework used by
Konecranes (2018). Likewise, on the nano level: Circular Jeans by
Levi Strauss & Co. (2015), and Re-Entry for carpet tiles (Interface,
2017). Lastly, on the networked level, consider: Ehrenfeld and
Gertler (1997); Aguinaga et al. (2018); and Pauli (2010).

A notable exception of circular strategies frameworks exists on
the meso level that apply to specific business types, in particular to
manufacturing. One exception is the ResCom framework by Rashid
et al. (2013), which targets manufacturing companies. However,
this framework is also not well suited to supporting innovation
processes, as it includes few circular strategies and contains a
limited consideration of business processes.

In addition to creating a comprehensive understanding of
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Fig. 1. Schematic illustrating the coverage of frameworks on the macro-meso-micro-nano scale, and their relationship with frameworks covering networked and regional

approaches.

circular strategies, a circular strategies framework that supports
visioning needs to both map strategies currently applied as well as
find opportunities for improved circularity for a range of business
processes from a systemic point of view. In this aspect, current
frameworks are also lacking as they are often derived or compiled
to serve as a summary or overview of a piece of (mostly theoretical)
work, as opposed to being purposefully developed for use in COI in
and with businesses (Niero and Hauschild, 2017; Kalmykova et al.,
2018; Blomsma, 2018; Sakao and Brambila-Macias, 2018). However,
to establish a vision it is important to both understand the current
situation - e.g. what is already being done towards CE, or what
capabilities provide a basis for this, as well as to identify what
opportunities are present and desirable. Current circular strategies
frameworks are not designed to capture an overview of both the
current situation and ideas for future innovation.

Another shortcoming of current circular strategy frameworks is
that they exhibit ambiguity with regards to the meaning of and
relationships between the included circular strategies, allowing the
same term to adopt multiple meanings - sometimes with radically
different outcomes from a resource perspective (e.g. whether
recycling keeps material quality on a consistently high level, or
whether it represents downcycling) - or to be rendered inappli-
cable to some contexts (Reike et al., 2018; Blomsma, 2018).

This paper addresses these shortcomings, by a) providing an
example of a process of how a circular strategies framework can be
developed for a specific business type with the ability to support
COI processes, b) proposing a circular strategies framework for the
manufacturing context, resulting in the Circular Strategies Scanner,
with ¢) an accompanying set of definitions of circular strategies
(including commonly used synonyms). In addition to this, we
provide d) an example of how such a framework can be used to
structure and guide the early phases of COI, in order to show the
relevance of visioning approaches within CE transition
methodology.

3. Methodology

Design Research Methodology (DRM) was applied for the
development of the new circular strategies framework for
manufacturing, as this method is particularly suited to the delib-
erate iteration of methods and tools (Blessing and Chakrabarti,
2009). Next, a high-level overview of the aim and activities in
each phase is provided. See Fig. 2 for an overview: more details are
provided in the sections dedicated to each respective phase. The

development of the proposed framework took place from
November 2017 to July 2019.

Research clarification - This phase, already discussed in the
previous section, served to refine the research gap and identify the
need for a framework specifically for manufacturing companies.

Descriptive study I - This phase served three goals. First, a list of
circular strategies to be included in the framework was compiled.
Second, criteria that could be used to guide the development pro-
cess of the new framework were articulated, which, third, were
used to choose an existing framework as the basis for the devel-
opment of the new framework. A series of workshops and meetings
were held for this purpose. Iterations of the strategies list, their
definitions and the framework requirements were performed
throughout the project, but are presented as a single phase for
clarity and brevity.

Prescriptive study I - A series of workshops and follow-up
meetings were held to conceptualize and develop a first version
of the circular strategies framework, as well as the corresponding
clarifications and elaborations on strategies, and the relationship
between them.

Descriptive Study II - In this phase the applicability and useful-
ness of the framework in the context of the manufacturing sector
was evaluated and improvement opportunities sought. Workshops
were performed with three manufacturing companies from the
heavy machinery, electronics and furniture sector.

Prescriptive study II - A series of meetings was held to discuss the
implementation of the improvement opportunities, based on in-
sights from Descriptive Study Il and the iterations of the Research
Clarification and Descriptive Study I phases. A second version of the
framework and a final list of strategies and their definitions were
developed during this phase.

Moreover, the approach applied was deliberately trans-
disciplinary. That is, it aimed for establishing “a common system of
axioms for a set of disciplines,” which was achieved in two ways
(Sakao and Brambila-Macias, 2018:1400), see also Fig. 2:

(1) Adopting a systemic view - In the context of (more) circular
manufacturing this means the alignment of the different
business processes, which together contribute to the creation
of circular systems. The perspectives of these processes
therefore need to be included.

(2) Inclusion of non-academic stakeholders - Creating (more) cir-
cular manufacturing systems entails affecting changes in
manufacturing companies. As such, it is important to
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Development of Circular Strategies Scanner
overview of application of the Design Research Methodology approach

O Research Clarification
Aim
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Activities related to: Workshop/ meeting:
W Transdisciplinarity type I: 3 Part of knowledge areas represented
systemic view

a Majority of knowledge areas represented

@ Transdisciplinarity type Il: )
o Iterative phase

non-academic perspective

To refine the research gap and identify the need for a framework specifically for manufacturing companies.

Main outcome

« Overview and understandin
of the current landscape an
circular strategy frameworks.

Main activities
Literature review
- Seach for existing circular
strategy frameworks.

Descriptive Study - |
Aim

Description

Main sources consulted: three publications aimed at consolidating the landscape of
circular strategy frameworks: Mendoza et al (2017), Reike et al (2017), and Blomsma
(2018). These were supplemented with web searches and knowledge present within
the research consortium. The focus was on frameworks that propose a vision for how to
operate in a CE, by identifying relevant circular strategies and that organise these
strategies such that their relationship becomes apparent. Included are both academic
frameworks, and frameworks from grey literature.

1) To compile a first version of a list of circular strategies to be included in the framework;
2) To operationalise the requirements for the new frameworks through the formulation of criteria, that can be used to guide its development;
3) Choose the best fitting existing framework as the basis for the development of the new framework.

Main outcomes

- Selection of framework by
Potting et al (2017) as basis for
further framework development.

« First iteration of criteria for
framework.

« First iteration of list of circular
strategies to be included in
framework.

Main activities
Preporatory workshop (2hr)
- inventory of circular strategies.

i—g Workshop | (2x 4hr)
o - Selection of 7 frameworks for
use as stimuli for discussion.

- Clarification of criteria for
framework.

Prescriptive Study - |

Aim
Development of the first version of the framework.

Main outcome
« First version of Circular
Strategies Scanner.

Main activities
i— Workshop - I (2hr)
¥ - Further detailing of framework.

— Cases )
- Retrospective cases to verify

framework.

Meeting Ill (2hr)
- Further detailing of framework.

Meeting IV (2hr)
- Further detailing of framework.

+ Ongoing development efforts.

Descriptive Study - Il
Aim

Description

In a preparatory workshop a preliminary list of circular strategies to be included in the
framework was compiled, as well as their definitions and relationships discussed. This
was based on the pre-existing knowledge of the researchers in the consortium. In a
follow-up workshop this was expanded upon through the use of seven frameworks that
were uncovered during the Research Clarification phase. These frameworks also served
as stimuli to articulate the criteria for the new framework, through further
characterization and analysis.

Description

The focus of this phase was on the appropriate labels for strategies and their
relationships. This was discussed until consensus was reached. The framework by
Potting et al (2017) formed the basis for these discussions. In addition to this, the
Potting et al (2017) framework was applied in nine retrospective cases. The cases
included companies that have adopted CE principles in the Nordic region (i.e. Denmark,
Finland, Norway and Sweden) and covered a broad range of sectors within the
manufacturing industry, including furniture, heavy machinery, electronics, packaging,
textile and fashion, and transport. They were identified through official reports funded
by the Nordic Council of Ministers (Nordregio 2016; Nordic Council of Ministers 2015,
2017), and in databases of industry associations (e.g.: Technology Industries of Finland,
Innovation Center Iceland). See Pieroni et al (2018) for more detail.

To gain insight into additional strategies to be added to the framework, as well as into refinements with regards to the placement of strategies on the framework.

Main activities Main outcome

2~ Company - | (heavy machinery) (2x 3hr) « Learnings for second version
\ Use ofg;amewor in of framework.

inventory & ideation workshops.
-~ Company - Il (electronics) (2x 3hr)
- Use of framework in

inventory & ideation workshops.
— Company - lll (furniture) (2x3 hr)
& - Use of framework in

inventory & ideation workshops.

Prescriptive Study - Il

Aim
To further develop the new framework and to create a second version.

Main outcomes

« Second version of Circular
StratePies Scanner.

« Afinallist of circular strategies
and their definitions.

Main activities:

‘—~ Meeting V (0,5hr)

- Further detailing of framework.

— Ongoing development efforts
- Further detailing of framework

Description

Three manufacturing companies were involved in this study. All companies were
based in the Nordic region, but ranged in size: one was a large multinational
organization and two were SME’s. The workshops were the first of a more extensive
series of engagements aimed at supporting these and other companies participating
in the CIRCit project (www.circitnord.com) with improving organisational readiness for
becoming (more) circular (see for dimensions of organisational readiness used:
www.matche.dk/). As part of this engagement the new framework was used to clarify
what strategies were already in use and which could be improved or added.

Description

A series of meetings was held to discuss the implementation of the suggested changes
to the framework, both from Descriptive Study Il and insights resulting from iterations
of the Research Clarification and Descriptive Study | phases.

Fig. 2. Schematic illustration of the approach followed for the development of the Circular Strategies Scanner.
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acknowledge the perspective of manufacturing companies in
the development of the new framework.

The first type of transdisciplinarity was implemented through
the creation of the CIRCit research consortium® to represent the
knowledge related to business model strategy, product design, and
a range of operational processes such as sourcing, manufacturing,
logistics, through-life support, digital technologies and end-of-life
operations, but also sustainability aspects and value chain
management.

The second type of transdisciplinarity was implemented
through application of the framework on retrospective company
cases, as well as applying the framework in ongoing research that is
actively supporting companies in implementing circular practices.
Furthermore, the consortium contained representatives of the in-
terests of manufacturing companies, such as industry associations.
Through this, the perspective of ‘real-world’ considerations was
added. Next, the outcomes of each phase is presented.

4. Descriptive Study I - criteria for a circular strategies
framework for manufacturing companies

This phase served to establish a foundation for the development
of the new framework. This was done in the following manner, see
also Fig. 2.

4.1. Rationale behind Descriptive Study I

Due to the lack of suitable meso level frameworks with a busi-
ness type orientation, macro frameworks were used as a starting
point with the aim to adapt their generic applicability and gener-
ative capacity for manufacturing companies. From the macro
frameworks 1) relevant circular strategies were extracted, and 2)
criteria that could be used to guide the development process of the
new framework were articulated, which 3) were used to choose the
best fitting existing framework as the basis for the development of
the new framework. In particular, seven macro level frameworks
uncovered during the Research Clarification phase were used:
Thierry et al. (1995), Parkinson and Thompson (2003), Allwood
et al. (2011), Bocken et al. (2016), Nussholz (2017), Potting et al.
(2017), and Blomsma (2018). These were included based on 1)
their range of relevant strategies for the manufacturing context, 2)
their inclusion of definitions and/or examples of these strategies
and 3) representing a broad range of approaches to classify or
organise the strategies in relation to each other. This served to have
contrasting definitions and approaches that could be discussed and
analysed.

4.2. Outcomes Descriptive Study 1

The final version of the list of included strategies, their defini-
tions and examples, which continued to be iterated throughout the
development of the framework, can be found in Table 2 (see section
7. Prescriptive study II). Here, the focus is on the five criteria for the
new framework that were developed to detail the main functions of
a circular strategies framework (create understanding of CE, map
current CE initiatives, generate ideas for increased circularity). The
criteria were iterated until they represented five clear requirements
for the development of the new framework. This section concludes
with the selection of the best fitting existing framework.

3 See for more information about the consortium: www.circitnord.com.

4.2.1. Criterion #01: A tool for inspiring, motivating and aligning
people

In innovation processes it is important to invoke relevant
frames, acknowledge cognitive principles (which involve cognitive
limits, but also principles of attention, inspiration and motivation)
and, in collaborative settings, to consider the alignment of under-
standing, mindsets and interests between different stakeholders.
Language, both visual and written, plays an important role in this: it
helps directing attention, summarising and synthesising informa-
tion from internal and external knowledge sources and it supports
orientation towards relevant aspects of the context (Biloslavo et al.,
2018; Breuer et al., 2018) and in the creation of a shared vision, also
in the context of CE (Blomsma, 2018). Therefore, in line with the
frameworks discussed above, the proposed framework should 01)
represent a complex phenomenon in an easily accessible manner in
order to inspire, motivate and align people.

4.2.2. Criterion #02: A tool for describing current situations and
identifying opportunities, both incremental & transformative

A framework suitable for use by a wide variety of manufacturing
businesses, cannot be broad in the sense of the frameworks on the
macro level, as it will lose relevance. At the same time, it can also
not be specific in the sense of the company and product frame-
works, as this would mean it is limited in its reach and impact.
However, the new framework should be suitable for describing
both current initiatives and have the capacity to systematically
explore relevant strategies and identify new opportunities. As such,
the new framework should balance the strengths of the macro and
meso level frameworks - which are generative and allow for the
exploration of alternatives, with that of the micro and nano level
frameworks - which offer greater specificity in relation to the
context in which strategies are applied. Thus, the new framework
should: 02a) balance the generation of new ideas, with that of
describing existing situations. This indicates that it is preferable to
include a diverse set of circular strategies, as opposed to high-level
aggregated groups of strategies.

Furthermore, opportunity finding needs to point to the potential
for improving existing strategies, as well as to radically different
ways of achieving goals and creating, delivering and capturing
value. This can involve the design, production and/or transport of
physical products, but it can also require a change in the business
logic and operations that changes how products are commercial-
ized and consumed. Think of the implementation of access-over-
ownership models, or radical dematerialisation through a change
in paradigm. As such, the framework should 02b) provide an
overview of the spectrum of available strategies ranging from in-
cremental to transformative. This indicates that the set of included
strategies should cover strategic as well as operational business
processes.

4.2.3. Criterion #03: A tool for facilitating alignment of changes in
business processes and capabilities

Circular strategies frameworks aimed at specific business types
need to provide insight into which business processes relevant for
that business type need to be aligned. This means, following
Allwood et al. (2011), Potting et al. (2017) and Reike et al. (2018),
that the new framework should indicate which circular strategies
may apply to which flows. In the manufacturing context, this im-
plies 03) indicating which strategies affect which business pro-
cesses and related capabilities.

4.2.4. Criterion #04: A tool for bringing together efficiency and
effectiveness strategies, and strategy configurations

Following e.g. Pauli (2010), Stahel (2006), Potting et al. (2017),
d{gike et al. (2018) and EMF (2015), we adopt the view that both
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resource-efficiency and resource-effectiveness are important in the
manufacturing context. The new framework therefore should: 04a)
explicitly include the reduction and avoidance of resource use and
impacts, as well as resource productivity strategies aimed at
continued use and value delivery.

Moreover, many manufacturing companies operate in complex
scenarios, that can be thought of as circular configurations: situa-
tions where two or more circular strategies are present (Blomsma
and Brennan, 2017; Blomsma, 2018). Think of product/service sys-
tems where direct reuse, but also repair, refurbishment and
remanufacturing are taking place, in addition to the recycling of
materials. As such, the proposed framework should: 04b) allow for
generating insight into circular configurations.

4.2.5. Criterion #05: A tool for alignment with drivers: value
creation & capture orientation

Businesses need to create and capture value to continue their
activities. It is widely acknowledged that circular strategies have
the capacity to contribute to this. However, not many current
frameworks support the identification of the type of value that can
be captured through which strategies. The new framework there-
fore needs to be aligned with the perspective of systemic value
creation and capture. Support in identifying this can enable
assessing and measuring outcomes and tracking potential de-
viations from the planned future state, which is fundamental to
transition management (Breuer et al., 2018). As such, the proposed
framework: 05) has to point to the value drivers that circular
strategies can contribute to. That is: the framework has to help
users identify relevant contributions to value creation and capture,
such as improved efficiencies, supporting optimal use during the
use phase, and value recovery opportunities, resulting in either
financial or non-financial gains within or outside the company
(Circle Economy, 2016). As these may be relevant for business
shareholders, but also suppliers and customers, the environment
and society they need to be formulated such that relevance for
these stakeholders can be easily appreciated.

Next, the seven frameworks were compared and rated on these
criteria, see Table 1. Although none have a perfect score, the
framework by Potting et al. (2017) scores the highest: it represents
a complex phenomenon in an easily accessible manner (criterion
01), contains a comprehensive set of circular strategies (criterion
02b), includes efficiency as well as effectiveness strategies (crite-
rion 04a) and points to value drivers that circular strategies can
contribute to (criterion 05). This framework was therefore chosen
as a basis for further development of the new framework, with its
relevance for different business processes and capabilities (crite-
rion 03) identified as in need of further improvement.

5. Prescriptive Study I

During this phase the first version of the new framework was
developed, through adding detail to Potting et al. (2017) as relevant
for the manufacturing business type, guided by the criteria estab-
lished in the above and the exploratory case studies (see Pieroni
et al., 2018). The focus was on the appropriate labels for strate-
gies, and how to convey the relationship between the included
strategies.

5.1. Outcomes Prescriptive Study |

The outcomes of this phase is discussed in terms of the adap-
tations of the Potting et al. (2017) framework that were made. Only
the major adaptations are elaborated upon: see for the first version
of the framework Fig. 3 and the complete set of changes Appendix
A. See for definitions and examples of individual strategies Table 2
(section 7. Prescriptive study II).

5.1.1. Major adaptations #01 and #02: Organisation of circular
strategies according to business processes, and greater specificity for
‘Reduce’

The preliminary list of circular strategies from the previous
phase was organised according to the business processes as typi-
cally found in the manufacturing context, to meet criterion #03. For
this, the process of transformation of raw materials into finished or
intermediate goods was divided as follows. First, two areas that are
related to the corporate strategy were identified: the first is
changing the paradigm of practices and was named ‘Replace,” and
the second is a reconsideration of how value is delivered, entitled
‘Rethink.” The former strategy enables radical dematerialisation
through different ways of performing functions (e.g. functional
replacement or new practices), which can be enabled by new
technologies. This strategy was renamed from Potting and col-
leagues' ‘Refuse’ (see Medium adaptation 1 in Appendix A). The
latter strategy involves new business models that are more
resource efficient, such as access-over-ownership offerings,
enabled by commercial models based on leasing, renting or pay-as-
you-go. As such, ‘Replace’ concerns the delivery of functionality
through radically different means, whilst ‘Rethink’ delivers similar
functionality through different customer relationships and which
may involve a redefinition of the functional unit.

The remainder of the framework concerns operational pro-
cesses. Potting et al.'s (2017) ‘Reduce’ was further divided to make
its application to the following operational processes explicit: ‘Raw
materials and sourcing,” ‘Manufacturing and logistics’ and ‘Product
use/operation.’ This indicates that in these phases, the focus is on
efficient use of resources and the reduction of harmful impacts.

Table 1
Comparison of the seven frameworks that were used in Descriptive Study I using the development criteria.
Criteria Bocken Allwood Parkinson and Thierry Potting Nussholz Blomsma
The new framework should: etal. et al. Thompson et al. et al. (2017) (2018)
(2016)  (2011)  (2003) (1995)  (2017)
01) A tool for inspiring, motivating and aligning people. + ++ 0 ++ ++ + +
02a) Balance the generation of new ideas, with that of describing existing situation. 0 + 0 + ++ + 0
02b) Provide an overview of the spectrum of available strategies ranging from + + 0 + ++ ++ 0
incremental to transformative.
03) Indicate which strategies affect which business processes. 0 + 0 + + 0 0
04a) Explicitly include the reduction and avoidance of resource use and impacts, as + + 0 0 ++ ++ 0
well as resource productivity strategies aimed at continued use and value delivery.
04b) Allow for generating insight into circular configurations. + ++ 0 ++ ++ + +
05) Has to point to the value drivers that circular strategies can contribute to. ++ 0 0 + ++ + ++

+++ = framework satisfies criterion very strongly, ++ = framework satisfies criterion strongly, + = framework satisfies criterion moderately, 0 = framework doesn't meet

criterion or only marginally.
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Fig. 3. The first version of the Circular Strategies Scanner.

The next two operational process areas respectively contain
various end-of-use and end-of-life strategies. The first contains the
strategies ‘Upgrade’ (see Minor adaptation 2), ‘Repair & Mainte-
nance’ (see Minor adaptation 4), ‘Reuse,” ‘Refurbish,” ‘Remanufac-
ture, and ‘Repurpose’; and the second which contains the
strategies ‘Recycle’ and ‘Recover’ (see Minor adaptation 1).

5.1.2. Major adaptation #03: Addition of the relationship between
business processes

To capture the different relationships between the strategies
(criterion 04b), a visual structure consisting of three levels has been
created: the first occupied by ‘Replace,’ the second by ‘Rethink’ and
the third by the remaining strategies. This is indicated by the
relative placement of the boxes containing the strategies and the
addition of arrows. This signals that, within the manufacturing
context, some relationships between circular strategies are of a
hierarchical nature, and some exist in the form of trade-offs and
synergies. An example of a hierarchical relationship: ‘Replace’ may
preclude the use of certain other circular strategies, when, for
instance, a physical product is replaced by a virtual service. On the
other hand, the application of ‘Rethink’ can require the support of
repair and maintenance strategies to be viable, such as in certain
product/service system offerings. As such, the application of either
‘Replace’ or ‘Rethink’ requires that the relevance of all strategies on
the levels ‘below’ should be evaluated, as their relevance may
change when these strategies are applied.

Examples of other relationships include trade-offs: the choice,
for instance, for certain durable materials such as composites may
impede recycling. In this case, a strategy that facilitates product
longevity, conflicts with recycling the material at the end-of-life. On
the other hand, certain interventions may cause cumulative or
reinforcing effects, such as choosing a renewable material that at
the end-of-life can be safely composted, allowing this single
intervention to cover two circular strategies synergistically; the
sourcing of materials that can be renewed and the ‘recovery’ of
nutrients at the end-of-life. For this reason, the strategies that
reduce impacts and that affect end-of-use/life are placed on the
same level. When considering these strategies, therefore, it should
be examined if trade-offs and/or synergies with other strategies on
this level exist.

With this structure the new framework departs from the hier-
archy that Potting and colleagues use. However, the value drivers

have been preserved and further refined, in line with the different
business processes (see Medium adaptations 2 and 3).

6. Descriptive Study II

In this phase the framework was tested in workshops within
three manufacturing businesses from the heavy machinery, elec-
tronics and furniture sectors. The aim was to gain insight into
additional strategies to be added, as well as into refinements with
regards to the placement of strategies. Moreover, this section pro-
vides an example with regards to how a circular strategies frame-
work can be used in the early stage of COL

6.1. Use of the new framework in workshops in Descriptive Study Il

With each business a two-part workshop was carried out. The
first part mapped the circular strategies currently applied within a
product or service (category). Participants were asked to prepare by
classifying their offering (products, services or PSS), and to identify
and describe the strategies currently applied. In the workshop, all
strategies were mapped onto the Scanner and discussed: the cur-
rent implementation level of the strategies, as well as their
respective affinities to the business and their resource efficiency
impact (e.g.: percentage of total sales or revenues, percentage of
sold products recovered for end-of-use/life treatment). The second
part of the workshop focused on scanning for new opportunities to
enhance or append additional strategies, through the evaluation of
the current state and the identification of gaps and improvement
hot spots. Case examples of other companies employing strategies
across the full range of strategies covered by the Scanner were used
to stimulate the discussion with participants.

In total, each workshop lasted approximately 6 h and involved
participants with diverse skills and expertise, such as marketing
and sales, services and product development, after sales and
customer services, operations, corporate social responsibility, IT,
business strategy and finance. Moreover, representatives from the
business leadership or top management participated in all work-
shops. The number of participants varied from three to ten, ac-

!jgrding to the business size.
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6.2. Outcomes Descriptive Study II

An example of the mappings created in both phases of the
workshop can be found in Fig. 4. The top part represents individual
initiatives currently applied by one of the companies (one initiative
per number). This represents current CE initiatives or current ca-
pabilities that can contribute towards increased circularity. The
bottom represents improvement areas: circular strategies that
could be improved or scaled up, or strategies that could feasibly be
added. Comparing the current state with new opportunities, it can
be seen that ideas were generated that increased the coverage of
circular strategies, some even developing into more advanced

M

pping of strateg

concepts when synergies between circular strategies were
identified.

During the workshops with the companies, the framework
functioned as a boundary object (Star and Griesemer, 1989) for
different participants to align their perceptions. That is: clarifying
the current state together allowed participants to build a common
picture of their organisations’ ongoing CE initiatives and current
capabilities, and to align their understanding of their nature and
maturity. Moreover, the shared exploration of new opportunities
helped the participants to share their perceptions of these oppor-
tunities, and set priorities for their innovation pipeline. In all cases
the visioning exercise helped to identify why and where to focus,

currently applied on the first version of framework

[ offering 5
offering6 - @ implementation level

M offering 1
[l offering 2

offering 3
M offering 4

no coverage

Opportunity finding - strategies to be added or improved

«— connected idea(s) (clusters)

107 concept or idea clusters

idea no coverage

Fig. 4. Example of how the first version of the Circular Strategies Scanner was used in a two-part workshop with one of the companies participating in the CIRCit project. One or
double letters are used per strategy: connected or grouped ideas represent closely related ideas that together constitute a new concept. Results are anonymised for reasons of

confidentiality.
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Fig. 5. The second version of the Circular Strategies Scanner.

whether in relation to the development of circular business models,
applying circular product design principles, the application of
smart technologies, the assessment of potential initiatives in rela-
tion to their sustainability impact and/or areas where collaboration
with other stakeholders needed to be sought.* As such, this
visioning exercise facilitated with the Scanner served to guide and
direct the COI process to relevant initiatives and appropriately set
the scope for these efforts early on. Direct feedback provided by
individual participants supports this. Representative responses
were “quite helpful”, “great tools” and “visualization with the
boards helped the conversation a lot.”

However, observations were made that were used to improve
the framework further. First, it was noted that efficient logistics is
relevant throughout a product's life, and not just before, during and
after manufacturing. That is: for operations extending existing life
cycles or those that extend the product life to new use-cycles and in
recovering materials for end-of-life treatment, logistics must be
cost- and carbon efficient. It should be placed in such a way to
indicate this broader relevance.

Moreover, it was observed that it is also possible to use the
sourcing stage as an opportunity to recapture waste that has
already entered the environment. The various projects around
recovering plastic from the oceans are examples of this (The Ocean
Cleanup, 2018; Plastic Oceans, 2018), and the framework should
also highlight the possibility of sourcing such materials. These ob-
servations led to the Medium adaptations 1 and 2 discussed in the

4 For more on this, see the CIRCit website (circitnord.com).

next section, see also Appendix C.

7. Prescriptive study II

The aim of this phase was to develop a second version of the
framework on the basis of the identified improvement opportu-
nities. The main activities were ongoing development efforts,
supplemented by a series of meetings held to discuss the imple-
mentation of the suggested changes stemming from Descriptive
Study II and the continued iteration of the Research Clarification and
Descriptive Study I.

7.1. Outcomes Prescriptive Study Il

No major adaptations were made, therefore the focus here is on
medium adaptations: see for the second version of the framework
Fig. 5 and the complete set of changes Appendix B. See for defini-
tions of individual strategies Table 2.

‘Logistics’ was assigned a separate layer such that it encom-
passes all the operational process areas. In addition to this and in a
response to additional sources considered, ‘Energy’ was added as a
layer encompassing all circular strategies (Cullen, 2017; Mestre and
Cooper, 2017). That is: circular strategies should be considered with
the intent to reduce overall energy consumption, and the use of
clean(er) and renewable sources wherever possible.

Moreover, the heading ‘Reduce impacts’ was changed to
‘Restore, reduce & avoid’ to more fully reflect the range of strategies
relevant for raw materials and sourcing, manufacturing, and

g)foduct use and operation. Also, more detail was added to the
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Overview of the definitions of the circular strategies as used in the Circular Strategies Scanner.

Strategies included in the Circular Strategies Scanner (further developed from Potting et al., 2017)

Driver

Enable smarter business concepts through striving
for full decoupling.

Enable smarter business concepts through business
model innovation for circularity. Products tend
to not radically change, although the technology
can evolve.

Prevent excess, improve efficiency and aim
for ‘gentani’, improve circularity potential.

Strategy
Synonyms

Reinvent
Refuse

Rethink & rec

Area of application or sub category

Recirculation strategy & synonyms

Definition (specifics)

e Example practice(s)/specifics

The paradigm

Make physical products redundant by offering the same function or combined functions,
usually enabled by radically different product, technology or both (Potting et al., 2017).

e The ‘bring-your-own’ movement facilitates replacing such single use items such as
coffee cups.

Music and video streaming services negate the need for data carriers such as CDs and
DVDs.

Multi-functional devices such as smart phones combine the functionality of multiple
devices (camera, GPS, phone, calculator, alarm clock, sound system, computer) in a
single device.

Revolution
Replace

Restore, reduce
& avoid

Multi-flow offering — cascade materials, parts & products

Extend the life of materials or products in a manner that exploits their residual value and

becomes a significant part of the offering of the business. May involve providing new forms

of value (Bocken et al., 2016).

e Leesmap (magazine subscription where the price decreases with the age of the
magazines).

e British Sugar (from the core-business of sugar, to also selling many different co-
products).

Long life products — through- life support

Extend the life of products through offering support during their lifetime (Tukker, 2004).

e Provision of maintenance, offering of repair services, or sales of spare parts.

Access or availability — incl. shared use

Satisfying user needs without transferring ownership of physical products. Instead, user or

consumer pays for access to the product for a certain period of time (Tukker, 2004).

o Bike or car sharing services (e.g. Bycyklen in Copenhagen, Santander Cycles in London,
and many other cities around the world; Drive Now, Green Mobility, Zipcar,
Blablacar).

o Clothing rental and subscriptions (e.g. Rent the Runway, Vigga, Mud Jeans).

Result & performance — service, not product

The provider of the service delivers an outcome for the customer (Tukker, 2004).

e Performance contracts (Rolls Royce - Power by the Hour).

Raw materials & sourcing

Improve circularity potential and efficiency in the sourcing process (Mestre and Cooper,

2017).

Sourcing of renewables.

Sourcing of recyclable materials.

Secondary sources (recycled materials, Industrial Symbiosis, other cascades).

Restorative sourcing (Use former ‘wastes’ as input: Landfill re-mining or using ocean

plastics).

Use of non-toxic or benign materials (to facilitate re-absorption in natural cycles).

Use the lowest suitable grade of materials suitable (Reserve the highest-quality re-

sources for the most demanding task, and use used resources further down the chain).

Manufacturing

Improve circularity potential and process efficiency in product manufacture through

consuming fewer natural resources or energy, aim for ‘gentani’ (the absolute minimum input

required to run a process) (Potting et al., 2017).

e Lean manufacturing & cleaner production (use less energy and materials, treat

wastes, etc).

Rework (pre-user refurbishment or remanufacture).

Recycle (pre-user recycling).

Cascade (find uses for manufacturing waste: internally/at other facilities (Industrial

Symbiosis)).

Recover (energy recovery, or recovery of biological nutrients).

Product use & operation

Improve circularity potential and efficiency in product use and operation through wiser use

and operation of products (usually enabled by digital technologies), and aim for ‘gentani’

(the absolute minimum input required to run a process) (Potting et al., 2017; Reike et al.,

2018).

e Enable product longevity through high product integrity and robustness.

o Use idle product capacity (historical usage data can be used for improvements such as
better scheduling (of downtime), and (give insight into the possibilities for) pooled or
shared use).

o Low consumables of energy, water and materials during product use and operation.

Logistics

Improve process efficiency in logistics operations, aim for ‘gentani’ (minimum input into a

process (GreenBiz, 2014)

e Combine forward & return logistics.

e Incentivize eco-friendly driving and transport.

e Minimise, reuse or recycle (transit) packaging.
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Table 2 (continued )

Strategies included in the Circular Strategies Scanner (further developed from Potting et al., 2017)

Driver Strategy

Extend existing use cycles with the purpose of Recirculate
capturing (residual) value or to reduce value
loss from continued use of parts and products

Extend to new use cycles with the purpose
of capturing (residual) value or to reduce
value loss from continued use of parts
and products.

Effective application Recirculate
in end-of-life of materials
with the purpose of capturing (residual) value

or to reduce value loss from continued

use of materials.

Energy

Improve energy efficiency and use clean(er) sources of energy (Cullen, 2017; Mestre and

Cooper, 2017).

o Use less energy

e Renewable energy

Area of application or sub category

Recirculation strategy & synonyms

Definition (specifics)

o Example practice(s)/specifics

Parts & products

Upgrade — Update, modernize, renew, retrofit, rebuild, overhaul, revive.

Extend existing use cycle by adding value or enhancing the function of a product in respect to

previous versions (Parkinson and Thompson, 2003; Potting et al., 2017).

e Aesthetic upgrades (i.e. changing the coat or sleeve of a product due to a new
preference).

e Functional upgrades (i.e. software upgrades, hardware upgrades).

Repair & maintenance — Corrective, condition based, predictive and prescriptive

maintenance

Extend existing use cycle by countering wear and tear, and correcting faulty components of a

defective product/part to return it to its original functionality. ((Partial) disassembly

envisioned, limited warranty may be issued). (Thierry et al., 1995; Stahel, 2006).

o Providing a product with a service, which may involve the lubrication of critical parts,
checking fasteners, the tension of chains and cables, the replacement of worn-out
parts, etc.

o Repair may involve the restoration or replacement of faulty parts and components.

Reuse — As-is reuse, redistribution, product cascading, minimise.

Extend to new use cycle by reusing a part/product (discarded/not in use) that is still in good

condition and can fulfil its original function in a different use context (new customer/user).

(May involve a minimum amount of condition monitoring such as cleaning or repackaging.

No warranties are provided and no disassembly is involved.) (Saavedra et al., 2013)

o Selling used goods on platforms such as E-bay,

e Return and resale of second hand goods through stores, such as Patagonia and
Bergans.

e The xStorage Home system (by Nissan and Eaton) gives old lithium-ion batteries from
Nissan Leaf a second life inside of homes and businesses as backup and solar storage
batteries.

Refurbish — Recondition, retrofit, refresh, remodel.

Extend to new use cycles by returning a part/product (discarded/not in use) to a satisfactory

working condition that may be inferior to the original specification. (This may involve:

cleaning, repairing, resurfacing, repainting, re-sleeving. Partial disassembly envisioned*. In
the case of traditional product sales, a warranty for all major parts may be issued (less than

the newly manufactured equivalent)). (Ijomah, 2002, 2009; Saavedra et al., 2013).

o For example: taking in relatively modern, but disused white goods and performing
repairs and/or replacing lost parts and finding new users for the refurbished
products (e.g. Norsk Omburk).

Remanufacture — Rebuild, overhaul, remake.

Extend to new use cycles by returning a product (discarded/not in use) to at least Original

Equipment Manufacturer (OEM) performance specification and quality. (Usually more

rigorous and costly than refurbishment and involves total disassembly and reassembly. In

the case of traditional product sales, a warranty that is at least equal to that of a newly

manufactured equivalent may be issued). (ljomah, 2002, 2009; Saavedra et al., 2013).

e Renault engine blocks

Repurpose — Alternate use.

Extend to new use cycles by using a product (discarded/not in use) or its parts for different

functions (Potting et al., 2017; Reike et al., 2018).

e Marsk providing containers to fit housing purposes in Copenhagen Village.

e Using product packaging as storage or glassware (Nutella, Douwe Egberts).

Materials

Recycle

Extend material lifespan by processing them in order to obtain the same or comparable

quality (Allwood et al., 2011).

e Can-to-can recycling in beverage cans.

o Chemical recycling of nylon.

Cascade — Downcycling, upcycling.

A subsequent use that significantly transforms the chemical or physical nature of the

material (Sirkin and Ten Houten, 1994).

o Repurposing of used clothing as an insulation material.

e Used coffee grounds from coffee shops processed into biofuel, as medium for
cultivation of edible mushrooms, for use in beauty products, etc.

Recover

Recover energy or nutrients from composting or processing materials. (Reike et al., 2018).

o Incineration, pyrolysis or anaerobic digestion (recovery of energy).

o Composting (recovery of biological nutrients).
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Table 3

Overview of the improvements that the new framework makes in relation to the framework by Potting et al. (2017) that was used as a basis for its development.

Criteria Potting Circular Strategies Summary of improvements that were realised
The new framework should: etal.(2017) Scanner - v2.0
01) A tool for inspiring, motivating and aligning people. ++ +++ Improved capacity to serve as a boundary object where stakeholders can
clearly identify their (influence on) activities, and see the applicability and
relevance of circular strategies (see also the criteria below).
02a) Balance the generation of new ideas, with that of ++ +++ The Scanner can directly and without transformations be used as a tool for
describing existing situation. mapping the circular strategies that are present in a situation, as well as for
exploring what strategies can be improved or added (see section 6).
02b) Provide an overview of the spectrum of available ++ +++ The Scanner groups circular strategies according to their potential for
strategies ranging from incremental to transformative. change in circularity levels. Strategies that can be thought of as having
potential for incremental change are grouped under Restore, reduce &
avoid; strategies that aim for higher levels of circularity through business
model innovation are grouped in Rethink & reconfigure; and strategies
that radically transform both business and user practices and achieve
radical decoupling are placed in Reinvent.
03) Indicate which strategies affect which business + ++ The circular strategies in the Scanner are organised according to the
processes and related capabilities. business processes they apply to. Reinvent and Rethink & reconfigure
represent groups that affect business strategy, and the remaining groups
respectively affect operational processes, ranging from raw materials and
sourcing, manufacturing, product use and operation, to the recirculation of
parts and products, and materials.
04a) Explicitly include the reduction and avoidance of ++ +++ The Scanner covers a wider range of circular strategies, giving a more
resource use and impacts, as well as resource comprehensive overview of circular strategies that aim for the reduction
productivity strategies aimed at continued use and value and avoidance of resource use and impacts, as well as those that improve
delivery. resource productivity strategies.
04b) Allow for generating insight into circular ++ +++ The Scanner implements a means of systematically exploring connections
configurations. between circular strategies, through organising them in three ‘levels’ that
indicate their relationship. This relationship can be bi-directional: e.g. a
change in circular strategies in Restore, reduce & avoid may impact the
circular strategies in Recirculate and vice-versa; or it may may be a
unidirectional relationship where a change in Reinvent requires the
reexamination of the relevance of circular strategies in Rethink &
reconfigure, or where a change in Rethink & reconfigure requires a
reconsideration of the strategies applied in Restore, reduce & avoid.
05) Has to point to the value drivers that circular strategies ++ + Each group of circular strategies in the Scanner is clearly linked to a value

can contribute to.

driver that aids its users in identifying relevant contributions to value
creation and capture, such as improved efficiencies, supporting optimal use
during the use phase, and value recovery opportunities, pointing to
opportunities for either financial or non-financial gains within or outside
the company.

+-++ = framework satisfies criterion very strongly, ++ = framework satisfies criterion strongly, + = framework satisfies criterion moderately, 0 = framework doesn't meet

criterion or only marginally.

visual representation of the framework, which entailed the addi-
tion of suggested strategies in this area (see Minor adaptation 2).
These strategies are meant to be inspirational, rather than
exhaustive. In some cases this resulted in allocating strategies to
multiple places in the framework, which is in line with Potting et al.
(2017) and Reike et al. (2018). Recycling, for instance, can be found
in both the category Restore, Reduce and Avoid, as well as in the
category Recirculate - Materials. This reflects the fact that pre- and
post consumer recycling can take place. Similarly, cascading, or
industrial symbiosis can take a variety of different forms: as a
sourcing strategy, as a way of valorise manufacturing waste, but
also as an end-of-life strategy for materials. These multiple occur-
rences are also due to departing from the hierarchical structure
used by Potting et al. (2017) (see also section 5. Prescriptive Study I).
For clarity descriptors have been added to signal the specific
application of a strategy (see Minor adaptation 3).

Similarly, detail was added to the Rethink & Reconfigure cate-
gory to clarify the framework's relationship with business models
aspects. Two sources were consulted for this: Bocken et al. (2016)
and Tukker (2004), chosen because of their seminal importance
in the CE field (Pieroni et al., 2019) These respective typologies were
synthesised into four main categories that cover circular business
model strategies available to manufacturers and that represent a
fundamental change to the logic of how such a business operates:
‘Multi-flow offering,” ‘Long-life products,’” ‘Access or availability,’
and ‘Result and performance.’ This, as opposed to including

100

strategies that are more appropriately thought of as supporting
operational strategies such as efficiency and encouraging
sufficiency.

8. Discussion

The Circular Strategies Scanner illustrates how to support
visioning in COI processes, through supporting the explication of
CE, mapping current CE initiatives, and generating ideas for
increased circularity. With this, the framework of Potting et al.
(2017) was significantly improved upon for the manufacturing
context, see Table 3.

A strength of using the Scanner in COl is that it provides a way of
systematically exploring circular strategies. It thus provides guid-
ance in identifying what business areas eco-innovation for CE is
possible or necessary. For instance, when improved recycling is
identified as an opportunity, the Scanner indicates that other cir-
cular strategies in the operational areas of raw materials and
sourcing, manufacturing, product use and operation, and the
recirculation of parts and products may be affected. Such impacts
may be synergistic and result in increased overall circularity (e.g.
the choice to change to a recyclable material to enable end-of-life
recycling also enables recycling of waste within the
manufacturing process), or they may take the form of trade-offs
and require additional management or development for resolving
them (e.g. changing to a recyclable material negatively affects the
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technical longevity of a product). Further work could focus on
providing additional guidance with regards to how to systemati-
cally identify synergies and trade-offs.

Application of the Scanner furthermore strengthens the
connection between eco-innovation and CE, by linking it with
transformative innovation (de Jesus et al., 2018). It does this in two
ways in COI processes. First, due to possibilities uncovered in the
operational area, it can trigger a re-evaluation of the value gener-
ation architecture. Second, when the value generation architecture
is the starting point, the Scanner indicates that the role of the cir-
cular strategies on the operational level need to be revisited as their
relevance may increase or diminish depending on the context. In
both cases, the Scanner invites a reconsideration of the system the
manufacturing company is attempting to transform and links cir-
cular strategies together in circular configurations: situations
where two or more circular strategies work together (Blomsma
et al., 2018).

The range of sectors used for the validation efforts - heavy
machinery, electronics and furniture - points to the broad appli-
cability of the Scanner for manufacturing companies from different
sectors. However, the framework could be further strengthened by
validation with a wider set of manufacturing companies, including
those that (also) operate within the biocycle, or that provide
dissipative products (e.g. paints, lubricants, cleaning agents and
other chemicals).

Further work should address how the Scanner can be linked to
the assessment of (combinations of) circular strategies and
different implementation scenarios, such that in the early stages of
innovation processes the impact on economic, environmental and
social systems can be evaluated and actions implemented to
minimise negative impact and maximise positive impact. It could
furthermore be explored whether the framework has potential to
address the lack of a common understanding between value chain
actors, which is perceived as an obstacle for the implementation of
CE (Machacek et al., 2017; Lapko et al., 2018). In addition to using
the Scanner by itself, there is also a need for understanding how
different classes of circular strategies frameworks (e.g. macro,
meso, micro, nano, networked) can best be used together.

9. Summary and conclusion

With this paper, we have contributed to the development of
support tools for CE oriented innovation, or COI and to enable the
translation of the CE concept in practice by creating support for
visioning for CE. The contribution of this paper is four-fold: a) it
provides an example of a process of how a circular strategies
framework can be developed for a specific business type with the
ability to support COI processes, b) it proposes a circular strategies
framework for the manufacturing context, with c¢) an accompa-
nying set of definitions of circular strategies, and d) it provides an
example of how such a framework can be used in the early stages of
a COI process. Next, it will be discussed how each goal was achieved
and what the implications are for academia and industry.

In support of the first goal - to provide an example of the
development of a circular strategies framework - this paper used
the lens of Design Research Methodology (Blessing and
Chakrabarti, 2009). This answered the call for the more deliberate
and systematic development of circular strategies frameworks that

are fit for purpose, voiced in Niero and Hauschild (2017) and
Blomsma (2018). With manufacturing companies as the focus, it
provided an example of how academia and industry can work
together following a transdisciplinary approach (Sakao and
Brambila-Macias, 2018) in developing resonant frameworks for
specific audiences. The systematic development approach followed
in this paper can be adapted and further expanded upon for other
business types or other innovation contexts.

The second goal was achieved through the provision of the
Circular Strategies Scanner. This framework can be used as a tool in
COI and provides practitioners in manufacturing with a way of
contextualising the CE concept, mapping current CE initiatives, and
generating ideas for increased circularity. The third contribution,
the set of circular strategies definitions included in the framework,
served to support the consolidation of CE terminology and bringing
academic and practitioner terminology closer together (Reike et al.,
2018; Meste and Cooper, 2017; Kalmykova et al., 2018). This was
achieved through drawing on both academic and practitioner
perspectives with regards to these definitions in the development
process. Together, these two points mean that an important itera-
tion on the framework provided by Potting and colleagues was
made, which brings more precision to the framework and which
customises it for the manufacturing context. With this, the frame-
work has been transformed from analytical framework into an
innovation tool.

The fourth goal was achieved through illustrating how the Cir-
cular Strategies Scanner can be used in the early stages of a COI
process to create a shared vision. The examples provided are of its
application within businesses (see section 6). As well as with these
companies, the Scanner was used with the other manufacturing
companies participating in the CIRCit project. Specifically, it was
used in the early stages of the action research, which allowed for a
clear vision to be developed and establishing a clear direction for
the work that followed, as it clarified with what aim different
business activities relevant for COI needed to be deployed, whether
this involved sustainability assessment, business model innovation,
product design, digital technology strategies, the creation of take-
back systems or value chain design.

Equally the Scanner could be applied across businesses, but also
between business and academia, and beyond. In these contexts, the
Scanner can serve as a boundary object where the stakeholders can
clearly identify their activities or influence on different business
processes across the life cycle, also enabling the comparison of CE
initiatives and sharing of best practices.
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Appendix A

This overview explains which changes were made to the Potting et al. (2017) framework in order to adapt it to the manufacturing context. It gives a complete overview of the major,

medium and minor adaptations.

Overview of changes to adapt the Potting et al. (2017) framework for the manufacturing context

Circular

Semarter
product
useand

Adapted into:

Useful
application|
of materials|

Linear
economy

raw materials

#sourcing g REFURBISH

REP/ & M ITENANCE
[ 'REPU i

RECYCLE

Major adaptations - changes in the structure of the framework

# In Potting et al. (2017);

1 Circular strategies organised hierarchically: ranging from those that are considered
more linear to those that are increasingly more circular.

2 ‘Reduce’ presented a single high-level strategy.

First version of Circular Strategies Scanner:

Circular strategies are organised according to the business functions they apply to, in five main areas: Replace,
Rethink, Reduce Impacts and two other operational process areas respectively containing end-of-use and end-of-
life strategies

Specified into ‘Reduce impacts’ and the sub-categories of ‘raw materials & sourcing,” ‘manufacturing & logistics,"
and ‘product use/operation.”

A visual structure consisting of three levels has been created to indicate the relationship of circular strategies,
through the relative placement of the boxes containing the strategies, and the addition of arrows.

Medium adaptations - changes to the sub-groups or categories of the framework
Inclusion of Refuse at the top of the hierarchy.

2 Contains the value driver: “Smarter product use and manufacture” for Refuse,
Rethink and Reduce.
3 Contains the value driver: “Extend lifespan of products and parts” for Reuse, Repair,

Refurbish, Remanufacture and Repurpose.

In the Circular Strategies Scanner, this strategy is understood as consisting of two sub-strategies and it was
therefore split in two: Refuse (to abandon a practice altogether) and Replace (see Table 2). Refuse was
subsequently not included in the framework, due to this framework targeting companies (see also Discussion
section).

To refine this further, this value driver was split into “dematerialise/combine functions” for Replace, “function &
value proposition to market” for Rethink, and “improve circularity potential and efficiency” for Reduce Impacts.
To refine this further, this value driver was split in two to align with the end-of-use and end-of-life groupings as
in line with Potting. As a result, Upgrade, Repair & Maintenance and Reuse are assigned the driver “Extending
existing use-cycle,” and Refurbish, Remanufacture and Repurpose are assigned the driver “Extending to new use-
cycle.”

Minor - in labels, itions and the order of circular strategies

1 Inclusion of Recover, as a strategy that refers to energy recovery through incineration,
anaerobic digestion, pyrolysis.

2 —

3 Reuse comes before Repair in strategy order.

4 Includes Repair as a circular strategy.

The definition of Recover has been expanded to also include the recovery of biological nutrients and as such also
covers such strategies as composting.

Upgrade was added to the framework to make explicit evolving quality and performance requirements of
products.

The order of Reuse and Repair was reversed, as Reuse that involves mere redistribution of products will —
theoretically — maintain value to a higher degree with less added investment of resources, than redistribution
that is also combined with repair activities.

Repair was extended to also include maintenance, which is a common terminology in companies, and as such is
indicated as Repair & Maintenance in the framework.
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Appendix B

This overview explains which changes were made to the first version of the framework in order to develop the second and final version. It gives a complete overview of the

medium and minor adaptations. No major adaptations were made at this stage.

Overview of changes to refine the 1st version of Circular Strategies Scanner and develop the 2nd version

RETHINK
e delivry

RETHINK & RECONFIGURE

- RESTORE, REDUCE & AVOID
[ RepalR amaNTENANCE ] Further
R refined
‘wiouang | &l
into:

Medium adaptations - changes to the sub-groups or categories of the framework

# First version of framework
1 The process of Logistics featured alongside Manufacturing.
2 -

3 Featured the strategy Reduce Impacts.
4
5 No detail provided regarding Rethink & Reconfigure.

6 No explicit place for product and process design.

Logistics is assigned a separate area in the framework, to better reflect that it covers all the operational process areas.

Energy was added as a relevant layer. That is: circular strategies should be considered with the intent to reduce overall energy
consumption, and use clean(er) and renewable sources wherever possible.

Label of strategy was changed to Restore, Reduce and Avoid to more fully reflect the range of strategies relevant for raw materials
and sourcing, manufacturing and product use and operation.

Explicit addition of relevant strategies in Restore, Reduce & Avoid.

Such as restorative sourcing (i.e. re-mining from landfill or using ocean plastics), lean and cleaner production practices and using
idle product capacity. Cascade was also included: it can occur as Industrial Symbiosis and either as a secondary source sourcing
strategy, or as a way of managing the co- and byproducts from manufacturing.

To clarify the framework's relationship business models aspects, detail was added to the Rethink & Reconfigure category. This
was done by drawing on Bocken et al. (2016) and Tukker's (2004) and adding the four main categories of Multi-flow offering,
Long-life products, Access or availability, and Result and performance.

Product and process design are explicitly acknowledged by including them as box between Rethink & Reconfigure and the
operational process of Restore, Reduce & Avoid and the Recirculate parts, products & materials.

Minor -
1 Value drivers largely based on Potting et al. (2017).

in labels, iti and the order of circular strategies

Value drivers were further refined: for Reinvent it was changed to “strive for radical decoupling,” and for Rethink to “aim for
business innovation for circularity,” and for Restore, Reduce and Avoid, to “prevent excess, improve efficiency and aim for
‘gentani’ and improve circularity potential.”

2 Visual structure consisting of three levels has been created to indicate the relationship ~ Visual layering emphasised through depicting it using the visual metaphor of physical layers, which takes the form of drop

of circular strategies, through the relative placement of the boxes, and the addition
of arrows.

3 No indication of hierarchy of end-of-use and end-of-life strategies

4 Headings only applied for Replace, Rethink and Reduce Impacts.

5 —

7 Featured the strategy label Replace.

8 Featured the strategy label Rethink value delivery.

shadows and arrows to indicate the relationship between the process areas. Hierarchical relationships indicated by a single
arrow, trade-offs and synergies by bi-directional arrows.

Arrows were added to indicate the (theoretically) preferred application order of these strategies.

For consistency, all five process areas are given headings. End-of-use processes are titled Recirculate — parts & products and end-
of-life processes are titled Recirculate — materials.

Cascade was added to Recirculate — materials. This adds the distinction between recycling — i.e. those processes that keep
material circulating at or near virgin levels of performance, and cascades — i.e. those processes that extend the life of materials
through allowing for reduction or redefinition of performance characteristics.

Addition of descriptors to strategies to aid in clarifying the type of application. For example: recycling can take place at the
manufacturing stage, where it involves re-entering waste from the manufacturing process back into the process: pre-user
recycling. It can also take place post-user at the Recirculate — materials stage, in the form of chemical or physical (mechanical)
recycling.

Replace was changed to Reinvent - strive for full decoupling, to prevent confusion in relation the replacing harmful chemicals with
less harmful or benign ones. Moreover, this term better conveys the transformative nature of this strategy.

Changed to Rethink & e value i i e
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ARTICLE INFO ABSTRACT

Keywords: Digital technologies (DTs), such as the Internet of Things (IoT), big data, and data analytics, are considered essential
Digital circular economy enablers of the circular economy (CE). However, as both CE and DTs are emerging fields, there exists little systematic
Dﬁgita“za“o“ guidance on how DTs can be applied to capture the full potential of circular strategies for improving resource efficiency
Circular economy and productivity. Furthermore, there is little insight into the supporting business analytics (BA) capabilities required to
f;;zl:;;b;gy accomplish this. To address this gap, this paper conducts a theory- and practice-based review, resulting in the Smart CE

framework that supports translating the circular strategies central to the goals of manufacturing companies in con-
tributing the United Nation’s (UN) 12th Sustainable Development Goal, that is, “sustainable consumption and pro-
duction,” into the BA requirements of DTs. Both scholars and practitioners may find the framework useful to (1) create
a common language for aligning activities across the boundaries of disciplines such as information systems and the CE
body of knowledge, and (2) identify the gap between the current and entailed BA requirements and identify the
strategic initiatives needed to close it. Additionally, the framework is used to organize a database of case examples to

Big data analytics

identify some best practices related to specific smart circular strategies.

1. Introduction

The concept of circular economy (CE) has gained momentum among
businesses, policymakers, and researchers by virtue of its potential to con-
tribute to sustainable development (Geissdoerfer, Savaget, Bocken, &
Hultink, 2017; Ghisellini, Cialani, & Ulgiati, 2016) through a range of ef-
ficiency- and productivity-enhancing activities collectively known as cir-
cular strategies (EVF, 2013). For instance, consider circular strategies such
as reduce, reuse, repair, recycle, restore, and industrial symbiosis.

For two reasons, the CE holds potential to contribute to multiple UN
Sustainable Development Goals (SDGs) (Schroeder, Anggraeni, &
Weber, 2019). First, the CE proposes that negating or reducing struc-
tural waste decreases the demand for virgin finite material. That is,
through the application of circular strategies, the otherwise underused
capacity of resources’ can be applied to deliver value (EMF, 2015,
2015). Second, the CE promotes moving away from using the natural
environment as a “sink” to dump used resources (Irani & Sharif, 2018).
The CE is attributed with the ability to avoid, reduce, and negate value
loss and destruction through, for instance, lower emissions, reduced
pollution levels, and loss of biodiversity and habitats associated with
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resource extraction (EMF, 2013; Kumar & Putnam, 2008).

For these reasons, CE practices are strongly linked to SDG 12 (re-
sponsible consumption and production) and can have an additional bene-
ficial impact on related goals, such as SDG 6 (clean water and sanitation),
SDG 7 (affordable and clean energy), and SDG 15 (life on land) (Schroeder
et al., 2019). Given the strong link with SDG 12 and the importance of
manufacturing companies for this SDG, our study focuses on the manu-
facturing industry and the reduction of structural waste through improved
resource management. At present, the adoption of circular strategies in
industry is somewhat modest (Circle Economy, 2020; Haas, Krausmann,
Wiedenhofer, & Heinz, 2015; Planing, 2015; Sousa-Zomer, Magalhaes,
Zancul, & Cauchick-Miguel, 2018). Moreover, this also holds true for
manufacturing firms; although they play a vital role in the creation of value,
there are few improvements to decouple from the linear consumption of
finite resources (Sousa-Zomer et al., 2018). There are multiple reasons for
this. First, the CE is an emergent concept, implying lack of tools for con-
ducting CE-oriented innovation, or circular-oriented innovation (COI)
(Blomsma & Brennan, 2017; Brown, Bocken, & Balkenende, 2019). Second,
the link between CE and possible enabling digital technologies (DTs) is not
yet well established (Alcayaga, Wiener, & Hansen, 2019; Jabbour, de Sousa

E-mail addresses: eivind.kristoffersen@ntnu.no (E. Kristoffersen), fenna.blomsma@uni-hamburg.de (F. Blomsma), patrick.mikalef@ntnu.no (P. Mikalef),

jingyue.li@ntnu.no (J. Li).

1 Here, we refer to physical resources such as materials, components, and products.

https://doi.org/10.1016/j.jbusres.2020.07.044

Received 30 August 2019; Received in revised form 24 July 2020; Accepted 25 July 2020

Available online 25 August 2020

0148-2963/ © 2020 The Author(s). Published by Elsevier Inc. This is an open accesslqygle under the CC BY license

(http://creativecommons.org/licenses/BY/4.0/).



E. Kristoffersen, et al.

Jabbour, Sarkis, & Godinho Filho, 2019; Jawahir & Bradley, 2016; Nobre &
Tavares, 2017; Okorie et al., 2018).

Digital technologies could be critical enablers of CE by tracking the flow
of products, components, and materials and making the resultant data
available for improved resource management and decision making across
different stages of the industry life cycle (Antikainen, Uusitalo, & Kivikyto-
Reponen, 2018; Bressanelli, Adrodegari, Perona, & Saccani, 2018b; EMF,
2019, 2016; European Commission, 2020a, 2020b; Lacy, Long, & Spindler,
2020; Nobre & Tavares, 2017; Pagoropoulos, Pigosso, & McAloone, 2017).
As such, DTs can play an important role in positioning information flows that
enable resource flows to become more circular. For instance, the Internet of
Things (IoT) can enable automated location tracking and monitoring of
natural capital (EMF, 2016). Big data facilitates several aspects of circular
strategies, such as improving waste-to-resource matching in industrial sym-
biosis systems via real-time gathering and processing of input-output flows
(Bin et al., 2015; Low et al., 2018). Moreover, data analytics (simply known
as analytics) can serve as a tool to predict product health and wear, reduce
production downtime, schedule maintenance, order spare parts, and opti-
mize energy consumption (Conboy, Mikalef, Dennehy, & Krogstie, 2020;
Lacy et al, 2020; Porter & Heppelmann, 2014; Shrouf, Ordieres, &
Miragliotta, 2014). These examples illustrate that DTs’ contribution to the CE
include a range of circular strategies and business processes: from recycling
to reuse, and designing new offerings to managing maintenance.

Although there are real and theorized examples of information flows
enabling circularity, there remains a gap between the expected, and largely
unrealized, potential to use DTs to leverage circular strategies (Nobre &
Tavares, 2019; Pagoropoulos et al., 2017; Rosa, Sassanelli, Urbinati,
Chiaroni, & Terzi, 2020). So far, the answers to questions such as in what
areas and in which ways, DTs support for implementing circular strategies for
manufacturing companies have been insufficiently systematized. However,
there is lack of support for improving the existing and new ways in which
DTs can support the CE through smart circular strategies (Kristoffersen,
Aremu, Blomsma, Mikalef, & Li, 2019; Kristoffersen et al., 2020). A Gartner
survey of 1374 supply chain leaders supports this premise. The results show
that 70% of the respondents are planning to invest in the CE; however, only
12% have so far linked their digital and circular strategies (Gartner, 2020b).
In other words, there is lack of guidance on how to leverage DTs to max-
imize resource efficiency and productivity for a specific circular strategy.

This paper addresses this gap by linking the two emerging fields of DTs
and the CE and developing the Smart CE framework, which establishes a link
between DTs and resource management through an integrative model based
on maturity thinking. The framework provides detailed understanding of
the relationship between DTs and the CE through technical mechanisms and
business analytics (BA) capabilities. It allows assessment of the current and
future smart circular strategies with their associated and target level of
maturity, and provides guidance on how to leverage DTs to maximize re-
source efficiency and productivity for a specific circular strategy. This will
enable practitioners and academics to develop and implement roadmaps
through BA gap analysis, find new opportunities for innovation through
examples of best practices, and align people across the boundaries of dis-
ciplines. Existing digital CE frameworks present techniques to understand
these two fields, mainly by summarizing high-level integrative strategies,
enablers, and barriers. However, none provide the necessary support to
systematically search, analyze, and advance such strategies, as presented
within the Smart CE framework.

The rest of the paper is organized as follows. Section 2 details the
gaps identified in applying DTs in the CE. Section 3 explains the study
design, that is, the conduct of literature and practice reviews central to
this research. Section 4 presents the proposed Smart CE framework and
real-world examples collected from the practice review. Next, Section 5
discusses the practical implications and limitations of the research.
Section 6 summarizes and presents the conclusive remarks.

2. Background

This section presents the definitions of the key constituents of PTp
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next, we highlight the difficulties in leveraging them for manufacturing,
focusing on their role in CE. Lastly, we articulate the scope of this paper
and the associated research objectives.

2.1. Digital technologies in manufacturing

The term digital technologies encompasses several related technological
trends such as IoT, big data, and data analytics. Furthermore, DTs, also
known as Industry 4.0 (Kagermann, Helbig, Hellinger, & Wahlster, 2013;
Lasi, Fettke, Kemper, Feld, & Hoffmann, 2014; Liao, Deschamps, Loures, &
Ramos, 2017), are transforming operations management in fields such as
automation and industrial manufacturing, supply chain management, agile
and lean production, and total quality management (Agrifoglio, Cannavale,
Laurenza, & Metallo, 2017). For instance, DTs have the ability to give
production systems the capacity to use historical data to improve quality by
detecting abnormal behavior and adjusting performance thresholds ac-
cordingly (Aruvili, Maass, & Otto, 2014). Furthermore, the improved
sharing of information throughout the value chain helps to control and
make real-time adjustments of operations according to varying demand
(Moeuf, Pellerin, Lamouri, Tamayo-Giraldo, & Barbaray, 2018). This in-
creases operational efficiency and provides insights into the potential for
new products, services, and business models (Kagermann et al., 2013). For
the remainder of the paper, however, we focus leveraging circular strate-
gies, as opposed to finding new offerings and business models.

Digital technologies are still an emerging field (Van den Bossche,
2016), lacking support for effective implementation for manufacturing
at scale (Brettel, Friederichsen, Keller, & Rosenberg, 2014, 2018, 2019,
2016, 2017, 2016). A possible explanation for this is that ambiguous
definitions without clear descriptions of the key constituent elements
(i.e., IoT, big data, and data analytics) (Moeuf et al., 2018) are ham-
pering the field. In Table 1, we illustrate the breadth of DT definitions in
the extant literature and clarify our use of these terms in this paper.

In addition, a study of 161 manufacturing firms has identified three
key barriers to using DTs to facilitate circular strategies: lack of inter-
face design (e.g., challenges with compatibility, interfacing, and net-
working), difficulties in upgrading technology (e.g., bringing data
analytics and IoT implementation to (near) state-of-the-art), and out-
dated automated synergy models (e.g., collaborative models, process
digitalization, and automation) (Rajput & Singh, 2019). In this study,
we limit our scope of DTs to focus on the upgrade of existing technol-
ogies and adoption of new tools, that is, IoT, big data, and data ana-
lytics, for exploring BA requirements central to circular strategies.

2.2. Difficulties in leveraging digital technologies for the circular economy

When confronted with the need to support the leveraging of a circular
strategy—such as tracking stocks of natural capital, supporting industrial
symbiosis matchmaking, and monitoring and managing product
health—BA capabilities required to satisfy the need must be established.

For any data-driven business, and within the CE, this entails leveraging
the full strategic potential of information flows by assembling, integrating,
and deploying analytics-related resources (Shuradze & Wagner, 2016). This
includes both tangible and intangible organizational resources such as data
governance, existence of a data-driven culture, presence of suitable man-
agerial and technical skills, and processes for data-driven organizational
learning (Mikalef, Pappas, Krogstie, & Giannakos, 2018).

To date, efforts supporting information systems research primarily fo-
cused on explaining the mechanisms through which BA leads to competitive
performance, for example, through the mediating role of dynamic and op-
erational capabilities (Mikalef, Krogstie, Pappas, & Pavlou, 2019). As such,
unpacking how the application of analytics unfolds within an organization
to generate new or improved sources of value remains an underexplored
area of research (George, Haas, & Pentland, 2014). Specifically, how
DTs—through strategies of BA—lead to enhanced resource management,
consistent with the CE, remain to be detailed.

Acknowledging the potential of DTs for the CE, various sources have
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Table 1
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Overview of definitions in extant literature and those adapted for this study. (See below-mentioned references for further information.)

Internet of Things

Example 1 "The worldwide network of interconnected objects uniquely addressable based on standard com- (Gubbi et al., 2013)
munication protocols"

Example 2 "Things having identities and virtual personalities operating in smart spaces using intelligent (Bassi and Horn, 2008)
interfaces to connect and communicate within social, environmental, and user contexts"

Example 3 "[...] Smart and dynamic objects with emergent behavior, embedded intelligence and knowledge (Minerva et al., 2015)
functions as tools and become an (external) extension to the human body and mind. [...]"

Used within  The Internet of Things is a dynamic global network infrastructure with self-configuring capabilities ~ Adapted from: (Al-Fugaha

this research

based on standards and interoperable communication protocols. It merges the physical and virtual
worlds through uniquely identifiable objects, or "things," with sensing and actuating capabilities,
enabling data and the state of the thing to be collected and changed from anywhere, anytime,
and by anything.

et al., 2015; Atzori et al.,
2010; Kortuem et al.,
2009; Li et al., 2015; Mio-
randi et al.,, 2012; Ray,
2018; Yick et al., 2008)

Big Data

Example 1 "The broad range of new and massive data types that have appeared over the last decade or so." (Davenport, 2014)

Example 2 "A term describing the storage and analysis of large and or complex datasets using a series of ~ (Ward and Barker, 2013)
techniques including, but not limited to: NoSQL, MapReduce, and machine learning"

Example 1 "The ability of society to harness information in novel ways to produce useful insights or goods (Mayer-Schénberger  and
and services of significant value and [...] things one can do at a large scale that cannot be done  Cukier, 2013)
at a smaller one, to extract new insights or create new forms of value."

Used within  Big data is high-volume, high-velocity and high-variety datasets that require advanced techniques ~ Adapted from: (Gartner,

this research

for processing, storage, distribution, and management in order to turn data into information.

2020a; Laney, 2001)

Data Analytics

Example 1 "An overarching concept that is defined as data-driven decision making." (Van Barneveld et al,
2012)
Example 2 "The processes of data assessment and analysis that enable us to measure, improve, and com- (Norris et al., 2009)
pare the performance of individuals, programs, departments, institutions or enterprises, groups of
organizations, and/or entire industries."
Example 1 "A set of Business Intelligence technologies that uncovers relationships and patterns within large (Eckerson, 2007)
volumes of data that can be used to predict behavior and events."
Used within  Data analytics is the process of deriving knowledge and actionable insights from data and infor-  Adapted from: (Cooper

this research

mation, predominantly involving a series of methods and techniques including, but not limited
to Data Mining, Artificial Intelligence, Knowledge Discovery in Databases, Big Data Analytics,

et al., 2012; Siow et al.,
2018)

Machine Learning, and Deep Learning.

reported the need for work that links DTs and the CE. For instance
(Chauhan, Sharma, & Singh, 2019; EMF, 2019, 2016; European
Commission, 2020b; European Policy Centre, 2020; Okorie et al., 2018;
Rosa et al., 2020), aim to raise awareness on DTS’ potential for the CE and
support further development through research and innovation. Other au-
thors have investigated how DTs relate to servitized business models and CE
value drivers (Alcayaga et al., 2019; Bressanelli, Adrodegari, Perona, &
Saccani, 2018a; Pham et al., 2019) and the type of DTs needed within the
various categories of well-known CE frameworks, such as the ReSOLVE
(regenerate, share, optimize, loop, virtualize, exchange) framework (de
Sousa Jabbour, Jabbour, Godinho Filho, & Roubaud, 2018b; Jabbour et al.,
2019; Nobre & Tavares, 2019). Policy initiatives are also underway, such as
the Circular Economy Action Plan, which includes a call for the creation of
an architectural and governance infrastructure in the form of a dataspace
for smart circular applications (European Commission, 2020a).

However, there is a gap between theory and practice (Rosa et al., 2020):
research is presently in a pre-paradigmatic stage, as frameworks that sup-
port linking DTs and the CE have started to appear only recently, and no
dominant framework has emerged as yet (Askoxylakis, 2018; Bianchini,
Pellegrini, Rossi, & Saccani, 2018; Ingemarsdotter, Jamsin, Kortuem, &
Balkenende, 2019; Rosa et al., 2020; Unal, Urbinati, & Chiaroni, 2018).
Although such frameworks may include a range of circular strategies, none
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systematically cover circular strategies that are relevant for manufacturing
companies, and none detail the BA requirements needed to implement and
improve them. That is, such frameworks do not allow for unpacking tech-
nical architectures, integrations, or implementations in terms of the prin-
ciples of information and communications technology (ICT) or according to
their different potential to contribute toward improving resource pro-
ductivity and efficiency. As such, existing frameworks do not support
bridging the gap between an organization’s CE objectives and the opera-
tional alignment required to achieve them. This alignment is an essential
step in COI (Brown et al., 2019) and the continuous improvement processes
within manufacturing companies.

This research gap can be understood by drawing on a simplified
version of the VMOST (vision, mission, objectives, strategy, tactics)
framework (Sondhi, 1999); see Fig. 1. This framework illustrates how
high-level goals can be made increasingly more concrete by moving
from Vision to Mission to Objectives to Strategy, and eventually, op-
erational Tactics. Here, we are concerned with the three last compo-
nents of translating CE objectives into digital tactics.

As part of this COI and continuous improvement, it is necessary to have
the ability to systematically search, analyze, and advance smart circular
strategies to the highest possible levels of resource productivity and effi-
fifrfy (EMF, 2016, 2019; Nobre & Tavares, 2017). For this reason, this
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CE business objective

~why- Identify a CE strategy of strategic

importance to the business

Smart CE strategy

—what- Detail the requirements and poten-

tial of using DTs for a CE strategy

dvo

Smart CE tactics
~how - Leverage the use of DTs to manage

resources

Fig. 1. Research scope.

paper focuses on the development of such a systematic approach to
breaking down high-level circular business objectives into subsequent re-
quirements for operational digital tactics.

3. Research methodology
3.1. Research scope and objectives

As already mentioned, we focus only (supporting) on leveraging
circular strategies in the context of technological upgrades (e.g., data
analytics and IoT development challenges) (Rajput & Singh, 2019).
Thus, we do not answer why a CE strategy may be of importance to the
business. Based on this scope, we outline two research objectives (ROs):

RO1 Develop a framework that supports the systematic identification of BA
requirements needed to advance different smart circular strategies.

RO2 Consolidate and further advance the framework through the de-
velopment of a knowledge base that can be used for BA gap
analysis and the creation of roadmaps for the application of smart
circular strategies within organizations.

3.2. Research design

Given the emerging and burgeoning characteristic of the domain,
our study investigated not only academic sources but also practice case
study examples and “grey literature” (i.e., published material that has
not been subject to a peer review process; Adams, Smart, & Huff
(2017)). We followed the methodology used by Bocken, Short, Rana,
and Evans (2014), who detail three iterative phases for a practice and
literature review: (1) identification of themes and categorizations by
literature review, (2) synthesis by developing an integrative framework,
and (3) identification and mapping of examples from practice to vali-
date and further develop the framework. In addition, we adhered to the
guidelines for reviewing academic literature by Kitchenham and
Charters (2007) and those for grey literature by Adams et al. (2017).

3.2.1. Phase 1 - Literature review

In phase 1, we built on previous evaluation and review of existing
CE frameworks, conducted in (Blomsma et al., 2019). This work created
the Circular Strategies Scanner, which organizes circular strategies re-
levant to manufacturing companies.

In addition, we performed two systematic literature reviews fol-
lowing the guidelines of Kitchenham and Charters (2007). The litera-
ture review comprised two parts: (a) existing digital CE frameworks,
and (b) digital frameworks to address RO1. For part (a), we sought
frameworks that detail the connection between DTs and the CE. For
part (b), we sought organizing principles that provide complementary
insights into how different DTs relate to one another.

Two databases, Scopus and Web of Science, were selected for the
reviews based on their broad coverage of journals relevant for both DTs
and CE. See Fig. 2 for the search strings generated for RO1 and the steps
involved. Additionally, see Appendix C for the full search stringlallg
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synonyms used. Papers were limited to English peer-reviewed articles in
conferences and journals. Articles were extracted from the databases on
March 27, 2020. The database search included articles published over
the past ten years, due to the burgeoning characteristic of the field. See
Section 4.1 for an overview of the results of phase 1 of the review.

For part (a), we established inclusion criteria comprising only papers
that illustrate a structured relationship between one or more DTs and cir-
cular strategies relevant to manufacturing. As such, articles that were too
narrow in scope and focused on a specific circular strategy (e.g., supply
chain management) or business model proposal (e.g., product-service
system) were excluded, as they did not provide a range of circular strategies
(e.g., only providing value drivers or enablers/barriers), were not scoped for
manufacturing (e.g., targeting cities, economies, and countries at large), and
did not give a clear description of a framework, organizing principles, or
mechanisms. Furthermore, manual additions were prepared to complement
the searches. This resulted in ten included papers, with six were from the
database search. Following the criterion development process by Blomsma
et al. (2019), existing frameworks were used to develop framework criteria
to guide development in the synthesis phase. The criteria were iterated until
they represented four precise requirements that the new digital CE frame-
work should address.

For part (b), to extend the frameworks identified in part (a), inclusion
criteria were set to include only papers that provided insights into how DTs
relate to one another through common ICT architectures and taxonomies.
As such, we excluded articles as they were too narrow in scope, did not
define or give a detailed explanation of the DTs, or did not provide a clear
description of a framework, organizing principles, or mechanisms. To
complement these searches, manual additions were based on the re-
searchers’ general reading. This resulted in 32 included papers, with 22
from database search. Relevant information on approaches and principles
underpinning the relationship between different DTs was extracted from the
papers and aggregated in a spreadsheet.

3.2.2. Phase 2 - Synthesis: developing a smart CE framework

In phase 2, the resulting organizing principles, frameworks, and
development criteria of phase 1 were used to synthesize and develop a
detailed understanding of how DTs relate to the CE. First, development
criteria were used to rate existing digital CE frameworks, highlight
gaps, and guide the synthesis via the choice of organizing principles.
Second, existing digital frameworks and principles were presented in
tabular form using spreadsheets and analyzed for commonalities and
theoretical underpinnings that allowed for connecting DTs to CE re-
source management. Next, approaches and principles that converged or
correlated were combined, creating a more robust foundation to the
underlying logic and organizing principles used. At this point, it became
evident that operational maturity could be linked to both an increase in
the level of resource productivity and unburdening of human decision
makers. See Section 4.2 for a description of the results of the synthesis.

3.2.3. Phase 3 - State-of-the-practice review

In phase 3, to address RO2, we performed a broader systematic search
of “DTs & CE strategies” in the literature, supplemented by a practice review
aimed at uncovering examples (real or theorized) where DTs support or
enable specific circular strategies related to manufacturing. Although the
same methodology was followed for systematic literature reviews
(Kitchenham & Charters, 2007), broader search terms and inclusion criteria
were used to generate a larger set of sources likely to contain relevant ex-
amples. See Appendix C for the full search string and synonyms used.

To combine the Smart CE framework and the Circular Strategies
Scanner (Blomsma et al., 2019) (detailed in Section 4.1), a matrix or grid
was created, with the hierarchical dimensions from the Smart CE frame-
work on the y-axis, and the CE strategy categories from the Scanner on the
x-axis (see Fig. 3 for illustration). Examples that provide insights into how
DTs can support circular strategies at different levels of operational maturity
were sought. The examples collected in phase 3 were mapped onto this
matrix and served as a validation of the Smart CE framework. If these
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Fig. 2. Schematic illustration of the research approach that was followed to develop the Smart CE framework and matrix.
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examples were not assigned a place, it would indicate an inadequate re-
lationship between DTs and the CE.

Relatively few cells could be populated through this review, there-
fore, we decided to extend this part of the assessment with a practice
review and include grey literature, consistent with (Bocken et al.,
2014). The Circle Lab’s knowledge hub, which (at that time) contained
1583 case studies, was the main source, thus making it the largest
global open access innovation platform for CE case studies and ex-
amples (CircleLab, 2020). The result is a matrix that contains relatively
few examples drawn from the academic literature, and more from the
practice review. This may reflect that practice can be ahead of aca-
demia as both DTs and the CE represent emerging fields.

This resulted in 98 included papers and case studies for RO2 (with
65 added from the literature and 33 from practice). See Section 4.3 for
an overview of the included examples. After complementing with cases
from grey literature, 94% of the cells (46 out of 49) are detailed.

4. Research results
4.1. Results of Phase 1 - Literature review

4.1.1. CE frameworks

Building on previous evaluation and review of CE frameworks, the
Circular Strategies Scanner was selected (Blomsma et al., 2019). The
Scanner (shown in Fig. 3) presents a taxonomy of circular strategies based
on business processes typically found in the manufacturing context.
Drawing from both academic and practitioner perspectives, the framework
provides circular strategies ranging from incremental to transformative, or
from operational to strategic. Operational strategies include reducing, re-
storing, and avoiding impact in areas such as sourcing, manufacturing,
product use, and logistics, as well as the recirculation of products, compo-
nents, and materials into new or existing use cycles. Strategic applications
include rethinking and reconfiguring value-generating architectures and
reinventing the “paradigm” for radical decoupling. In other words, the
Scanner provides comprehensive support for manufacturing companies
engaging in COI processes. Compared to other CE frameworks (Bocken, De
Pauw, Bakker, & van der Grinten, 2016; Nuholz, 2017; Potting, Hekkert,
Worrell, & Hanemaaijer, 2017), the framework has an improved capacity to
(i) create a comprehensive understanding of circular strategies, (ii) map
current strategies applied, and (iii) identify opportunities for improved
circularity for different business processes (Blomsma et al., 2019).

4.1.2. Digital CE frameworks

Based on the stated research gap and frameworks identified from the
review, insights and theoretical underpinnings were used to develop four
framework criteria to guide the development and synthesis of the frame-
work.

RETHINK & CONFIGURE

value generation architecture.

multi-flow offering long life products ~access or
i i s esarert o

L ——

bility result & performance
i

RESTORE, REDUCE & AVOID
impactin the areas of:
raw materials

&sourcing
awhas:

upgrade
repair & maintenance

manufacturing product use
&operations
suchas suchas:
renewables lean technical

manufacturing|  product
recyclable b longevity
materials

reduced ‘prefarence”

change of paacigm

secondary | Production
sources
subjective
product

restorative
s o

educed ‘preference’

use of idle
product
capacity

energy

Fig. 3. The Circular Strategies Scanner.
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Criterion (1) draws on the needs in the COI process, where it is im-
portant to align understanding, mindsets, and disciplines and represent a
complex phenomenon in an easily comprehensible manner to inspire and
motivate people (Blomsma et al., 2019; Brown et al., 2019). Criterion (2)
addresses the suitability of the framework in a CE manufacturing setting. As
there are different types of businesses, the framework should include a
comprehensive set of circular strategies and facilitate the alignment of as-
sociated business processes (Blomsma et al., 2019; Potting et al., 2017). Ina
survey of Industry 4.0 implementation patterns in manufacturing compa-
nies, advanced adopters were leading all underlying DTs and not any spe-
cific technology (Frank, Dalenogare, & Ayala, 2019). A Gartner survey
corroborates this and claims that a synthesis of DTs will enable companies
to transition toward the CE (Gartner, 2020b). Building on this, criterion (3)
establishes the need for the framework to represent multiple DTs and to be
logically sound in terms of its relation to common ICT architectures and
taxonomies. The former survey also indicates variance in the adoption of
DTs related to varying organizational maturity (Frank et al., 2019). Hence,
criterion (4) addresses the applicability of frameworks in an industrial set-
ting to support adoption at various levels of maturity, BA gap analysis, and
optimization of circular outcomes detailed here as resource efficiency and
productivity.

The ten frameworks identified (Askoxylakis, 2018; Bianchini et al.,
2018; de Sousa Jabbour et al., 2018b; EMF, 2016; Jabbour et al., 2019;
Ingemarsdotter et al., 2019; Nobre & Tavares, 2019; Okorie et al., 2018;
Rosa et al., 2020; Unal et al., 2018) were compared and rated based on
the above criteria (as in Table 2). Overall, the frameworks provide
novel insights into the value of leveraging DTs for CE and different
perspectives on understanding the digital CE through distinct theore-
tical assessments. Moreover, contributions varied from adaptation of
the technical life cycle (Okorie et al., 2018) and product life cycle
(Askoxylakis, 2018; Bianchini et al., 2018) to extensions of the Re-
SOLVE framework (de Sousa Jabbour et al., 2018b; Jabbour et al.,
2019; Nobre & Tavares, 2019) and mappings of value-generating me-
chanisms (EMF, 2016; Unal et al., 2018). Two frameworks presented
new innovative models (Ingemarsdotter et al., 2019; Rosa et al., 2020).

Although a few frameworks addressed some of the criteria effec-
tively, such as Rosa et al. (2020, 2019, 2019, 2018b), they were unable
to satisfactorily address the majority of the criteria, in particular, cri-
teria (3) and (4). Overall, the inability of existing frameworks to fa-
cilitate BA gap analysis, support companies at various stages of im-
plementation or maturity, and effectively optimize resource efficiency
and productivity of strategies support the emergent state of the field
and justify the framework development.

4.1.3. Digital frameworks

Given the fact that digital CE frameworks do not support criteria (3)
and (4), additional ICT principles and technical mechanisms were
sought in a review of digital frameworks.

Of the 32 papers included, five papers used the Open Systems
Interconnection (OSI) model as the underlying logic (Akhbar, Chang, Yao, &
Mufioz, 2016; Da Xu, He, & Li, 2014; Jin, Gubbi, Marusic, & Palaniswami,
2014; Marjani et al., 2017; Tsai, Lai, & Vasilakos, 2014). Four papers pre-
sented a pyramid as a central element in the framework (Ardolino et al.,
2018; Li, Yu, et al., 2017; Mishra, Lin, & Chang, 2015; Siow, Tiropanis, &
Hall, 2018), and two of these used the Data-Information-Knowledge-
Wisdom (DIKW) pyramid (Ardolino et al., 2018; Siow et al., 2018).

Fourteen papers encompassed all three DTs: IoT, big data, and
analytics (Addo-Tenkorang & Helo, 2016, 2018, Queiroz, Wamba,
Machado, & Telles, 2020, 2019, 2018, 2020, 2019, 2015, 2017, 2017,
2015, 2018, 2019, 2018).

Fifteen papers mentioned one or more workflows synonymous with
data collection, data integration, data storage, data processing, and data
analysis (Addo-Tenkorang & Helo, 2016; Babar & Arif, 2017; Da Xu
et al., 2014; Dai, Wang, Xu, Wan, & Imran, 2019; Darwish & Bakar,
2018; Fatorachian & Kazemi, 2020; Jin et al., 2014; Li, Yu, et al., 2017;
Marjani et al., 2017; Merezeanu & Florea, 2017; Mishra et al., 2015;
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Table 2
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Comparison of frameworks identified from the review based on development criteria.

Criteria of the new framework: Rosa et al. ~ Nobre and Ingemarsdott- Okorie de Sousa Jabbour  Askoxylakis EMF Unal et al.  Bianchini et al.
(2020) Tavares er et al. (2019) et al. Jabbour et al. (2018) (2016) (2018) (2018)
(2019) (2018) et al. (2019)
(2018b)
(1) A tool for inspiring, motivating + + ++ 0 + + + + 0 +
and aligning people across
disciplines
(2a) Include a broad range of + ++ + + + + 0 + 0 +
circular strategies (from
strategic to operational)
(2b) Support the translation of ++ 0 ++ + 0 0 + ++ 0 +
circular strategies to business
processes relevant for
manufacturing
(3a) Include a broad range of DTs ++ ++ 0 + ++ 0 + 0 + +
(3b) Provide an overview of the 0 0 ++ + 0 + ++ + 0 0
underlying technical
mechanisms of how the DTs
relate
(4a) Facilitate (self) assessment + + 0 0 + + 0 0 0 0 0
and BA gap analysis
(4b) Include digital maturity levels 0 0 0 0 + 0 0 0 0 0
of adoption
(4¢) Include resource optimization 0 0 0 0 0 0 + 0 0 0

levels for maximizing resource
efficiency and productivity

+ + + = framework satisfies criterion very strongly, + + = framework satisfies criterion strongly, + = framework satisfies criterion moderately, 0 = framework

does not meet criterion or only marginally.

Siow et al., 2018; Tsai et al., 2014; ur Rehman et al., 2018; Wu et al.,
2014). However, only one paper included different levels of data ana-
lytics and contrasted these with the DIKW pyramid (Siow et al., 2018).

In summary, most papers built on well-known ICT principles en-
abled the development of three separate organizing principles, or
technical mechanisms. First, Software-Oriented Architecture, the DIKW
pyramid, and OSI models were integrated under different data trans-
formation levels. Second, workflows, such as data collection, integration,
and analysis, were connected under data flow processes, along with the
corresponding DTs. Finally, data analytics levels, such as descriptive
and predictive analytics, were arranged under analytics capabilities
(Siow et al., 2018).

4.2. Results of Phase 2 - Developing a smart CE framework

Guided by the above criteria, the proposed Smart CE framework
addresses the shortcomings of existing digital CE frameworks. A de-
tailed overview of the improvements for each criterion is presented in
Table 4 in Section 5.1.

The framework consists of three main elements: data transformation
levels (blue triangle), resource optimization capabilities (green triangle),
and a layer linking these elements together, data flow processes (grey
background), as seen in Fig. 4. The different elements were combined
by using a hierarchy as the main organizing principle where each in-
dividual level relies on the previous ones. That is, for the data trans-
formation levels, resources must be connected by an IoT sensor in order
to generate data. This can then be turned into information by in-
tegrating it with other data sources and providing the context, and so
on all the way up to wisdom.

Likewise, for resource optimization capabilities, diagnostic analytics
provide insights into why something happened and build upon de-
scriptive insights of what actually transpired. Similarly, in the data flow
processes, data is first collected and integrated to facilitate data ana-
lysis. The remainder of this section explains the three elements, illus-
trates their compatibility in a single framework, and details the various
levels of adoption through maturity thinking.
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4.2.1. Data transformation levels

The data transformation levels draw on the DIKW pyramid, a widely
recognized model in the information and knowledge literature in-
troduced by Ackoff (1989). The DIKW hierarchy presents the terms
data, information, knowledge, and wisdom to illustrate the computer
processes involved in transforming raw data into insights (Rowley,
2007). Inspired by the physical layer in the OSI model, we modified the
traditional DIKW model to include a fifth layer at the bottom named
“connected resources.” Each of the five layers are detailed below:

e Connected resources are products, components, and materials con-
nected through, for instance, an IoT device. This enables to collect data
across different stages of the resources’ industrial life cycle.

Data are merely raw, elementary symbols based on the observation
of objects, events, and/or their environment (Ackoff, 1989; Rowley,
2007). On their own, data lack interpretation and need con-
textualization to offer direct value or usability.

Information is inferred or transformed from data through techni-
ques such as aggregation, interpretation, selection, and sorting. As
such, information is contained within descriptions and provides
answers to questions raised by words such as who, what, where, and
when (Ackoff, 1989; Rowley, 2007).

Knowledge represents the transformation of information into action-
able instructions, knowhow, and valuable insights, and answers ques-
tions such as how and why (Ackoff, 1989; Rowley, 2007). As such,
knowledge can be considered as the refinement of information with
inference rules and increased understanding (Jankowski & Skowron,
2007).

Wisdom connects actionable instructions of knowledge to autono-
mous decisions and actions. Wisdom combines knowledge with in-
teractive processes and adaptive judgment. Interactive processes are
the sequence of actions and reactions, while adaptive judgment is
the actual decision made based on the evaluation of interactive
processes and their current status (Jankowski & Skowron, 2007).

For instance, consider an IoT device for measuring temperature in a
mgline with the objective of extending its life cycle. Then, the raw
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Fig. 4. The Smart CE framework.

temperature readings form the data. Thus, information is interpretation of
this temperature represented by an average over the operating hours, or a
description of the machine overheating. This could be an indication of an
impending failure of the machine, for which a reactive maintenance scheme
is created. Perhaps, knowledge can identify the possible reasons for the
machine’s abnormal temperature readings. Known as condition-based
maintenance, this could give insights into the machine’s actual condition
and schedule maintenance. Finally, wisdom could then identify a specific
trend in the temperature readings and project this across future operational
planning and provide an optimal service window to correct the problem
based on these predictions, known as predictive maintenance.

4.2.2. Resource optimization capabilities

Building on the analytics capabilities and generic interpretations by
Siow et al. (2018), we provide the analytic capabilities, resource-spe-
cific interpretations, and supplementary questions to conform to COI
and CE resource management. The resulting resource optimization
capabilities present five levels of descriptive, diagnostic, discovery, pre-
dictive, and prescriptive analytics:

e Descriptive is the preliminary step that answers the question “what
happened” or “what is happening.” As such, it can be considered as
the process of describing, aggregating, and adding context to raw
data from an IoT device, thus transforming it into information.
Diagnostic builds on the information obtained from the descriptive
level to understand “why something happened.” It tries to unravel
the cause and effect of events and behaviors and augments knowl-
edge to the information. As a bridge to business models and in-
telligence, both descriptive and diagnostic levels provide hindsight
value of what happened and why.

Discovery addresses the acute problem of high volumes in the IoT
and big data. It employs inference, reasoning, and detection of non-
trivial knowledge from information and data. It attempts to build a
deeper understanding of why something happened by discovering
additional trends and clusters, or something novel. As such, dis-
covery provides oversight value.

Predictive provides foresight value by identifying future prob-
abilities and trends to determine “what is likely to happen.”
Predictive methods convert past knowledge to forecast events and
behaviors, thereby obtaining wisdom. 116

® Prescriptive draws actions and judgments from the forecasts pro-
vided by the predictive level, allowing for investigation of future
opportunities or issues, and provides the best course of action. As
such, the prescriptive level considers the inherent uncertainty of
predicting the future and combines this with advanced optimization
to answer the question “what if.”

These capabilities can, for example, be observed in organizations
adopting three levels of analytics: aspirational, experienced, and trans-
formed. Aspirational organizations use analytics in hindsight as a justifica-
tion of actions. Experienced organizations apply analytics to gain insights to
guide decisions, while transformed organizations can achieve foresight and
prescribe actions in advance of decision making (Siow et al., 2018). Like-
wise, for the CE, these capabilities represent organizational potential to
increase resource efficiency and productivity.

4.2.3. Data flow processes

Similarly, data flow processes represent a hierarchical structure.
Nonetheless, this is not necessarily always the case in practice. For in-
stance, all three processes of data collection, integration, and analytics
may be employed to perform a descriptive analysis of what has hap-
pened. However, the rationale underlying this structure is emphasizing
where the different DTs typically interconnect.

e Data collection is the process of generating and gathering data
from various heterogeneous sources such as the IoT, wireless sensor
networks, and embedded systems.

Data integration is the process of contextualizing and curating these
disparate data sources for analysis by preprocessing and aggregation. It
relies on interoperability and context-awareness, which are typically
included by big data, cloud computing, and fog computing.

Data analysis is the process of understanding the data for under-
pinning or deriving actionable decisions. It includes deployment and
application of data with associated insights and foresight, facilitated by
techniques such as artificial intelligence, machine learning, and deep
learning.

Furthermore, storage and computing are abstract processes involved
in each of the above steps. Overall, data can be piped from one step to
another, and thus do not necessarily require physical storage in
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Table 3
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separate locations. Similarly, computation can be done on a physical
device or in transit (e.g., fog computing), and a separate computing
component is not required (Siow et al., 2018).

4.2.4. Maturity levels

The hierarchical structure presented in the framework serves both
as an organizing and adoption principle. Building on maturity thinking,
the upper levels represent a greater potential of strategies to support or
unburden human decision makers (blue arrow) and increase the effi-
ciency and productivity (green arrow) of the systemic resource. In other
words, the structure illustrates different levels of operational maturity
in implementing DTs for decoupling value creation from the con-
sumption of finite resources, building on extant research that considers
the adoption of Industry 4.0 (Dalenogare, Benitez, Ayala, & Frank,
2018; de Sousa Jabbour et al., 2018b; Frank et al., 2019; Qu, Ming, Liu,
Zhang, & Hou, 2019).

Moreover, the hierarchical structure of increasing maturity also
indicates the aggregation of DTs as “Lego” blocks (Frank et al., 2019)
for the application of autonomous functions (Qu et al., 2019). Hence,
when a company matures and implements more advanced DTs (IoT,
cloud computing, big data, and analytics, respectively), it can leverage
self-sensing, self-adaptive, self-organizing, and self-deciding functions.

Based on this, we theorize a correlation between increasing in-
dustrial automation and expanding systemic resource efficiency and
productivity in a CE. Support for this can be seen in the automatic
production processes of smart manufacturing, enabling improved
quality, productivity, and flexibility of large-scale production for
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sustainable resource consumption (Dalenogare et al., 2018; de Sousa
Jabbour, Jabbour, Foropon, & Godinho Filho, 2018a).

4.3. Results of Phase 3 - State-of-the-practice review

The literature review on smart circular strategies resulted in 65 included
papers (27 from the database search). The practice review of case studies
from the Circle Lab’s knowledge hub was filtered using the label
“Incorporate digital technology,” resulting in 207 results. Both the case
descriptions in this database and company website(s) illustrating the cases
were consulted (in line with Adams et al. (2017)), resulting in 33 examples
added for a total of 98 real-world and theoretical case examples.

The Circular Strategies Scanner and the Smart CE framework enabled
mapping of strategies into a matrix (represented by Figs. A.1-A.3 in
Appendix A). The Scanner, representing the x-axis or the columns, covers a
range of circular strategies relevant for manufacturing companies. The
Smart CE framework, representing the y-axis or rows, covers DTs and dif-
ferent maturity levels of adoption. Strategies were then placed in a cell
corresponding to the category, DTs, and maturity of the application. See
Table 3 for a summary of the examples mapped or Appendix A for the
detailed matrix and complementary case descriptions. The cases represent a
mix of theorized applications and real-world examples (see Appendix B for
reference number and theoretical/real-world labeling).

The results show that both theorized and real-world examples embody
all the circular strategy categories. Moreover, up to and including the pre-
scriptive level, the matrix has good coverage for all the categories, except
Ithecirculation of parts, products, and materials. To address this issue and
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outline avenues for future research, the authors propose examples of future
strategies, where both literature and practice are incomplete. However, the
overall satisfactory coverage of circular strategies supports the validity of
the Smart CE framework. The final mapping outlined 100 theorized and
real-world smart circular applications (including strategies from literature,
practice, and the authors).

In the following subsections, we explain how DTs can leverage
various circular strategies, from operational processes to corporate
strategies, along with excerpts from the example cases. However, for
the purpose of this study, the focus is on operational strategies.

4.3.1. Digital technologies supporting circular strategies in operational
processes

The first category of circular strategies discussed is Restore, Reduce,
and Avoid. These strategies apply to raw materials and sourcing (e.g.,
use of recyclable materials and sourcing of waste), manufacturing (e.g.,
reworking and cascading by industrial symbiosis), logistics and energy
(e.g., optimized routing and renewable energy), and product use and
operations (e.g., product longevity and use of idle product capacity). In
addition, end-of-use and end-of-life processes can be found in the
strategies of Recirculation, both for parts and products (e.g., reuse and
remanufacturing) and for materials (e.g., recycling and composting).

To facilitate our discussion, we use an illustrative example (see Fig. 5)
from each of these categories. The strategies are taken from Figs. A.1-A.3 in
Appendix A and highlight examples of industrial symbiosis, maintenance,
and recycling. In Fig. 5, we expand the examples with digital and human
requirements for each level to illustrate the increasing ability of DTs to
support or unburden human decision makers (providing increased quality,
productivity, and flexibility). One way to understand this is that the digital
and human elements together represent all the decisions needed to co-
ordinate resource flow for a specific strategy. Hence, when the number of
decisions made by DTs increases, the decisions made by humans decrease or
shift, providing flexibility for pursuing increased resource productivity. Note
that we are not detailing the ideal digital and human requirements for
implementation, but rather a proposed structure for explanatory purposes.

Restore, Reduce, and Avoid

In this category, the strategies target the prevention of excessive re-
source use and improve the inherent efficiency and circularity potential in
the manufacturing process. For instance, industrial symbiosis, where the
outgoing flow from one manufacturing facility is used by another, reduces
and, in some cases, replaces a company’s reliance on virgin raw materials.
The descriptive level of DTs can support this strategy by describing and
monitoring the type, quantity, and timing of input for current material flows
(Bin et al., 2015; EMF, 2016; Pagoropoulos et al., 2017). This requires, for
instance, IoT sensors for accurate collection and measurement of flow and/
or aggregated information from internal sourcing, inventory, and logistics
databases. When integrated with analytics, this may allow the discovery of
new and alternative waste-to-resource matches and potential eco-networks
for their application (if linked with information from other manufacturing
facilities) (Bin et al., 2015; Low et al., 2018; Song, Yeo, Kohls, & Herrmann,
2017). Ultimately, on a prescriptive level, self-optimizing algorithms may be
capable of automatically prescribing and arranging the exchange of flows
through self-adapting sourcing plans (Srai et al., 2016).

Similar solutions, with analytics capabilities ranging from descriptive to
prescriptive, can be envisioned for other strategies, including agriculture
(EMF, 2016; Smart Bin, 2020) and natural resource conservation
(Aquabyte, 2020; CreateView, 2020), manufacturing (Airfaas, 2020; Fisher,
Watson, Escrig, & Gomes, 2019; KemConnect, 2020), product use and op-
erations (Bressanelli et al., 2018b; Pham et al., 2019; Rymaszewska, Helo, &
Gunasekaran, 2017), logistics (12Return, Liebig, Piatkowski, Bockermann,
& Morik, 2020; Liebig et al., 2014), and energy (Shrouf et al., 2014; Tomra,
2020). For instance, examples include optimized vehicle and fleet usage
(Sensoneo, 2020), reverse logistics planning (Cirmar, 2020), and opera-
tional scheduling based on the availability of renewable energy (Qayyum
et al., 2015) (see Figs. A.1 and A.2 in Appendix A for further examples and
details). 118
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Recirculation of Parts and Products

In this category, strategies recirculate parts and products by extending
existing use cycles and introducing new ones. Strategies extending the ex-
isting use cycle typically fall under the subcategories of upgrade, repair, and
maintenance. Strategies extending the new use cycle fall under the reuse,
refurbish, remanufacture, and repurpose subcategories. An example of DTs
leveraging such processes can be seen in various levels of data-driven
maintenance. First, on the descriptive level, DTs can trigger a request for
repair based on sudden product failure, for instance, through a reactive
maintenance scheme (Bressanelli et al, 2018a; Caterpillar, 2020;
Rymaszewska et al., 2017). Furthermore, the information obtained from the
descriptive strategy can be used to explore and discover new patterns or
potential for alternative life cycle-extending operations, for instance,
through a condition-based maintenance scheme (Baines & Lightfoot, 2014;
Bressanelli et al., 2018b; Rymaszewska et al., 2017). Ultimately, a pre-
scriptive maintenance scheme may be employed to autonomously de-
termine the need for, and scheduling of, maintenance and replacement of
parts (Rajala, Hakanen, Mattila, Seppald, & Westerlund, 2018). This re-
quires more advanced algorithms, for instance, deep learning methods such
as artificial neural networks and operational data paired with maintenance
logs and failure data for improved fault diagnosis and decision support (Li,
Wang, & Wang, 2017) (see Fig. A.3 in Appendix A for further examples and
details).

Recirculation of Materials

In this category, strategies recirculate materials via the effective
application of end-of-life strategies, with the purpose of capturing (re-
sidual) value or reducing value loss through the continued use of ma-
terials. Moreover, these strategies can be further categorized into re-
cycling, cascading, and recovery.

An example of DTs supporting such strategies can be observed with
smart bins (Bin-e, 2020; GreenSpin, 2018; Sensoneo, 2020), which increase
the traceability of materials location and quantity to correctly select an end-
of-life strategy (Nasiri, Tura, & Ojanen, 2017), or in the incentivization of
increased recycling based on pay-as-you-throw models (WastelQ, 2020). If
paired with material grades, this information can, in turn, be used to dis-
cover new and more effective material cascades, for instance, through di-
gital material marketplaces (Cirmar, 2020; Excess Materials Exchange,
2020) utilizing data mining methods on open access material databases.
Finally, data on materials quantity, composition, and quality can be used by
self-optimizing algorithms (e.g., swarm intelligence or long short-term
memory networks) to perform automatic cost-benefit analysis and optimal
selection of end-of-life strategies (see Fig. A.3 in Appendix A for further
examples and details).

4.3.2. Digital technologies supporting circular strategies related to corporate
strategy

Reinvent the Paradigm

Reinvent, or refuse, strategies strive to fully decouple value creation
from the consumption of finite resources. This may be achieved by
making physical products redundant through offering the same func-
tion, or combined functions, in other products/services. The prominent
technical mechanism in this category is virtualization. The virtual
contrasts with the real or physical, and implies having the essence, or
effect, without a real-life appearance or form. As such, virtualization
has an inherent use for reinvention and refusal.

Virtualization removes fundamental constraints concerning loca-
tion, time, and human observation (Verdouw, Beulens, & Van Der
Vorst, 2013). This is a fundamental element, or building block, of DTs’
contribution to the CE as it allows to gather information across different
stages of the industrial life cycle. Furthermore, virtualization enables
the design of more modular, repairable products that can be easily
(digitally) updated (Antikainen et al., 2018), and the simulation of new
and alternative CE approaches (Lieder, Asif, & Rashid, 2020).

Industrial examples are digital twins (Kuehn, 2018; Pham et al.,
2019), virtual supply chains (Liebig et al., 2014), and digital manu-
facturing (Jeschke, Brecher, Meisen, Ozdemir, & Eschert, 2017; Qu
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Q. c
v 5 IoT sensors and/or data from internal =
S Y ; : IoT sensor and/or embedded machine data. loT sensor and/or related material flow data. K]
3 sourcing, inventory, and logistics databases. s €
oL 0O Analyze quality of material flow, areas of Analyze root cause of failure and determine Analyse material quality and determine and S g
application, and changing resource demand. and execute life-cycle extending activity. execute end-of-life activity. 8

Circular strategy example:
Recycling

Digital enabled actions

@ Human actions needed

DT Digital Technology

Fig. 5. Illustrative examples with representative requirements (see Figs. A.1-A.3 in Appendix A for further examples and details).

et al., 2019). An example of digital twins, virtual representation of
products is combined with analytics for better decision making in
complex manufacturing scenarios. For instance, by simulating future
production plans or operational modes, digital twins can be used to test-
drive various circular strategies in a virtual environment before a de-
cision is applied to the real-world system (Kuehn, 2018). This enables
organizations to reinvent and explore strategies before their application
(see Fig. A.1 in Appendix A for further examples and details).

Rethink & Reconfigure Value Chain Creation Architecture

Rethink, or reconfigure, strategies focus on new ways of delivering a
function and/or value proposition through circular business model in-
novations, such as usage and performance-based models (Bundles,
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2020; Klickrent, 2020; WasteIQ, 2020). Broadly, the design of most
physical products does not change radically with time. However, with
the recent digitalization efforts, many products are now embedded with
software and analytics (or digital materiality) that do change. This
opens for new smart product-service systems and business model con-
figurations (Alcayaga et al., 2019).

Integrating DTs to rethink and reconfigure value creation mechan-
isms requires companies to strengthen their BA capabilities and become
data-driven. A data-driven organization entails that decision makers
base their actions on data and insights generated from analytics rather
than instinct. Studies evidence that companies that embrace a data-
fTben approach experienced noticeable gains in business development,
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productivity, and profitability (McAfee, Brynjolfsson, Davenport, Patil,
& Barton, 2012; Waller & Fawcett, 2013), suggesting that similar gains
in sustainable development and the CE could be found. For instance,
Romero and Noran (2017) introduce the concept of “green sensing
virtual enterprises,” whose predictive and agile capabilities enable
better self-environmental awareness and intelligence for the CE (see
Fig. A.1 in Appendix A for further examples and details).

5. Discussion
5.1. Research implications

This work presents a digital-enabled circular strategies framework
and extends the existing body of knowledge on how to leverage DTs for
CE adoption. To the best of the authors’ knowledge, the paper con-
tributes by proposing a novel framework and database to align several
calls for action within sustainable development and the CE, such as that
by the European Commission (2020a). As such, it provides a concrete
framework that can be used as a point of reference for using DTs in
supporting and enabling CE adoption and the enactment of circular
strategies. While much of the business-related literature is grounded on
corresponding theoretical perspectives that explain the value-gen-
erating mechanisms of different strategies, the same cannot be stated in
the context of circular strategies. As such, the proposed framework can
be used as a basis upon which researchers can examine the impact that
different technologies, applied in different contexts, have on the en-
ablement of circular strategies and corresponding SDGs.

Our framework is scoped to address DTs’ lack of support for COI in
manufacturing and significantly improve on the existing digital CE
frameworks; see Table 4. The main difference between related frame-
works and our framework is that existing frameworks summarize high-

Table 4
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level strategies, possibilities, and/or capabilities, while our model ex-
tends this with a detailed structure to systematically support practi-
tioners in searching, analyzing, and advancing smart circular strategies.
Our framework makes the following contributions: (1) a detailed un-
derstanding of the relationship between the technical mechanisms of
DTs and the strategic and operational strategies of the CE, (2) the ability
to map strategies with their associated and target level of maturity, (3)
the ability to accommodate multiple circular strategies and find new
opportunities for innovation through example best practices, (4) the
ability to derive digital requirements and BA capabilities for im-
plementing circular strategies, and (5) guidance on how to leverage DTs
to maximize resource efficiency and productivity for a given context.
In addition, our framework complements previous contributions by
allowing both researchers and practitioners to communicate better
across the boundaries of disciplines. It highlights key technical me-
chanisms needed for a more data-driven mode of CE business opera-
tions. By extension, our framework provides the basis for further ex-
ploration of the BA resources and capabilities central to the adoption of
circular strategies. From a research standpoint, our framework high-
lights the role of novel DTs in shaping the information value chain
within the context of the CE. Thereby, it differentiates between strategic
and operational circular strategies, decomposing them into specific
attainable approaches and the corresponding DT resources required to
foster them. Therefore, it introduces a structured approach in bridging
the technical, operational, and strategic aspects of circular strategies.

5.2. Practical implications

The example strategies presented in the matrix form a knowledge
base that, when organized using the Smart CE framework, may be used
by organizations for BA gap analysis and to create roadmaps toward CE

Overview of the improvements the new framework makes in relation to the development criteria.

Criteria of the new framework: Smart CE Summary of improvements
framework
(1) A tool for inspiring, motivating and aligning people +++ The Smart CE has an improved capacity to serve as a hub, or gateway, where stakeholders

across disciplines

(2a) Include a broad range of circular strategies ++ 4+

(2b) Support the translation of circular strategies to business ++
processes relevant for manufacturing

(3a) Include a broad range of DTs ++

(3b) Provide an overview of the underlying technical +++
mechanisms of how the DTs relate

(4a) Facilitate (self) assessment and BA gap analysis +++
(4b) Include digital maturity levels of adoption +++
(4¢) Include resource optimization levels for maximizing + +

resource efficiency and productivity

can easily connect through a combined set of intuitive framework elements and inspiring
examples.

Drawing from the Circular Strategies Scanner, the Smart CE encompasses a broad range of
strategies, from incremental (e.g., restore, reduce, and avoid) to transformative (e.g., rethink
and reconfigure).

Building on the categories from the Circular Strategies Scanner, the Smart CE organizes
circular strategies into business processes they are applicable. For instance, rethink and
reconfigure applies to strategic initiatives and business model innovation while the rest apply
to operational processes such as material sourcing and product use and operations.

The Smart CE combines three system-level DTs of IoT, Big Data, and Data Analytics—each
integrating several base-level DTs (e.g., embedded systems and machine learning). The
respective DTs have been comprehensively evaluated and defined for the purpose of the
framework.

The three elements of data transformation levels, resource optimization capabilities, and
data flow processes provide a comprehensive structure (based on well-known ICT
architectures and theoretical underpinnings) to understand, detail, and integrate DTs.

The Smart CE can be directly used as a tool for mapping strategies that are currently applied,
explore new ones, and how they can be improved through digital and/or human
interventions.

The hierarchical structure of the Smart CE builds on maturity thinking and Industry 4.0
adoption by representing a structure gradually increasing in complexity through the
aggregation of DTs and autonomous functions.

The Smart CE unites levels of digital maturity with resource optimization and provides
guidance on how to leverage DTs to maximize resource efficiency and productivity for a
specific circular strategy.

+ + + = framework satisfies criterion very strongly, + + = framework satisfies criterion strongly, + = framework satisfies criterion moderately,

0 = framework does not meet criterion or only marginally.
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adoption. A primary requirement for effectively leveraging smart cir-
cular strategies and tactics is the alignment of BA development with the
business model. Hence, managers, in particular, may find both the
framework and the knowledge base useful for effectively aligning DT
implementation with COI and business model development by (1)
identifying which smart circular strategies are primarily important to
the company, (2) mapping the current level of digital maturity and CE
adoption, (3) establishing the required level of digital maturity neces-
sary to implement a desired smart circular strategy, and (4) deriving BA
factors essential for its successful adoption.

To demonstrate this, Fig. 1 illustrates how parts of such a mapping
could be done by first identifying which current circular strategies and
DTs have been implemented. Second, the framework can be used to
gauge the target maturity level or smart circular strategy that is of
strategic importance. This serves as a benchmark upon which managers
can allocate necessary resources and deploy the corresponding tech-
nologies to attain the targeted level of maturity. Finally, by developing
a roadmap for implementation using BA gap analysis, it is possible to
compare the current and desired BA capabilities. This is a particularly
useful tool for practitioners, who typically have very few practical
guidelines to proceed with digitally enabling circular strategies. The
framework can, therefore, be used to not only identify the target ob-
jectives but also to provide support in realizing these strategies. It also
complements existing methods that are more focused on leveraging
data artefacts, or that consider such strategies from a broader industry
perspective (van de Wetering, Mikalef, & Helms, 2017). Some empirical
studies have worked in this direction, such as that of Kristoffersen et al.
(2019), who provide a custom data science process and analytic support
for the CE.

5.3. Limitations and avenues for future research

This paper is a first step in detailing the mechanisms and strategies
of a Smart CE. The work seeks to balance both comprehensiveness and
relevance. However, the work possesses certain limitations and further
investigation and alignment between researchers and practitioners can
help to build the research stream and ensure merit.

First, as the paper presents theoretical groundings, it advocates
further empirical research on the Smart CE research stream, for in-
stance, in the form of expert interviews and surveys to investigate the
organizational aspects that are decisive when adopting DTs for the CE.
Specifically, researchers could study the key BA factors (i.e., organi-
zational resources and capabilities) needed to effectively leverage cir-
cular strategies, for example, through the lens of the resource-based
view. Furthermore, this should be extended with practical implications
and lessons for managers, explicitly addressing their role in effectively
organizing firm resources for Smart CE adoption.

Second, given its theoretical development process, the proposed
framework should be empirically validated with a set of companies to
(1) determine the clarity of the framework elements and strategies
presented, (2) detail a process for self-assessment and BA gap analysis,
and (3) identify how it can be further improved to better support COI in
manufacturing, related industries, and extended with a broader range
of DTs (e.g., blockchain and 3D printing). It is also noted that the de-
finitions, organizing principles, and frameworks were evaluated
through a subjective interpretive process. However, the theoretical
validation process, by mapping strategies, offers justification.

Third, alignment with data science and BA process methodologies
should be explored in greater depth, as done by Kristoffersen et al.
(2019). This could take the form of in-depth case studies of specific
smart circular strategies, such as predictive maintenance, to provide an
in-depth understanding of the implementation practices and process
methodologies.
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Building on the rich underpinnings of the strategies described and
the comprehensive theory covered in this study, the authors anticipate
that these issues may hold merit in contributing to future studies. The
theoretical and real-world applications mapped clearly outline the pre-
paradigmatic nature of this subject and the need to strengthen em-
pirical research through in-depth case studies, action research, and
quantitative surveys to investigate the cause-and-effect relationship
between DTs and the CE.

6. Conclusion

Motivated by the role of DTs and the CE in achieving SDG 12 of
“sustainable consumption and production,” by reducing the need for
extraction of finite and virgin resources, this paper proposes a theore-
tically grounded framework and database of examples of the Smart CE.
It supports the identification of new and alternative manufacturing
strategies that can provide additional value propositions to customers,
while negating or reducing structural waste. Through a review of extant
research and frameworks, organizing principles and synthesis were
given by the Smart CE framework on how to understand the relation-
ship between DTs and the CE through common technical mechanisms.

To validate and elaborate the framework, several examples of dif-
ferent circular strategies relevant to manufacturing companies were
collected from both academic literature and real-world case databases.
The examples were aggregated in a matrix by combining the Smart CE
framework and the Circular Strategies Scanner. The placement of these
cases within the framework confirms that DTs and associated BA cap-
abilities indeed hold different potential with regards to optimizing re-
source efficiency and productivity. These examples illustrate how dif-
ferent DTs and their associated BA capabilities support capturing
different levels of resource efficiency and productivity. Using the fra-
mework and matrix as a guide, (self) assessments can be conducted to
evaluate the DTs and BA capabilities companies presently have and
those needed to capitalize on the desired value creation and capture
capacities of circular strategies. As such, the Smart CE framework and
associated knowledge base of theorized and real-world cases serves as a
novel contribution in this emerging research field.

This work has contributed to the body of knowledge for the suc-
cessful implementation of the CE by appropriately leveraging data from
intelligent resources. Both practitioners and researchers may find this
work useful to (1) create roadmaps, prioritize strategic initiatives, set
targets, and facilitate gap analysis between BA requirements and cap-
abilities to achieve new or improved smart circular strategies, and (2)
create a common language for aligning activities across the boundaries
of disciplines (e.g., information systems and CE fields). Accordingly,
this paper establishes a much needed, and underexplored, link between
two emerging fields. The Smart CE shows how DTs can support in be-
coming more resource-efficient. Specifically, for businesses, this work
shows the BA capabilities required for accomplishing this.

The smart use of resources in the CE can be supported by the
creation, extraction, processing, and sharing of data from DTs.
Effectively using this digital transformation will be pivotal for organi-
zations in transitioning to, and leveraging, the CE at scale.
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Figs. A.1-A.3.

REINVENT - the paradigm

RETHINK & RECONFIGURE -
business models

(Grant No.: 83144), and funded by NordForsk, Nordic Energy Research,
and Nordic Innovation.

RESTORE, REDUCE & AVOID - impact in the areas of:
raw materials & sourcing

Discovery
What better
use can be
made of the
resource
given current
conditions?

Diagnostic
Why/ how did
X happen to
the resource?

Descriptive
hat

Information  3ppened to

the resource?

Data
)

Connected
resources

General benefits
applicable to majority of
levels

« Virtualization removes fundamental
constraints concerning location, time,
and human observation through
liquification, resource density, and
digital materiality.

> Liquification, also referred to as
digitization, is the separation of data
from the physical resources enabling
data to be easily re-located and
re-manifested for different uses [43].

> Resource density is the
mobilization of physical and virtual
resources (independent of location)
for a particular situation in order to
create the optimal value and cost
result [42,43]. E.g., in order to reduce
unnecessary transport

> Digital materiality refers to what
the analytics software embedded
within, or connected to; the physical
resource can do by manipulating the
virtual representation of the physical
resource [41]. For instance,
production equipment self-sensing,
adapting, organizing, and deciding its
operational performance to minimize
wear and optimize utilization [85] .

> eg, Digital twins [84], {91}, virtual
supply chains {35}, and digital
manufacturing [85,96].

« Simulatie new and alternative
approaches in a circular economy
‘market acceptance context {95}.

« Reduce costs, save resources,
provide accurate and trustable
data and help to design modular,
repairable products that can be
remotely updated [2], {87}

Provide foresight value by predictive
and prescriptive analytics, aiding in the
concretization of circular business
models through preemptive
decision-making and navigation of
strategic goals.

Predictive and prescriptive analytics

provides the ability to create an overview

of something beyond the bounds of the
present and foresee what might happen
or will be needed in the future.

> eg, performance-based business models
[7,31,40], {48,91}

Provide oversight value through
discovery analytics. The data is

investigated for something new, novel, or

different (e.g., trends, exceptions, or
clusters) [5], {26,51}.

Provide insight value through
diagnostic analytics by acquiring an
understanding of why something
happened [5], {26, 45}.

Provide hindsight value through with
descriptive analytics by describing what
has happened or developed.

> eg, usage-focused business models
[4,19,33], {22, 46,58,62,65,70,80}

General decision-making support
from analytics for asset evaluation,
business strategy, and management
support for business co-evolution
[2,25,28]

. ic gathering and pi g of real-time and data such as changing
market prices of materials, ' |mpacl status' of materials, inventory status of suppliers and
customers, and manufacturing schedules allow for increased efficiencies and reduced impact
through the facilitation of secondary source sourcing (buying byproducts), or sourcing of
materials with low environmental impact in self-managing and adaptive sourcing plans or
configurations. > eq, automated industrial symbiosis matching and execution [31]

« Increase yield of biomass through automated, and optimized distribution of biological
nutrients based on soil condition in farming [10] or avoid and reduce farming losses through
automatic identification of influential factors (weather, connected farms, governmental alerts,
regulations, etc). >eg, smart farming [10], {67} and feed optimization {56}

« Anticipate changes to sourcing and value chain dynamics and alert for potential upcoming
issues, so that alternatives can be sought as in changing availability of (different grades) of raw
materials and supply-demand mismatches or vulnerabilities.
> e.g, industrial symbiosis simulation and reduce waste and storage capacity need by predicting
customer purchase amounts {71}

- Biomass health, appetite, and growth prediction. Ensure sustainable biomass growth and
reduce waste by making preemptive decisions based on accurate biomass predictions and
estimations.
>eg, fish health and welfare prediction {56,57}

« Identify and explore new and alternative waste-to-resource matches and possible
eco-networks for their application.
>eg, industrial symbiosis matching [5],{26,51}

« Identify new for the grades) of raw materials that
optimize sustainability impact (environment, social, economic) and reduce (the impact of)
quantity, quality, and timing fluctuations.

«+ Land and biomass condition monitoring. Immediate identification of signs degradation by
automated condition assessment (e.q,, air quality, fish shoal health, forest productivity, or coral reef
health) [10], {56,57}

« Identify waste-to-resource patterns (timing, quality, quantity) to identify improvement
opportunities.

>eg, ﬁnd industrial symbros:s parrems [51,{26}

+ D the of grades) of raw materials to identify impact hotspots
and improvement opportunities for sustainability impact (environment, social, economic).

« Identify quantity and timing of current input flows* supported by automated input
registration through sensors. > e.g, Big Data input-output (I/0) database with all waste-to-resource
information [5] and track material input flows [2,10]

. Automated location tracking and monitoring of natural capital [10], {56,57}
. av gasses, and air quality {27,83}

*See output flows in next column/manufacturing

« Reduction of the ‘bullwhip effect’ [38,39]

References are categorized as follows: [x] = conceptual/theoretical examples, {x} = real-life/case examples. Find detailed references in Appendix B.

Fig. A.1. The Smart CE matrix I/III.
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RESTORE, REDUCE & AVOID - impact in the areas of:

manufacturing

product use & operation
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logistics & energy

Discovery
What better
use can be
made of the
resource given
current,
conditions?

Diagnostic
Why/ how did
X happen to
the resource?

Descriptive
What

happened to
the resource?

Information

Data

foOk]
Connected
resources

General benefits
applicable to majority of
levels

e

. excess through self-
der and assemble-to-order manufacturing systems
based on dynamic demand forecasts and proactive
operation modes simulation [89].

« Improve efficiency and reduction of rejects and rework
through the dynamic and automatic identification of
bottlenecks, determination of appropriate intervention type,
and time to reduce interruption.
> eg, data-driven forecasting for waste valorization and
process resilience across manufacturing environments [92]
and process simulation [85,96].

« Automated facilitation of secondary source sourcing
through the selling of co- and byproducts from the.
manufacturing process.

« Improve efficiency and reduction of rejects and rework
[93] by increased process quality. E.g., through predicting
resource needs, potential bottlenecks, and impact of
interventions

« Simulate outcome of new lean and clean manufacturing
models [88] in order to gain insight into the 'critical path;
uncover potential bottlenecks, and improve capacity
planning.

« Identify new lean and clean manufacturing models [88]
through simulation of manufacturing models in order to
gain insight into the 'critical path’ uncover potential
bottlenecks, and improve capacity planning (taking into
consideration technology/ process required, running hours
available, etc).

« Explore different process parameters for improved
productivity

« Reduce reworks through automated quality inspection
based on estimated product quality [93]

« Determine status of current lean and clean 5

« Enhance product longevity and utilization through
product self-evaluation and subsequent digital upgrade of
product performance (product-pull update). > e.g, through
with prescriptive maintenance {91}

« Product self-adapts (configures rpom of motors, voltage,
ampere, work angles etc) operational performance to
minimize wear and optimize utilization based on real-time
performance demand [85].

« Product self-decides the need for redistribution based
on operating capacity (see also next column).

« Simulatie product use and circular economy market
acceptance. > e.g,, by data-driven models that “learn”
choice behavior of a small customer group and then
replicate that choice behavior on a larger population {95}.

« Reduce and prevent unscheduled downtime by
knowing when to intervene in the use-cycle as to cause
minimal disruption to this > e.g. enhance product use and
operation with predictive maintenance [4,9,10,14,21], {20,22}

« Recommend different product use pattern based on
predicting wear, utilization and energy consumption
[4,8,10,14,19,21], {20}

« Reduce and prevent unscheduled downtime by
monitoring product condition. > eg. enhance product use
and operation with condition-based maintenance [14], {3,20}

« Identify new product use patterns that minimize wear
and energy consumption and thus increase utilization

« Enhance product longevity through discouraging
careless behaviour by condition monitoring
[2,4,8,9,12,13,14,23], {20,91}

. ic anomaly and product diagnosis

ing models through analyzing the impact of existing
bottlenecks and fluctuations in yield [92]

« Enhance existing lean and clean manufacturing models
based on immediate feedback data from manufacturing (i.e.,
feedback-driven R&D)

« Monitor process productivity > e, Kemira smart process
management {60}

« Identify quality, quantity, and timing of current output
flows > e.g. Big Data input-output (I/O) database with all
waste-to-resource information [5]

« Share unused manufacturing capacity > e.g, Airfaas
“Airbnb of factories" {59}

« Distributed manufacturing - producing close to markets
to minimize product miles, support with capacity planning.
Enabled by IT infrastructure of 1T, big data and Al [31,94]

« Analyze and control industrial metallurgical systems
and processes in manufacturing [18]

> e.g, smart building semantic diagnosis from heterogenous
datasources {37}

« Reduced unscheduled downtime by reacting to swift
alerts of sudden product failure [2,4,8,9,12,13,14,21,23],
{16,17,20} > e.g. through with reactive maintenance

« Increase product utilization by sharing idle capacity >
eg, digital marketplace for product rental {62,65,80} and
pay-per-use washing machines {70}

« Enhance product longevity and utilization through
digital upgrade of product performance (company push
update) [29,32],{3,20,22} > e.g, Tesla’s over-the-air update
{44}

« Monitor and track product activity
[2,4,8,9,12,13,14,21,23],{16,17,20,22,79}
- Profiling and behaviour tracking [32],{79}

- Optimize vehicle and fleet usage to reduce fuel consump-
tion, vehicle wear, emission, driving time, and improve
utilization rate [10,23]. > e.g. smart route planning {34,77,86}
and smart fuel consumption {64}

. ic triggering and of (reverse) logistics

requests based on product condition

« Reduce lost or damaged perishable/sensitive goods (food
and medicines) through optimized cold chain distribution and
on-shelf time [6,24]

+ Reduce the need for operational entities through virtual
supply chains {35}

« Product autonomously schedules operation based on the
availability of renewable energy. > e.g, dynamic home
appliance scheduling such as washing machines [40]

« Predict fuel consumption, vehicle wear, emission, and
driving time of route plans. > eg, intelligent traffic systems and
vehicular data clouds {36}

« Predict the distribution time of products to reduce lost or
damaged perishable/sensitive goods based on market and
customer trends.

+ Reduce downtime and equipment destruction by
predicting disturbances in the power system {50}

« Identify new route plans that reduce fuel consumption,
vehicle wear, emission and driving time {86}

« Identify new and more sustainable distribution strategies

« Identify alternative operation timeslots based on the
availability of renewable energy

« Reduce lost or damaged perishable/sensitive goods (food
and medicines) during transportation through simulating cold
chain conditions [6]

< Improve energy efficiency by integrating energy data into
operational planning {45}

« Determine the sustainability level of current
distribution partners, route plans, and strategies.
> eg, through Big Data analytics of publically available data

« Track product location for swift and accurate transporta-
tion [7,8,10,21,23,32], {75}

« Track product location and current owner for reverse
logistics planning [1,10,15,23],{11,16, 69,81}

« Reduce the amount of lost and damaged perishable/sensi-
tive goods (food and medicines) through value chain
monitoring. > e.g. monitoring the conditions inside the truck with
loT sensors [6] and smart food chain {66}

« Pay per energy use intelligent lighting and energy systems g.
>eg., "Pay-per-lux” model {46}

« Fleet efficiency optimization [23], {73}

< Improved value chain configuration [2,30,33]

« Reduce energy waste by leveraging energy use data [47]

References are categorized as follows: [x] = conceptual/theoretical examples, {x} = real-life/case examples. Find detailed references in Appendix B.

Fig. A.2.

The Smart CE matrix II/IIL.
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RECIRCULATE - parts & products
Extend existing use cycles

Extend to new use cycles

Journal of Business Research 120 (2020) 241-261

RECIRCULATE - materials

« Autonomous determination by parts/ products of the
need for and scheduling of the appropriate life cycle
extending operations (upgrade/ repair/ maintenance).
Product or part self-assessment in combination with a
prescriptive maintenance regime and usage patterns (when
utilization is low and thus disruption of operations minimal).
This allows for product/part to autonomously schedule
repair and maintenance, such as in ‘self-owning’ cars.

> eg, autonomous flat-for-full car battery swaps [7]

« Prediction and automated planning of product/ part
life-cycle extending operations (upgrade/ repair/
maintenance) based on condition data (i.e., product health)
and aggregated (failure) data for the product (group) and
taking into account user-activity cycles for minimal
disruption of operations.
> e.g, extend existing use cycle by predicting impending
failures through with predictive maintenance [4,9,10,14,21],
{20,22,76,91,98}

Discovery « Explore different options for product/ part life cycle

« Autonomous cost-benefit analysis by parts/ products
for type of and degree of desired upgrading,
refurbishment, or remanufacturing based on part/
product health.

. market based on the
of product/ part health to reuse and repurpose markets
(may involve the cannibalization of parts from products).

« Predict the impact of different life-cycle scenarios (e.g.,
reuse, refurbish, remanufacture, repurpose) on the product
health and suggest courses of action or use this as input to
compare and decide between them and support human
decision making on this front. > e.g. predictive and effective
remanufacturing [10], {22, 53}

» Model and predict customer acceptance/ adoption of
secondary products based on comparing different
user-activity-cycles (ie, the utilization rate of first vs.
secondary products)

« Accurate product evaluation through comparison with

What better extending operations (upgrade/ repair/ maintenance) other products (e.g, resale price based on product health)
use can be based on condition data (i.e, product health) and >[10]
made of the predetermined rules using aggregated (failure) data for th . jdentify new markets and users and explore relevant
resource given  Product (group). factors for product adoption by secondary users and for
current > e.g, extend existing use cycle through condition-based redistribution, product cascades and alternate use
conditions? maintenance [14], {3,20} >eg, understanding search and resale patterns on digital

« Data-driven simulation for shop-floor decisi Ki product 14,10}, {63} and digital marketplace for

support in remanufacturing processes {97} surplus food {72}

Diagnostic « Determine the need for life-cycle di i -D product health to establish fit for a new
Why/ how did (upgrade/ repair/ maintenance) based on elapsed timeand  purpose in product cascading > e.g, integrating
X happen to use statistics for product (group) [4,9,14,21], {3,20,76,82} construction supply chains with building i ion

the resource?

Descriptive «Trigger request for repair based on alert of sudden
B What product failure (augmented/ smart run-to-failure/ reactive
Information happened to maintenance)

the resource? > e.g, extend existing use cycle through with reactive
maintenance

«Technical support and guided replacement service such

Data as remote maintenance and support for remote sites (e.g.,
o) oil rigs) [9,10,14,32], {20,22,76}
Connected
resources

General benefits « loT product passport [2,10], {55, 69,78}
applicable to majority of

levels

« Autonomous cost-benefit analysis and execution of
end-of-life strategy based on material quantity,
composition and quality, expected environmental impact
of treatment, distance to treatment location, and market
demand and prices (can involve recycling, composting,
material cascading, or waste-to-energy).

« Predict the impact of recycling and cascading on
material composition and quality and direct materials
to appropriate treatment systems.

« Model and predict the environmental impact of
end-of-life scenarios (recycling, composting, material
cascading, or waste-to-energy).

« Predict end-user behavior to optimize collection
>e.g, as seen with Sensoneo {86} and WastelQ {48}

« Identify and explore new and effective material
cascades with a minimum environmental impact
> eg, digital material marketplaces [4,10]

« Understand relevant factors in adoption of end-of-life
materials in markets.

« Identify new markets and users of secondary
materials > e.g, secondary material marketplaces {61, 69}

« Automatic identification of material grade for correct
selection of end-of-life strategy by analyzing purity,

@ i and quality.

modeling (BIM) systems {52}

« Determine end-of-life and reusability performance >
e.g, disassembly and deconstruction analytics system {49}
and reusability analytics {54} for buildings

« Tracking and tracing of part/ product location for
collection and treatment (e.g, reuse, refurbish, remanufac-
ture, repurpose) {22}.

> eg,, automated waste sorting using sensors and Al as seen
in Tomra {45} and smart textile sorting {74}

« Determine the material location and quantity for
optimal collection and treatment (recycling, composting,
material cascading, or waste-to-enerqgy) {23},
>eg, smart bins {68, 86,90}

« Incentivize increased recycling based on
pay-as-you-throw models
> e, the smart waste management platform to WastelQ
{48}

« Track material flows [2]

References are categorized as follows: [x] = conceptual/theoretical examples, {x} = real-life/case examples. Find detailed references in Appendix B.

Fig. A.3. The Smart CE matrix III/IIL.

Appendix B. Reference coding of the smart circular strategies

T: theoretical case (40 cases in total), R: real world case (58 cases in total)

. (Govindan, Soleimani, & Kannan, 2015) - T

. (Pagoropoulos et al., 2017) - T

. (Bressanelli et al., 2018b) - R

(Antikainen et al., 2018) - T

. (Bin et al., 2015) - T

. (Nechifor, Petrescu, Damian, Puiu, & Tarnaucé, 2014) - T
. (Rajala et al., 2018) - T

. (Romero & Noran, 2017) - T

. (Spring & Araujo, 2017) - T

. (EMF, 2016) - T

. (Zhou, Cai, Xiao, Chen, & Zeng, 2018) - R

. (Nobre & Tavares, 2017) - T

. (Jabbour et al., 2019) - T

. (Baines & Lightfoot, 2014) - T

. (Jayaraman, Ross, & Agarwal, 2008) - R

. (Lenka, Parida, & Wincent, 2017) - R

. (Parida, Sjodin, Wincent, & Kohtamaki, 2014) - R
. (Reuter, 2016) - T

. (Reim, Parida, & Ortqvist, 2015) - T

. (Rymaszewska et al., 2017) - R
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21. (Porter & Heppelmann, 2014) - T

22. (Bressanelli et al., 2018a) - R

23. (Nasiri et al., 2017) - T

24. (Vargheese & Dahir, 2014) - T

25. (Gupta, Chen, Hazen, Kaur, & Gonzalez, 2019) - T
26. (Low et al., 2018) - R

27. (Molka-Danielsen, Engelseth, & Wang, 2018) - R
28. (Salminen, Ruohomaa, & Kantola, 2017) - T
29. (Ge & Jackson, 2014) - T

30. (Lieder & Rashid, 2016) - T

31. (Srai et al., 2016) - T

32. (Allmendinger & Lombreglia, 2005) - T

33. (EMF, 2013) - T

34. (Liebig et al., 2014) - R

35. (Verdouw et al., 2013) - R

36. (He, Yan, & Da Xu, 2014) - T

37. (Ploennigs, Schumann, & Lécué, 2014) - R
38. (Hofmann, 2017) - T

39. (Odero, Ochara, & Quenum, 2017) - T

40. (Qayyum et al., 2015) - T

41. (Yoo, Boland, Lyytinen, & Majchrzak, 2009) - T
42. (Normann, 2001) - T

43. (Michel, Vargo, & Lusch, 2008) - T

44, (Marshall, 2018) - R

45, (Tomra, 2020) - R

46. (Phillips, 2020) - R

47. (Shrouf et al., 2014) - T

48. (WastelQ, 2020) - T

49. (Akanbi, Oyedele, Omoteso, et al., 2019) - R
50. (Torsaeter, 2019) - R

51. (Song et al.,, 2017) - R

52. (Akinade & Oyedele, 2019) - R

53. (Yang, Aravind Raghavendra, Kaminski, & Pepin, 2018) - R
54. (Akanbi, Oyedele, Davila Delgado, et al., 2019) - R
55. (Gligoric et al., 2019) - R

56. (Aquabyte, 2020) - R

57. (CreateView, 2020) - R

58. (Smith, 2013) - R

59. (Airfaas, 2020) - R

60. (KemConnect, 2020) - R

61. (Excess Materials Exchange, 2020) - R

62. (DOZR, 2020) - R

63. (The Internet of Clothes, 2020) - R

64. (The Economist, 2017a) - R

65. (Style Lend, 2020) - R

66. (Los Angeles Times, 2013) - R

67. (Smart Bin, 2020) - R

68. (GreenSpin, 2018) - R

69. (Cirmar, 2020) - R

70. (Bundles, 2020) - R

71. (The Economist, 2017b) - R

72. (Too Good To Go, 2020) - R

73. (MIND Mobility, 2020) - R

74. (FIBERSORT, 2020) - R

75. (TimAnn-Box, 2020) - R

76. (Caterpillar, 2020) - R

77. (Peters, 2016) - R

78. (Madaster, 2020) - R

79. (Aurora, 2019) - R

80. (Klickrent, 2020) - R

81. (12Return, 2020) - R

82. (Aiir Innovations, 2020) - R

83. (Clancy, 2017) - R

84. (Kuehn, 2018) - R

85. (Qu et al., 2019) - T

86. (Sensoneo, 2020) - R 125
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87.
88.
89.
90.
91.
92.
93.
94.
95.
96.
97.
98.

(Jabbour et al., 2020) - R
(Dev, Shankar, & Qaiser, 2020) - T
(Monostori et al., 2016) - T
(Bin-e, 2020) - R

(Pham et al., 2019) - R
(Fisher et al., 2019) - T
(Lin, Yu, & Chen, 2019) - T
(Turner et al., 2019) - T
(Lieder et al., 2020) - R
(Jeschke et al., 2017) - T
(Charnley et al., 2019) - R
(Li, Wang, et al., 2017) - R

Appendix C. Literature review search strings

Table C.1

Table C.1
Literature review search strings.
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Keyword

Keyword set

Internet of Things

IoT, internet of things, pervasive computing, ubiquitous computing, intelligent assets, industrial internet, web of things

Big Data big data, cloud computing, and fog computing
Data Analytics machine learning, artificial intelligence, deep learning, analytics
DTs IoT, internet of things, pervasive computing, ubiquitous computing, ubicom, ambient intelligence, intelligent asset*, internet of everything, smart device*,
connected device*, connected object*, smart product*, connected product*, industrial internet, industry 4.0, machine to machine, m2m, device to device,
d2d, web of things, domotics, second internet, digiti*ation, disruptive technologies, technical asset*, smart sensor*, smart city, smart home, cyber-physical
system*, cyber physical system*, machine learning, artificial intelligence, deep learning, big data, cloud computing, fog computing and analytics
CE circular econom*, circl* econom*, cycl* econom?*, closed loop econo*, closed loop * chain*, clos* material loop*, and circulation economics
Framework framework, model, architecture, and conceptuali*ation
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Abstract. To date, data science and analytics have received much
attention from organizations seeking to explore how to use their massive
volumes of data to create value and accelerate the adoption of Circular
Economy (CE) concepts. The correct utilization of analytics with circular
strategies may enable a step change that goes beyond incremental effi-
ciency gains towards a more sustainable and circular economy. However,
the adoption of such smart circular strategies by the industry is lagging,
and few studies have detailed how to operationalize this potential at
scale. Motivated by this, this study seeks to address how organizations
can better structure their data understanding and preparation to align
with overall business and CE goals. Therefore, based on the literature
and a case study the relationship between data science and the CE is
explored, and a generic process model is proposed. The proposed pro-
cess model extends the Cross Industry Standard Process for Data Mining
(CRISP-DM) with an additional phase of data validation and integrates
the concept of analytic profiles. We demonstrate its application for the
case study of a manufacturing company seeking to implement the smart
circular strategy - predictive maintenance.

Keywords: Data science - Circular Economy -
Predictive maintenance - Business analytics - CRISP-DM

1 Introduction

In recent years, the concept of Circular Economy (CE) has received significant
attention from businesses, policymakers, and researchers as a way to promote
sustainable development [25]. With the aim of decoupling value-creation from the
consumption of finite resources, CE leverages a range of restorative, efficiency,
and productivity oriented strategies to keep products, components, and materials
in use for longer [16,17]. Nevertheless, the adoption of CE by the industry so
far is modest [26,54,61]. This also holds for manufacturing companies. Although
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they play a vital role in the creation of value, little improvements are seen in
their decoupling from linear consumption of resources.

In parallel, the emergence of new technologies as the Internet of Things,
Big Data, and Artificial Intelligence - collectively known as Digital Technologies
(DTs) - have encouraged a paradigm shift for industrial production, the ‘Fourth
Industrial Revolution’. These DT's are seen as one of the key enablers for a wider
adoption and accelerated transition to CE [19,20]. Moreover, they form the oper-
ational building blocks of a more efficient and effective CE, the Smart CE.

The significance of DT's to transition to a CE however is argued to be more
than a technical challenge [64]. First, it requires a clear data and business ana-
lytics strategy, the right people to effect a data-driven cultural change, and it
demands the organization to appropriately structure their departments to align
the analytics capability with their overall business strategy. Kiron and Shockley
[36], concur and note that organizations have to develop data-oriented manage-
ment systems both to make sense of the increasing volumes of data and, more
importantly, for transforming the insights into business value and a competitive
advantage. Supporting this transformation, by the use of analytics methods, is
the data science process' [57]. However, there seems to be a gap between the
output of these insights and the generation of business value [14,44,66]. As high-
lighted by extensive research, this is often due to the ineffective integration of
data science methods within the organization [2,14,21,38,66].

Extant data science methodologies have not yet been scoped or demonstrated
for the context of CE. For instance, the study [20] only presents the need for a
process covering data collection, data engineering, algorithm development, and
algorithm refinement within the CE without detailing how to operationalize it.
Contributions are more commonly seen on topics such as service design [45],
or the technical details of analyzing data, e.g., [11]. In this work, we recognize
the importance of aligning an organizations analytics development with overall
business and CE initiatives. The process discussed in this paper differs from pre-
vious contributions in three ways: First, it extends the Cross-Industry Standard
Process for Data Mining (CRISP-DM) with an additional phase of data vali-
dation. Second, it consolidates an organization’s analytics knowledge base by
integrating the concept of analytic profiles. Third, the process is demonstrated
for the context of CE by the case study of predictive maintenance (PdM) for an
original equipment manufacturer (OEM). We use PdM as an example here as it
is a prominent smart circular strategy (facilitating for extending the use-cycle,
increasing the utilization and looping/cascading assets), allowing for generaliza-
tion to other strategies.

The remainder of the work is detailed in following sections. Section 2 gives
background on the data science and the concept of CE, thereafter Sect. 3 presents
the research approach followed for this work. Section4 presents the proposed
CRISP-DM process model modifications, whilst Sect. 4.1 details the case study of
PdM for CE. Finally, the paper is concluded and further work presented in Sect. 5.

! In this paper, we use the expressions process, method, and methodology interchange-

able as a set of activities that interact to produce a result.
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2 Background

2.1 Data Science

Data science is a multidisciplinary field encompassing tools, methods, and sys-
tems from statistics and data analytics (hereby referred to as analytics) applied
to large volumes of data with the purpose of deriving insights for decision-making
support [21,38,48,57,66]. As such, data science may include the collection and
use of data to: (i) better understand the business operation and provide cur-
rent state evaluation of performance, (i) transform the organization from being
reactive to proactive in business decision-making through use of predictive ana-
lytics, (i11) improve customer service through use of data to build a more coher-
ent knowledge base and understanding of customer needs, and (iv) increase the
efficiency, enhance the effectiveness and facilitate the implementation of CE con-
cepts at scale (e.g., by optimizing circular infrastructures, business models, and
products-service systems) [13,20,44,47,48].

Business =P Data
Understanding @ Understanding

Data
Preparation
Deployment U. T l
Data

Modeling

/

Fig. 1. Phases of the CRISP-DM process model [10]

Evaluation

Research shows that companies embracing data science have experienced
noticeable gains in business development (i.e., productivity and profitability)
[44,66]. However, the impact of data science is not limited to commercial endeav-
ours alone. For instance, studies show improved sustainability for building energy
management [46], predictive capabilities in supply chain management [66], health
care services in the medical industry [50] and environmental impact of the man-
ufacturing and process industry [29,34]. However, the effects for the CE is still
largely unexplored.
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To support the effective integration of data science within organizations, vari-
ous methodologies have been proposed in the literature (e.g., KDD and SEMMA
[22,59]). The most commonly used is the CRISP-DM process model created by
IBM, reporting a use level of 43% followed by 28% of companies using their
own methodology [53]. CRISP-DM is described in terms of a hierarchical and
cyclic process model composed of six phases (see Fig. 1), each consisting of sev-
eral generic tasks (e.g., clean data), specialized tasks (e.g., cleaning of numerical
and categorical values) and process instances (i.e., how these tasks are opera-
tionalized through different actions, decisions and results). The methodology is
designed to be generic, complete and stable, meaning that it should cover the
whole analytics development process for all possible applications, and should be
valid for yet unforeseen developments (e.g., new analytics modeling techniques)
[10]. Despite the high reported level of use, the methodology appears to not be
in active development. We recognize that IBM have later proposed an exten-
sion to CRISP-DM called the Analytics Solutions Unified Method (ASUM-DM)
[30]. However, ASUM-DM differs only in the operational/deployment aspects
of the process and describes the same phases for development. Therefore, given
CRISP-DM’s continued widespread adoption from practitioners and inherent
generic, complete and stable design, we have chosen it as our reference model.
As a stand-alone data science process, CRISP-DM has been successful within
its bounds [67]. However, suggestions for the following shortcomings have been
made [6,55] (the issues are addressed in Sect.4):

(i) the lack of a good management view to track and communicate knowl-
edge/insights,

(ii) the lack of assessment of analytics implementation feasibility (e.g. by lever-
aging a maturity assessment or gap analysis),

(iii) despite its widespread adoption, the process is not always understood by the
wider business community, hence it is difficult to manage actual business
value of the analyses,

(iv) the iterations do not loop back to the business level (prior to analytics
modeling) for domain specific knowledge after the first two phases,

(v) and lack of control of added value.

2.2 Circular Economy

CE emerged as an umbrella concept in the 2010s as an approach to achieve
sustainability [7], and encompass a range of strategies for narrowing, slowing
and closing material and energy flows [8, 18] as a means for addressing structural
waste. Although the CE concept continues to grow and gain attention, it remains
in an early stage of development. Therefore, a detailed definition of CE is still
missing in the literature [24,31,35,41]. However, one of the most prominent
definitions has been provided by the Ellen MacArthur Foundation [15,17], where
CE is defined as a system “that provides multiple value creation mechanisms,
which are decoupled from the consumption of finite resources.”

CE strategies span from operational processes (i.e., restore, reduce, recir-
culate, and avoid) to more strategic, and business models related, strategies
(i.e., reinvent, rethink, and reconfigure)l49Ts is highlighted by literature as an
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important enabler of CE strategies [4,9,19,49,51]. However, the adoption by
industry is meager, and the research is still in a pre-paradigmatic stage [51].
Using DTs for the CE, Smart CE, promotes a sustainable ecosystem where assets
(products, components, materials, and so on) are given virtual, or digital coun-
terparts that allows for the sensing, communication, interaction, and exchange
of data. By embedding software and analytics intelligence within or connected to
these assets allows for easier manipulation and automation of the assets and of
the environment, or system, in which they operate - enabling an increase of the
systemic resource efficiency and productivity of the CE. This can for instance
be seen with the data-driven maintenance strategy, or smart circular strategy,
PdM [1,43,62]. PAM is a pertinent strategy for OEMs seeking to transition to
the CE. OEMs offer one of the highest potential for environmental and economic
impact of any sector [19]. In the European Union, material savings alone have
been estimated to USD 650 billion for a full CE transition [15]. A gross part of
this potential can be linked back to PAM by its three CE value drivers [19]:

Extending the life cycle: correct condition-assessment for need of and
scheduling of appropriate life cycle extending operations,

Increasing utilization: reduce unplanned downtime and increased equip-
ment effectiveness,

Looping the asset: improve insight and transparency into asset’s condition
and usage history.

Achieving a Smart CE requires companies to reconfigure and blend their
existing value creation mechanisms with new innovative digital strategies. Blend-
ing digital strategies with value offerings require companies to become data-
driven (i.e., decision-makers base their actions on data and insights generated
from analytics, rather than instinct). Supporting this, Janssen et al. [33] argue
that the quality of these evidence-based decisions depends largely on the qual-
ity of the inputs and the process that transforms these inputs into outputs -
essentially the data science process.

3 Research Approach

The proposed process was developed based on an analysis of the data understand-
ing and data preparation phases of the current CRISP-DM 1.0 step-by-step data
mining guide [10] together with insights from company engagement under the
CIRCit research project [12]. Given the exploratory nature of the research and
the pre-paradigmatic stage of the field [51], case study research was chosen as the
methodology for empirical investigation [69]. The case study research method-
ology is particularly suitable for the initial stage of investigation [31] as it help
provide insights with relatively good understanding of the complexity and nature
of the phenomenon [65]. Moreover, even a single case study can provide scientific
development through a deep understanding of the problem and the capturing of
experiences [23].

A research protocol was used in order to ensure reliability and validity of the
findings, including case study design, data collection, data analysis, and formal-
ization of results [69]. The company wak selected based on a judgmental sampling
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technique [28]. First, the company should be from the manufacturing industry
and have interest in, or experience with, the CE. Second, the company need to
have sensory/operation data available for analytics and Smart CE investigation
for this paper. To this regard, a Nordic OEM company manufacturing and ser-
vicing industrial cranes, who is particular interested in PdM, was contacted and
accepted to participate in the project and case study. However, the company
identity has been concealed here to protect their business interests.

Following the research protocol, data collection was performed through sev-
eral semi-structured interviews to first gather general information about the
context of the company before the operation data were exchanged and insights
specific to analytics and PdM were collected. Following the collection of organi-
zational and operation data, analytics investigation was performed to evaluate
the potential PdM and set implementation requirements. Then, the last face of
the protocol was conducted, looking for possible procedural improvements of the
CRISP-DM model to meet the requirements from analytics.

4 An Enhanced CRISP-DM Process Model

Asset and process management research argue that data should be specifically
structured for the intended use within the work flow [27,57]. Analytics research
concur and note that insight is more obtainable when the data has been prepro-
cessed for a specific domain of analysis [32,37,42,52,68]. To this effect, and to
address the previous highlighted shortcomings, we propose an extended CRISP-
DM process model. The proposed process model adds an additional phase called
data validation (addressing issues (iv) and (v)), and argues for the integration of
analytic profiles (addressing issues (i) and (iii)) as a core element of the process.
Figure 2 illustrates the enhanced CRISP-DM process model developed.

Business Profiles Data
Understanding Understanding

Data
Preparation

K )

Data

Deployment

Evaluation Data

/ Validation
\ Modeling

Fig. 2. An enhanced CR}%?—DM process model
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In CRISP-DM, there is no validation between the data preparation phase
and the modeling phase against the specific business domain [6,48]. Specifically,
once the data is prepared for modeling, only the criterion needed to ensure
optimal analytics model performance are considered [48,67]. Thus, a complete
understanding of whether the data which is prepared is a valid representation
of the original problem is not guaranteed. General data preparation methods
alter the original data, and there is often loss in information specific to the
domain that should be monitored [5,48]. As such, this may result in sub-optimal
solutions that miss the mark on the intended capturing of business value [55,63].
Therefore, we argue that data validation should be done by the re-involvement of
the business entity, or domain experts, to validate that a proper understanding of
the data and business problem have been reached, and include data preparation
methods tailored for the given analytic profile. The data validation phase may
result in a re-iteration of the data understanding and/or the data preparation
phase(s) (indicated by a single arrow back in the diagram).

Analytic profiles are defined as structures that standardize the collection,
application and re-use of analytics insights and models for key business entities
[60]. As such, an analytic profile is an abstract collection of knowledge, mainly
used in the business and data understanding phases, that lists the best practices
for a particular analytics use case, or problem. Analytic profiles may have differ-
ent levels of granularity depending in the use case and the organization’s level of
experience. However, information on the following elements should be included:

— Use case description defining the business goal (e.g., predict the remaining
useful life of a crane),

— Domain specific insights important for the use case (e.g., knowledge about
typical crane failures and causes),

— Data sources relevant for the use case (e.g., time-series data of crane oper-
ation and service data with failure modes),

— Key Performance Indicators (KPIs) or metrics for assessing the ana-
lytics implementation performance (e.g., crane failure rate, downtime and
maintenance costs),

— Analytics models and tools with proven conformity for the given problem
(e.g., long short-term memory networks and deep belief networks),

— Short descriptions of previous implementations with lessons learned
(e.g., deep belief networks for backlash error prediction in machining centers
40]).

As per the CRISP-DM process level breakdown [10], analytic profiles can be
regarded as a generic task particularly relevant between the business and data
understanding phases (indicated by an analytic profile icon in the diagram).
Through such a consolidation of the analytics knowledge base, organizations can
more easily learn and reuse their own experience and the experience of others to
catalyze the analytics development process. Furthermore, Kiron and Shockley
[36] state that organizations should appropriately structure their resources to
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align their analytics capability with their overall business strategies. Therefore,
we argue that analytic profiles should be build for all business strategies, or use
cases, relying on insights from analytics.

4.1 Case Study: Predictive Maintenance for an Original Equipment
Manufacturer

In this section we give detail to the strategy of PdM for the context of CE
together with insights from the case study to validate the adaptations made
to CRISP-DM. However, we only detail the structuring of data from the data
understanding phase to the data validation phase. As such, we do not cover the
whole analytics development process or the full contents of the analytic profile
of PdM.

According to EN 13306:2010, predictive maintenance is defined as condition-
based maintenance carried out following a forecast from analytics or known char-
acteristics of the features of the degradation of an asset. It contrasts traditional,
or non-predictive, maintenance actions that are only based on information of the
current condition. Therefore, as PAM integrates multiple DTs (e.g. Internet of
Things and Artificial Intelligence) it enables real-time access to detailed infor-
mation about the assets’ location, condition, and availability. This allows for
augmenting human decision-making by predicting product health, wear, usage,
and energy consumption [56]. This “sense and respond” capability is crucial for
the CE as it allow for greater transparency of assets’ actual condition through-
out their life cycle, and enable triggering of appropriate life cycle extending
operations for the OEM or service provider [58].
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Fig. 3. Example structuring of data for a PAM analytic profile

The main goal of the analytics exploration was to evaluate the current sta-
tus of analytics development towards the implementation of PdM within the
company. For the case of a PAM analytic profile, the occurrence of faults or
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degradation and their influence during assets’ life cycle are considered domain
specific knowledge [3,5]. Therefore, the data must contain life cycle observa-
tions in which information or knowledge pertaining to the occurrence of faults,
degradation, or process change can be inferred [39,52,62]. In general, this can
be decomposed to sensor measurements .S, location L, and maintenance logs M
which describe the condition at various time steps. Figure 3 illustrates such a
structuring of an asset’s data in which its attributes are collected from multi-
ple data sources, such as time, sensory/monitoring data, location, maintenance
logs, and Enterprise Resource Planning (ERP) system data. The observation at
an arbitrary time ¢; describes the condition of the asset per set of attributes
t;(Si, Li, M;). This structuring ensures the data is useful for the intended anal-
ysis, and when combined with involvement from the business entity by domain
experts makes up the data validation phase. However, the analytics exploration
performed by the researchers showed that the current collected features were not
sensitive enough to the failure categories required by PdAM. This means that the
provided data lacked in quality and did not contain the necessary level of detail
of failure modes needed in order to predict impending failures. Consequently,
the business goal and targeted analyses had to be changed to less advanced
analyses. In this case, the goal was transferred to abnormality identification
and the development of a method to evaluate the severity degree of the cranes.
High severity degree means that the behaviour of the sample crane is different
from the majority, thus is more likely to have impending failures. Also, it is not
uncommon that important information, or observations, within the data might
get ‘lost’, or disregarded, in the data preparation phase (due to misunderstand-
ing of the business goal). Therefore, we argue that it is crucial for the success of
data science initiatives to include a phase of data validation prior to modeling.
In summary, the data validation phase ensures that modeling happens on the
right data for the right reasons.

Following the data preparation and data validation phases, the standard
CRISP-DM phases of modeling, evaluation, and deployment should be followed.
In these phases, analytics methods are applied to, e.g., provide predictions or
current state inferences of the manufacturing operation. This may include the
accurate identification and prediction of impending failures, degradations, or
abnormal behaviour, which can then be used for decision-making support or
directive actions for operations management. Finally, when the process of PAM
has been structured in such a way that it allows for standardized collection,
application and re-use of its analytics insights.

Interviews with the case company revealed that such a structuring of the data
and standardized use of analytic profiles had not been systematically integrated
within the organization. In the intervention after the analytics exploration the
researchers presented the results of their analyses with suggestions for how to
appropriately structure their data science process model (e.g., how to link the
abnormality identification with typical uses cases and KPIs). Feedback from the
company showed the new data science process, especially with the active use
of KPIs, could provide a better management view for easier communication of

knowledge, tracking of business value and CE impact.
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5 Conclusion and Future Work

This paper proposed an enhanced CRISP-DM process model and a case study
discussing how to structure the data of the analytic profile of PAM for the context
of CE. We addressed the issues (iv) and (v) (lack of iterations looping back to the
business level and no control of added value) by introducing an additional phase
of data validation. As such, we highlighted the importance of the re-involvement
of the business entity, or domain experts, to include domain specific knowledge
for structuring and validating the data prior to modeling. Furthermore, we partly
addressed the issues (i) and (iii) (lack of good management view and difficulty in
managing actual business value of analyses) by introducing analytic profiles as
an integrative part of the process model. Motivated by the benefits of the Smart
CE, we discussed how data science is fundamental for using DTs to increase
the efficiency, enhance the effectiveness and facilitate the implementation of CE
strategies. For future work, we aim to extend on the business analytics and
CE connection to the data science process. Essentially, detailing the business
understanding and data understanding phases with CE related business model
scoping and analytics leverage assessment. Lastly, greater detail and empirical
evaluation of the suggested CRISP-DM modification should be added.
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ARTICLE INFO ABSTRACT

Keywords: Digital technologies are growing in importance for accelerating firms’ circular economy transition. However, so
Digital circular economy far, the focus has primarily been on the technical aspects of implementing these technologies with limited
Sustainability

research on the organizational resources and capabilities required for successfully leveraging digital technologies
for circular economy. To address this gap, this paper explores the business analytics resources firms should
develop and how these should be orchestrated towards a firm-wide capability. The paper proposes a conceptual
model highlighting eight business analytics resources that, in combination, build a business analytics capability
for the circular economy and how this relates to firms’ circular economy implementation, resource orchestration
capability, and competitive performance. The model is based on the results of a thematic analysis of 15 semi-
structured expert interviews with key positions in industry. Our approach is informed by and further de-
velops, the theory of the resource-based view and the resource orchestration view. Based on the results, we
develop a deeper understanding of the importance of taking a holistic approach to business analytics when
leveraging data and analytics towards a more efficient and effective digital-enabled circular economy, the smart

Big data analytics
Competitive advantage
Resource-based view
Expert interviews

circular economy.

Introduction

Sustainability has been an issue subject to extensive research and
discussion ever since the Brundtland report in 1987 (Commission on
Environment and Development, 1987). Following this, the concept of
circular economy (CE) has gained attention by policymakers, re-
searchers, and organizations alike as a way to promote sustainable
development (Geissdoerfer et al., 2017; Ghisellini et al., 2016). The CE
envisions a global economy in which value-creation is decoupled from
the consumption of finite resources by leveraging a range of productivity
and efficiency-enhancing as well as restorative strategies to keeping
products, components, and materials in use for longer (Blomsma and
Tennant, 2020; EMF, 2015a, 2015b). In other words, the CE promotes
two ideas at the heart of sustainable development: economic develop-
ment combined with reducing the environmental burden of economic
activity. As a result, the CE is rapidly gathering momentum as a way of
boosting economies, while addressing mounting resource-related chal-
lenges, creating jobs, spurring innovation, and generating substantial
environmental benefits (European Commission, 2020a, 2020b; Stahel,
2010). However, so far, the adoption of CE principles in the industry has

* Corresponding author.

been modest (Circle Economy, 2020; Haas et al., 2015; Planing, 2015;
Sousa-Zomer et al., 2018).

Simultaneously, the rapid innovations of digital technologies have
raised data and analytics to the top of corporate agendas along with
claims that ‘data is the new oil’ that is to be refined to extract unprece-
dented value (Brown et al., 2011; McAfee et al., 2012). Hence, the ca-
pacity to gather, process, structure, and use data in decision-making,
known as business analytics (BA), is increasingly seen as a source of
competitive advantage (Mortenson et al., 2015; Provost and Fawcett,
2013). Correspondingly, we see a growing interest from organizations in
leveraging BA for an accelerated transition towards the CE (Antikainen
et al., 2018b; Bressanelli et al., 2018a; EMF, 2016, 2019; Kristoffersen
et al., 2020; Nobre and Tavares, 2017; Pagoropoulos et al., 2017). BA
can support firms’ CE transition in various ways. For one, BA can be used
to optimize circular strategies such as reverse logistics, energy con-
sumption, and maintenance (Bressanelli et al., 2018b; Lenka et al., 2017;
Rymaszewska et al., 2017). Second, BA may serve to identify and
address structural waste, such as underused product capacity or
waste-to-resource matching in industrial symbiosis systems (Bin et al.,
2015; Low et al., 2018). Third, BA may support the innovation process of
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future circular strategies through simulating impacts of life cycle sce-
narios or identifying possible life cycle extending activities (Lieder et al.,
2020). In this capacity, BA can be used to identify novel business op-
portunities and alternative sources of competitive advantage.

Currently, however, most studies connecting the fields of BA and CE
are in a nascent stage and offer mostly anecdotal evidence (Kristoffersen
et al., 2020). Unsurprisingly, there is limited empirical work grounded
on established management, information systems (IS), and CE theories
(Lahti et al., 2018). A gap exists in understanding how to wield BA in a
targeted way to support circular strategies operationally and find new
CE opportunities. As a result, questions of whether, under what condi-
tions, and how BA can improve firms’ competitive performance through
the enhanced leveraging of circular strategies, remains unanswered.
However, to answer this, an instrument to empirically investigate BA’s
contribution towards CE must be developed. An important first step is to
identify which distinctive BA resources’ that, in combination, build a
business analytics capability (BAC) for CE and the processes through
which firms orchestrate and leverage them.

Notwithstanding the number of studies on BA capabilities for general
business operation and supply chain management (Akter et al., 2016;
Wang et al., 2016), these are all rooted in the linear economic model and
way of thinking. Hence, they lack alignment with more holistic infor-
mation management and sustainable principles core to the CE (Gupta
et al., 2019). This applies both to strategic and operational activities
such as reinventing and reconfiguring business models and value chains,
reducing raw material sourcing and manufacturing impacts, and recir-
culating products and materials to additional use cycles. The CE sets
greater demand for firms to collect, integrate, analyze, and share data
across organizational boundaries, both upstream and downstream in the
value chain. Consequently, adopting CE imposes different BA resources
compared to previous BAC research. This lack of research and limited
understanding severely hampers organizations’ ability to transition to
the CE, restructure organizational resources, and fully capitalize on their
BA investments. Therefore, to obtain relevant theoretical and practical
insights, for researchers and practitioners alike, it is essential to identify
what the core artifacts of BA pertinent to CE are, and how they are
structured, bundled, and leveraged within firms.

To address this gap, this study employs thematic analysis of a series
of semi-structured interviews to identify the core organizational re-
sources, or building blocks, of a BAC for CE (RQ1) and examines how
firms orchestrate these resources into a firm-wide BAC for CE (RQ2). We
build on a qualitative exploratory approach in order to isolate the key
resources that comprise a BAC for CE, and to identify the mechanisms
through which they are leveraged. The research questions addressed in
this study are:

RQ1 What are the business analytics resources required for circular
economy?

RQ2 How should firms structure, bundle, and leverage their business
analytics resources into a business analytics capability for circular
economy?

The rest of this work is detailed in the following sections. First,
Section 2 provides background on the relation between CE, digital
technologies, and BA together with theory on developing organizational
capabilities. Section 3 explains the research methodology followed to
analyze 15 semi-structured expert interviews. We then present the result
of our analysis of emergent factors, conceptual model, and how firms
manage their BA resources for CE Section 4. Our results uncover eight
key organizational resources of a BAC, along with insights on how to
deploy them. Finally, in Section 0 and 6, we provide a discussion of the
findings along with limitations, avenues for future research, and
conclusive remarks.

1 Here, we refer to BA resources as a subset of organizational resources under
the resource-based view theory. 150
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Background
Smart circular economy

Despite the growing interest from industry and academia alike, CE is
still in its infancy, and a unified definition is missing (Kirchherr et al.,
2017). In their analysis of 114 definitions, Kirchherr et al. (2017) pro-
vide the following meta-definition: “A CE describes an economic system
that is based on business models which replace the ‘end-of-life’ concept with
reducing, alternatively reusing, and recycling [...] materials in pro-
duction/distribution and consumption processes, [...], with the aim to
accomplish sustainable development, which implies creating environmental
quality, economic prosperity and social equity, to the benefit of current and
future generations”. As such, CE may be understood as an umbrella
concept, in which various frames exist Blomsma and Brennan (2017),
but that has as a common goal to replace current ‘take--
make-use-dispose’ systems with systems addressing structural waste.
Instrumental to this is the application of circular strategies, which pro-
vides new value creation opportunities and reduce value loss and
destruction by narrowing, slowing, and closing material and energy
flows Bocken and Short (2016). For instance, think of recycling mate-
rials instead of shipping them to landfill or incineration and reusing
parts and products through repair, remanufacturing, sharing, or
access-over-ownership models.

However, companies embracing a CE may be subject to several risks,
such as a mismatch between fluctuating demand, supply, and value of
used assets, causing uncertainties with cost and return on investment
(de Sousa Jabbour et al., 2018). Consequently, to date, resources’ are
reused at marginal volumes. One of the fundamental causes to these
issues is the missing information throughout the industrial life cycle
Wilts and Berg (2018). From an IS point of view, the CE transition can be
understood as a problem of information logistics. Digital technologies
can support this by addressing key operational barriers in the loss of
information that typically results in linear value chains, such as no
insight into location, availability, or condition of assets (Su et al., 2013).
Hence, effectively leveraging the abundant sources of data available
throughout the industrial life cycle to fully connect material- and in-
formation flows may provide the step change needed for companies to
go beyond incremental efficiency gains towards the CE. To this end, the
emergence and increased uptake of digital technologies are highlighted
as vital for CE implementation (Antikainen et al., 2018a; Bressanelli
et al., 2018a; de Sousa Jabbour et al., 2018; EMF, 2019, 2016; Kris-
toffersen et al., 2019; Nobre and Tavares, 2017). In this context, the term
digital technologies encompass various related concepts, such as the
internet of things, big data, artificial intelligence, BA, cloud computing,
cyber-physical systems, and blockchain. In this study, we limit our focus
to BA due to its potential to leverage data for improved resource man-
agement and decision-making support across the different stages of the
industrial life cycle.

In other words, an increased drive towards digitalizing the CE could
pave the way for a more efficient and effective CE, known as the Smart
CE (Kristoffersen et al., 2020). Acknowledging the potential of a Smart
CE, various sources have voiced the need for research into how orga-
nizations can leverage digital business practices for CE implementation
and value creation (Chauhan et al., 2019; EMF, 2019, 2016; European
Commission, 2020b; Okorie et al., 2018; Rosa et al., 2020). To address
this, several theoretical frameworks connecting CE with digital strate-
gies have been presented (Askoxylakis, 2018; Bianchini et al., 2018;
Ingemarsdotter et al., 2019; Kristoffersen et al., 2020; Rosa et al., 2020;
Unal et al., 2018). However, no dominant framework has yet emerged,
and only one provides detail on the underlying technical mechanisms
needed for identifying BA resources (Kristoffersen et al., 2020). Thus, for

2 Here, we refer to physical resources such as materials, components, and
products.



E. Kristoffersen et al.

the purpose of this study, we draw on the Smart CE framework by Kris-
toffersen et al. (2020) for contextual alignment.

Resource-based view and resource orchestration

Building on the works by Wernerfelt (1984) and Amit and Schoe-
maker (1993), developing and sustaining a competitive advantage is
fundamental to strategic management literature. To date, the
resource-based view (RBV) is considered to be one of the most rigorous
theories to explain firm performance through the resources they own
and control Barney (2001). The theory has also been under considerable
scholarly attention under the notion of IT capabilities Bharadwaj
(2000). RBV proposes that a firm generates competitive advantage
through the collection of tangible and intangible resources, specifically
the ones that are valuable, rare, inimitable, and non-substitutable
(known as VRIN) Barney (1991). Despite decades of empirical work
and recent meta-analysis supporting the importance of these resources
for competitive performance, scholars argue that the theory requires
additional specification to explain differences amongst firms’ outcomes
(Crook et al., 2008; Kraaijenbrink et al., 2010; Sirmon et al., 2011). The
core assumptions of VRIN also pose a challenge when applied to the
context of BA, as the core resource, data, is often not rare, but an open
and shared resource (Braganza et al., 2017).

Amit and Schoemaker (1993) define organizational resources as
stocks of tradable and nonspecific assets in the firm, and capabilities as
the firms specific and non-tradable ability to deploy such resources,
through organizational processes, to affect a desired end. Hence, one can
distinguish between the notion of resource-picking (identifying re-
sources of strategic value) and capability-building (orchestrating these
resources into useful assets) Makadok (2001). Much attention from IS
research has been paid to the resource-picking aspects of firms’ BAC, but
less to capability-building (Mikalef et al., 2018). To this end, Sirmon
et al. (2011) propose the resource orchestration view (ROV) to extend
the understanding of RBV by explaining the role of managers for
transforming resources into capabilities.

The research stream of ROV builds on RBV and dynamic capabilities
through the complementary integration of the resource management
framework by Sirmon et al. (2007) and the asset orchestration frame-
work by Helfat et al. (2009). The integrated framework provides a more
robust perspective of managers’ specific role in the processes of struc-
turing, bundling, and leveraging capabilities across differences in firm
characteristics (i.e., scope, life cycle stage, and levels in the managerial
hierarchy). Each process includes several sub-processes with varying
relative importance depending on the firm’s characteristics, suggesting
variance in the type and importance of managerial actions in orches-
trating the firm’s resources (Sirmon et al., 2011) (see Table 2 for details).
Despite limited studies on research orchestration and BAC, the frame-
work has been applied to the role of IT resources, capabilities, and dy-
namic capabilities for innovation Ahuja and Chan (2017). Ahuja and
Chan (2017) used the retrospective case study of Barclays ‘digital eagles’
program to examine the process of ‘IT resource orchestration’ to explain
how the firm transformed its IT resources into IT capabilities and dy-
namic capabilities for increased innovation and firm performance. The
motivation for choosing RBV and ROV as the theoretical groundings in
this study is because the former presents a solid foundation whereupon
all organizational resources can be identified, while the latter provides a
lens to examine how these resources are managed and turned into ca-
pabilities to leverage circular strategies for increased competitive
performance.

Business analytics capability

The term intelligence was first used by artificial intelligence re-
searchers back in the 1950s, later spurring the concept of business in-
telligence in the 1990s closely followed by business analytics in the 2000s
(Chen et al., 2012). While numerous definitions exist, BA is frequently

Technological Forecasting & Social Change 171 (2021) 120957

referred to as the collection of technologies, methodologies, practices,
and applications that enable the analysis of critical business data to
make more sound and evidence-based business decisions (Chen et al.,
2012; Seddon and Currie, 2017). Recently, the term big data analytics
have emerged to describe the set of techniques and application in which
the (big) data sets are too large and complex for traditional methods
(Chen et al., 2012). For the purpose of this study, we treat BA and big
data analytics as a unified term and draw on the systematic literature
review by Mikalef et al. (2018). As highlighted in their review, many
data characteristics exist; however, the attributes of volume, velocity, and
variety are highlighted as key to underpinning the notion of BA (McAfee
etal., 2012). Recent studies have extended this with characteristics such
as veracity (Abbasi et al., 2016; Akter et al., 2016), visualization (Seddon
and Currie, 2017), and variability (Seddon et al., 2017).

Nevertheless, effectively leveraging and transforming data into
business value and actionable insights require companies to go beyond
the technical aspects of data characteristics (Vidgen et al., 2017).
Becoming a data-driven organization is a complex and multifaceted task
requiring the transformation of multiple organizational resources with
attention from several levels of managers. To address these challenges
and provide guidelines for practitioners, scholars have introduced the
concept of a business analytics capability to indicate an organizations’
ability to leverage data for increased strategic and operational insight
(Mikalef et al., 2018). Mikalef et al. (2018) define BAC as a firm’s pro-
ficiency in capturing and analyzing data towards the generation of in-
sights by effectively managing its data, technology, and talent.

Present BA research streams in IS have put considerable efforts into
defining the building blocks, or resources, of a firm’s BAC through the
RBV. However, little is known about the orchestration process required
to leverage these resources into a firm-wide capability (Mikalef et al.,
2018). Specifically, a gap exists in explicitly addressing managers’ roles
and actions in effectively structuring, bundling, and leveraging firm
resources through the ROV (Sirmon et al., 2011). Furthermore, efforts in
BA research have primarily focused on the mechanisms through which it
generates competitive performance while mostly disregarding the
impact in areas of CE and sustainability. The review by Rialti et al.
(2019) advocates for future research to explore the additional effects of
BA capabilities apart from competitive performance. Despite interest in
the role of BA for sustainable supply chain management, as seen in
(Dubey et al., 2016; Hazen et al., 2016; Wang et al., 2016; Wu et al.,
2017; Zhao et al., 2017) and circular supply chain management in
(Gupta et al., 2019), there has been significantly less research on its role
in leveraging a broader range of circular strategies. To date, most studies
connecting the fields of BA and CE are in a nascent stage and offer only
anecdotal evidence (Kristoffersen et al., 2020). Unsurprisingly, there are
limited empirical work grounded on established management, IS, and
CE theories (Lahti et al., 2018). Hence, it needs to be established, which
factors of BA companies adopting CE should leverage, and how. For any
data-driven business, this includes assembling, integrating, and
deploying both tangible and intangible analytics-related organizational
resources (Mikalef et al., 2018; Shuradze and Wagner, 2016).

Research methodology
Research design

Given the emergent state of the field, we employed an exploratory
qualitative study to develop the first instance of an instrument to
empirically investigate BA’s contribution towards CE. Specifically, a
construct for measuring firms’ CE-specific BAC and a conceptual model
with propositions for the mechanisms through which this capability
improves competitive performance in terms of paths and mediating roles
of CE implementation and resource orchestration capability. Utilizing
the RBV and the ROV as the grounding theoretical frameworks, we
employed a literature review in combination with semi-structured in-
iegvliews (see Fig. 1 for the steps involved). Provided no previous
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=

Fig. 1. Research steps.

measures of BAC for CE exist, it was necessary to conduct an exploratory
qualitative study before any confirmatory quantitative studies can pro-
ceed. This was done in order to explore key concepts and their associ-
ations to ensure that no important concepts were omitted from further
studies. It is also argued by several method studies that exploratory
research should precede confirmatory quantitative studies, in order to
explore the construct space and the intricacies of the concept being
examined (Sarker et al., 2013).

We started by conducting a literature review with a focus on the
critical aspects and organizational resources of a CE-specific BAC. The
purpose of the review was to identify the main underlying concepts from
related research streams in both BAC theory and CE theory. Based on
this, we developed the first version of a theoretically guided conceptual
model and BAC for CE (see Fig. 2 and Table 3 for the final versions).
Following the literature review, a gap remained in identifying the di-
mensions of a BAC for CE and understanding how firms orchestrate these
resources into capabilities. To address this, we employed a series of
semi-structured interviews, following the guidelines of Bogner et al.
(2009) and Patton (1990), with experts from key positions in industry.
In this context, experts are defined as someone with privileged knowl-
edge about the topic of interest (Bogner et al., 2009). The interviews
were supported by an interview guide developed on the basis of the
literature review and in accordance with the recommendations of Myers
and Newman (2007). Semi-structured interviews represent an effective
way to elicit rich data (Alshengeeti, 2014; Kvale and Brinkmann, 2009),
understand why some resources are more important than others, and
under which conditions they are used for capability-building activities.
The benefit of this approach, in contrast with structured interviews or
quantitative approaches, is that it allows for thematic analysis and the
discovery of new perspectives and relationships between topics that
were previously not conceptualized Savin-Baden and Howell-Major
(2013). This enabled, after the interviews, updating the initial con-
structs, definitions, and relationships in the conceptual model and
through this the core organizational resources or building blocks of

BAGCs. In particular, it allowed us to explore and refine the key concept of
this study, the BAC for CE.

Data collection

Data were collected over a period of two months, from November
2019 to December 2019. Interviews lasted between 50-120 min and
covered a total of 15 organizations (see Table 1 for details of re-
spondents). The interviews followed a conversational style, opening
with a general discussion about the company, CE, and BA before pro-
ceeding to more detailed questions on BA resources. Interviews were the
primary source of data, in which the respondents’ thoughts, opinions,
and beliefs together with personal, firm, and industry experiences were
captured. When necessary, clarifications and mining questions were
used to encourage more detailed and accurate responses. All interviews
were recorded and later transcribed according to the defined themes, as
seen in Table 2 and Table 3.

Following the rationale of Sirmon et al. (2011) to develop a more
robust theoretical perspective along with a wide representation of cir-
cular strategies, we employed purposeful sampling with snowballing to
target experts from firms across variance in breadth (scope of the firm)
and life cycle (stage of maturity), resulting in a total of 74 potential
respondents. The extensive and diverse industry experience of the re-
spondents allowed for several key strategies and decision areas of the CE
to be represented.

Data analysis

The data analysis was performed through an iterative process of
reading, coding, and interpreting the transcriptions Myers and Newman
(2007). We employed cross-interview analysis along with the visual
mapping strategy and the continuous comparison strategy (Eisenhardt,
1989; Patton, 2014). Firstly, following the open coding scheme by Yin
(2017), concepts and factors were identified based on the theoretical

Resource Orchestration

Capability
Resource Orchestration
BA Resources Structuring
« Acquiring
- « Accumulating
Tangible Resources Divesting
. C itive
~ - p
Leveraging dli
- A
Human Skills «Mobilizing « Stabilizing
«Coordinating «Enriching
«Deploying v\_/ - Pioneering

CE Implementation
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Table 1
Details of respondents.
Respondent Role Business area Employees Experience Education
R1 Data scientist Deep sea shipping (spot market) 3500 5 years PhD
R2 CEO IT services (product management) 12 13 years MSc
R3 Director IT services (blockchain protocol) 104 19 years MSc
R4 CEO Consultancy (IT and sustainability) 1 37 years PhD
R5 Director IT services (waste management) 4 24 years BSc
R6 Director IT services (advanced analytics) 40 15 years MSc
R7 Manager Renewables and environment 4000 14 years BSc
R8 Director IT services and infrastructure 150 000 23 years PhD
R9 Executive Consultancy (IT and CE) 30 23 years MSc
R10 CEO Consultancy (Sustainability and urban development) 1 22 years MSc
R11 Manager IT services (waste management) 23 15 years BSc
R12 CEO IT services (waste management) 6 23 years BSc
R13 Service designer IT services 150 12 years MSc
R14 Executive Civil engineering 21 31 years MSc
R15 Executive Retail 100 000 17 years MSc
bl iteratively compared to the theoretical lens and existing literature to
i: € f ¢ for the thearetical f " improve the conceptual model until saturation by no further data being
ematic support for the theoretical framework. . . .
PP added or new themes and concepts emerging Eisenhardt (1989). Satis-
Concept Source factory saturation was achieved after 15 interviews. To strengthen the

Business analytics resources

- Business analytics resources are stocks of tradable
and nonspecific BA assets in the firm that can be
divided into tangible (e.g., financial and
physical resources), intangible (e.g.,
organizational culture and organizational
learning), and human skills (e.g., employees’
knowledge and skills) types.

Business analytics capability

- Business analytics capability is the ability of a firm
to mobilize and deploy BA resources effectively,
utilize BA resources, and align BA planning with
firm strategy to gain competitive advantage and
improve firm performance.

Resource orchestration

- Structuring is the process of acquiring,
accumulating, and divesting resources to form
the firm’s resource portfolio.

- Bundling is the process of integrating these
resources to form capabilities; it includes
stabilizing, enriching, and pioneering activities.

- Leveraging is the process of exploiting the firm’s
capabilities and take advantage of specific
market opportunities; it includes mobilizing,
coordinating, and deploying these capabilities
to create value. Resource orchestration
capability

- Resource orchestration capability is the ability of a
firm to effectively structure, bundle, and
leverage the resource portfolio towards firm
performance.

CE implementation

- CE implementation is the degree to which a firm
effectively leverage circular strategies for value
creation and capture as relevant for the
perspective of the firm.

Competitive performance

- Competitive performance is the degree to which a
firm has superior performance relative to its
competition in areas of operations excellence,
customer relationship, and revenue growth.

(Mikalef et al., 2018)

(Garmaki et al., 2016)

(Sirmon et al., 2011)

(Sirmon et al., 2011)

(Sirmon et al., 2011)

(Choi et al., 2020; Sirmon
et al.,, 2011; Wang et al., 2020)

(Bocken et al., 2016; Khan
et al., 2020)

(Rai et al., 2006)

underpinnings established from the literature review, as identified in
Table 2. On this ground, we identified a large number of codes ranging
from practices, tools, challenges, strategies, resources, enablers, and
barriers. This allowed us to cluster the data according to themes using a
tabular structure and grouping the data into high-level categories and
analyze for internal homogeneity (coherence and consistency) and
external heterogeneity (distinctive and representative with a clear
connection to the research questions) (Miles et al., 1994). Through the
application of visual maps and continuous comparison, the data were

credibility and validity of our findings, we cross-validated the analysis
result between the authors and employed triangulation of sources,
including secondary data such as firm websites and industry reports
Tracy (2010).

Findings

Overall, our results corroborate the findings of related qualitative
studies, such as the importance of holistic information processing and
sharing for BA-enabled CE supply chains by Gupta et al. (2019). The role
of BA is highlighted by all respondents as critical to the success of their
organization’s CE transition. The general consensus was that CE sets
greater, and more holistic, demands for a firm’s BAC. Consequently,
several respondents argue that a broader definition of BA should be
developed to reflect the triple bottom line (economic, environmental,
and social value) of the CE, as was mentioned for instance by R10:

“There has to be a broader definition of analytics. Because right now, it is
just based on financial analysis and profit return for shareholders and loose
analysis without a lot of understanding of social and environmental impact. It
is very important that BA is used more holistically. It cannot just be a single
bottom line. BA has to include social and ecological value or impact.”

Based on the results of the interviews, the initial constructs of BA
resources from literature were adjusted, refined, and further developed
to reflect the theories and practices of CE, as can be seen in Table 3.
Following this, we visualized the results in five tables to summarize the
evidence for each theoretical construct, improve the testability of the
theory, and strengthen the bridge between the qualitative evidence and
the conceptual model Eisenhardt and Graebner (2007). First, an over-
view is given in Table 4 of the BA resources respondents have imple-
mented for CE. Following this, Table 5, Table 6, and Table 7 provide
detail for each resource with subthemes, sample quotes, and key take-
aways. Finally, Table 8 presents the results for resource orchestration,
CE implementation, and competitive performance.

Business analytics capability

Considerable discussion concerned the issue of a separate BAC for the
CE. While several parallels were drawn to preexisting BA resources, the
respondents were unison in their response that effectively transitioning
to the CE required new BA resources. In summary, eight BA resources
were identified that, in combination, build a BAC for CE. In Table 4 the
importance of each resource is noted, black circles (@) indicate that the
resource was mentioned as an important aspect and/or implemented in
il'gsprganization’s strategy of using BA for CE, whereas half circles (®)
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Table 3

Definition of BA resources for CE.

Resource Adjustments made Adapted from literature
(s)
Tangible

- Data: Organizations
utilizing BA for CE need to
capture both internal and
external data from
multiple sources,
independently of
structures and on a
continuous basis. Further,
aspects concerning data
such as quality, sources,
availability, and methods
for curating needs
handling.

- Technology: Novel digital
technologies are necessary
for handling the large
volume, diversity, and
speed of data accumulated
throughout circular value
chains. The complexity of
these value chains
increases the need for
firms to deploy advanced
data generation,
integration, analysis, and
sharing infrastructures.

- Basic resources: Refers to
an organization’s
investment of time and
funds. This includes
financial resources as
direct investments in the
support of these
technologies and working
hours allocated to
experimentation with
utilizing the potential of
BA.

Intangible

- Data-driven culture:
Describes the extent to
which organizational
members are committed
to BA and make decisions
based on insight derived
from data.

- Circular-oriented
innovation culture:
Describes the extent to
which CE goals,
principles, and strategies
are integrated into
technical and market-
based innovations to
create value by enabling
sustainable management
of resources throughout
the design of processes,
products/services, and
business models.

- Openness and co-creation:
Describes the extent to
which organizational
members are mutually
open about decisions and
activities that affect the
society/economy/
environment and willing
to communicate these in a
clear, accurate, timely,
honest, and complete
manner to enhance formal

Adjusted the content
of the definition to
comply with CE.

Adjusted the content
of the definition to
comply with CE.

None.

None.

Identified the resource
and developed the
definition from
relevant research.

Identified the resource
and developed the
definition from
relevant research.

(Arunachalam et al.,
2018; Gupta and George,
2016; Hedberg et al.,
2019; Janssen et al.,
2017; Kwon et al., 2014;
Mikalef et al., 2017)

(Arunachalam et al.,
2018; Gupta and George,
2016; Gupta et al., 2019;
Hedberg et al., 2019;
Mikalef et al., 2017)

(Gupta and George, 2016;
Mikalef et al., 2017;
Wamba et al., 2017)

(Arunachalam et al.,
2018; Dubey et al., 2019;
Gupta and George, 2016;
Mikalef et al., 2019)

(Brown et al., 2019;
Gupta et al., 2019;
Munodawafa and Johl,
2019; Pauliuk, 2018;
Prieto-Sandoval et al.,
2019; The British
Standards Institution,
2017)

(Gupta et al., 2019;
Hedberg et al., 2019;
Pauliuk, 2018; The British
Standards Institution,
2017)
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Table 3 (continued)

Resource Adjustments made Adapted from literature

(s)

and/or informal
arrangements internally
and externally to create
mutual value.

Human Skills

- Systems thinking skills:
Refers to the competencies
of employees to take a
holistic approach for
understanding larger
contexts over longer
periods of time, looking at
connections and patterns
of how individual
decisions and activities
impact environmental,
economic, and social
issues beyond the
immediate first-tier scope.

- Data science skills: Refers
to the competencies of
employees to formulate
and implement machine
learning problems,
utilizing data analytics
skills such as statistics,
computing, and
knowledge about
correlation and causation.

Identified the resource
and adjusted the
definition from
relevant research.

(Bocken et al., 2019;
Gupta et al., 2019;
Pauliuk, 2018; The British
Standards Institution,
2017; Webster, 2013)

Identified the resource
and adjusted the
definition from
relevant research.

(Dhar, 2013; Dubey et al.,
2019; Gupta and George,
2016; Power, 2016)

and blank circles (o) indicates that it was only somewhat or not imple-
mented. The absence of a circle signals a lack of insight by the respon-
dent or relevance for the company. For instance, the tangible resources
of R4 and R10 were both left empty as they represent a one-person
consultancy firm.

Tangible resources

Generally, the type of tangible BA resources required for CE is similar
to that of standard BA capabilities and the categories of data, technol-
ogy, and basic resources presented by Gupta and George (2016). How-
ever, the respondents highlight that the increased lifespan of products,
new business models, and the complexity of circular value chains sets
different requirements for these tangible resources. For instance, R7
cites that increasing the lifespan of their products required additional
life cycle data and more advanced analytics to estimate the products’
remaining useful life. In addition, R3, R5, and R6 note that CE business
models have a longer time period for their return of investment (ROI)
and increased demand for upfront investment. Further, R3 explained
that circular value chains are often more complex and involve multiple
stakeholders, increasing the importance of having a holistic data
collection and integration infrastructure in order to maintain a
single-source-of-truth.

Data

Data itself was frequently cited as a key building block and its
importance acknowledged by most all respondents (see Table 4 for de-
tails). From the analysis, we were able to identify three themes: single-
source-of-truth, data quality and availability, and metadata preservation
(see Table 5 for details). In general, the type of data needed to enable the
CE was mentioned to be sector- and use case-specific. Nevertheless,
having a standardized format for collecting location, availability, and
condition data of products and materials throughout the supply chain,
their life cycle, and across ownership transfers would be critical, as
detailed by R2:

“The kind of data you need for the CE has information about the product
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Table 4

Overview of outcomes on BA resources for CE.
Resources R1 R2 R3 R4 R5 R6 R7 R8 R9 R10 R11 R12 R13 R14 R15
Tangible
- Data [ ) [} [} [ ] [ ] [ ) [ ) [ [ ) o [} [ ] [ ]
- Technology [ ] [ ] [ ] [ ] [ ] [ ] [ ] [ [ ] [ [
- Basic resources [ [ ] [ ° [ ] L] ° [ ] ° [ L]
Intangible
- Data-driven culture [ ] [ ] [ ] L] ° [ ] L] [ ] (] L] ° ° o [ ] L]
- Circular-oriented innovation culture ° ° J [ ] [ ] [ ° ° [J ® [ ° (] o (]
- Openness and co-creation [ [ ] [ ] [ ) [ [ ) [ ) [ ] [ ] [ ) [ ) [} [ ] [ )
Human Skills
- Systems thinking skills o ) [ [ [ ] J [ ] [ ] ) [ ] [ [ ] [ [ [
- Data science skills ) [ ] [ ] ) ) [ ] [ [ ] [ ] [ ] [ [ ] o

Note: o, Not implemented; @, Partly implemented; @, Implemented

(what are the components, where are you buying and sourcing from, what are
the materials, and so on).”

However, R2 notes that although collecting data is a mandatory step
and enables everything else, it does not translate directly into value. R8
concur and note that:

“Data is an obvious important resource, not only for commercial aspects
but for sustainability and CE in general. It is important that we collect data in
order to operate these processes and concepts more efficiently.”

For the data to be useful, it needs to be trusted, for which respondents
stressed the importance of data quality. Several solutions were presented
on how to mitigate this challenge, such as R1, with their data quality
framework of using ‘analytics on analytics’ to monitor the data with
quantitative terms, catching problems, and visualizing the situation so
that they can react swiftly. R4 also advised for collecting data as close to
the source as possible to ensure it has not been tampered with. Further,
R6 and R13 experienced that employing metadata preservation and
visualization technologies were important to understand the context of
the data and to ‘tell a story’ that people can trust.

Technology

Digital technologies and infrastructures were, by most all re-
spondents, subject to large investments and focus. Overall, eight re-
spondents reported to have implemented a satisfactory level of
technologies, whilst three were partly satisfied with their current
implementation level (see Table 4 for details). From the analysis, we
were able to identify three themes: automated data collection, data
integration and interoperability, and advanced analytics (see Table 5 for
details).

Particularly, the respondents noted that the added complexity of CE
value chains increased the need for automated data collection and
integration. In general, the CE requires a shift from only looking at data
from first-tier suppliers but also to second and third-tier suppliers. If this
data is correctly managed and combined with advanced analytics, it can,
for instance, prove vital for understanding and simulating alternative
sourcing plans with details on how a change in material affects the
whole supply chain. Furthermore, multiple respondents mentioned that
circular strategies, specifically the ones involving services, were chal-
lenging to operate without advanced analytics software and high-
resolution data with enough metadata to segment individual users and
products. For instance, R5 shared their success in integrating gamifica-
tion mechanisms in pay-as-you-throw business models for waste
management:

“We have data with high resolution of each customer; this enables us to
support different digital user experiences and communication strategies as
well as add gamification and different tools of behavioral economics. We can
make metadata from an individual customer’s recycling behavior available
and, for instance, benchmark against the mean of the neighborhood to create
behavioral incentives.”

However, R1, R5, R6, and R7 note that it is difficult to enable such
advanced uses of analytics without having control of the basic tech-
nologies. R5 cite that one of their biggest challenge in implementing this
solution was integrating all data points, vendor systems, and proprietary
standards in a common cloud-based platform. R4 concur and note that:

“The challenge is to create infrastructures that are generic and static
enough that you can support it with continuous update and new functionality
without having to disrupt a large number of peer-to-peer nodes.”

In addition, R4 noted that it was important to include tools that
better support the design of desirable systems dynamics of CE, such as
STELLA (a systems thinking modelling package).

Basic resources

Financial resources were seen as imperative by most all respondents
for the success of BA efforts for CE, with adequate funds reported for
eight respondents and partly for three (see Table 4). From the analysis,
we were able to identify three themes: non-value indicator, new costing
models, and uncertain ROI and impact of lag effects (see Table 5 for
details). Several respondents had experienced challenges with obtaining
adequate funding for their efforts. Most all experiences could be traced
back to a lack of top management buy-in due to the novelty of CE
business models, lack of CE performance metrics, unclear ROI, and lag
effects of circular strategies. Often, the lack of investment from top
management could be linked to low systems thinking skills, resulting in
a single bottom line where environmental and social value were not
regarded as business success. R3 note:

“Top management buy-in is important; the challenge here is that they ask
for ROI, which you often cannot provide upfront. Because the way you can
get to a ROI is when you have indeed reshaped the business model by having
brought all critical partners in the ecosystem together and shaping a scenario.
It is a different approach; it is not plug-in solutions where you can come up
with very clear indicators of success and monetary returns and ROL "

Exacerbating this, the lack of key performance indicators (KPIs) to
measure the progress towards CE was highlighted as a challenge. Meager
improvements had been made by the respondents on this issue, and most
based their calculations on crude approximations of resource optimi-
zations, such as material intensity and amount of waste produced.
However, the non-value indicator proposed by R4, when combined with
automated pricing mechanisms and data collection, may prove fruitful
as a pressure mechanism to incentivize companies to start sharing more
data.

Intangible resources

The respondents mentioned that the CE sets greater demand for firms
to collect, integrate, analyze, and share data across organizational
boundaries, both upstream and downstream in the value chain. In terms
fggtangible resources, the general consensus was that this increases the
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Table 5

Tangible resources subthemes, sample quotes, and takeaways.

Themes Quotes Key takeaways
Data
Single-source-of- R1: “[...] consolidate all this Data integration and
truth information. We are working ~ availability is important for

Data quality and
availability

Metadata
preservation

Technology
Automated data

collection

Data integration
and
interoperability

Advanced analytics

Basic Resources
Non-value indicator

on having this in what we
call a “single-point-of-truth”
where anybody can access
the data one is looking for,
like lube oil consumption,
fuel consumption, invoice,
cost, savings, regulatory
questions, health of an
engine and onwards. And it
is well presented, updated,
and you can trust it.”

R8: “The biggest problem is
in the quality of the
underlying data. The tools
and techniques are solid, so I
think the biggest challenge is
the availability and quality
of data.”

R6: “You can easily get
access to the data from
different systems, but the
system is created for
different purposes than what
we will use the data for. So,
you often lose the context
and the understanding of
how data were created. The
solution is metadata
preservation.”

R4: “Automated process for
moving data from one actor
to another in the supply
chain. [...] you have an
automated approach for the
core data for input products
that carries the KPIs, and
[...] you transfer what you
could call the automated life
cycle analysis result.”

R9: "It is critical to have data
integration and sharing
infrastructure, and it
becomes more important
when adopting a CE and it
must happen throughout a
product’s lifecycle and the
value chain in order for us as
a society and economy to
really realize the
opportunities of circularity.”
R6: “Without analytics, data
is just data. What we want to
extract is information, or
even better, information for
decision-making support.
You need analytics to get the
meaning out of the data and
the context to tell a story so
you can understand what to
do.”

R4: “One vital KPI is the
non-value indicator. What I
mean is that is the lack of an
indicator is an indicator in
itself. If you see a product
and if you have several sever
information gaps in the
product, that is an indication

the data to be used and
trusted.

Providing quality data is a
bigger challenge than
providing tools that use the
data.

The lack of interoperability
and preservation of
metadata degrade the data
quality.

Automating the collection of
data throughout the supply
chain could enable better life
cycle analyses.

Adopting CE requires more
holistic data integration and
sharing infrastructures.

Analytics is critical for data
to be interpreted, provide
insights, and used.

The proportion of missing
data is a valuable indication
of integrity.
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Themes

Quotes

Key takeaways

New costing models

Uncertain ROI and
impact of lag
effects

that you maybe should not
trust i
R10: “The total cost
accounting model needs to be
a critical foundation to any
kind of digital tool or
technology that can help
really quickly analyze the
impacts of producing
something to the investor.”
R5: “The investment in data
collection infrastructure is
expensive and uncertain,
essentially to go from one

The full lifecycle impact of a
solution should be
accounted for.

Lag effects and uncertain
ROI make investments
difficult and require a shift
in mindset.

paradigm to another, there is
a lot of dark matter. The
interesting thing is that you
first discover the actual value
of the data, long after it was
collected. It is first when you
have the data that you can
see the pattern. This puts up
a challenge for the leaders
and with investment.”

importance of trust, transparency, and collaborative relationships along
with the need for organizations to foster both a data-driven and circular-
oriented innovative culture to encourage change. Despite the impor-
tance of the aforementioned tangible resources, the respondents expe-
rienced a greater challenge with changing their work processes and
organizational culture accordingly. Although many respondents illus-
trated great knowledge of the CE and a high degree of digital maturity
within their organization, the intangible resources as culture, trust, and
collaboration remained an issue.

Data-driven culture

Fostering a data-driven culture was seen as fundamental nearly all
respondents for the success of BA efforts for CE, with 13 respondents
reporting considerable efforts, as can be seen in Table 4. From the
analysis, we were able to identify two themes: feedback loops and value-
driven (see Table 6 for details). Although many respondents cited to
have implemented advanced analytics in several of their company’s
projects, the vast majority reportedly struggled to effectively incorpo-
rate the extracted information in decision-making, as was mentioned for
instance by R6:

“We have a tendency to take fast decisions, often on gut feeling. We are
less experienced with being true to the organization’s strategy, visions, and to
work systematically with data. At the same time, we have a high degree of
digitalization in general [...], but our culture is a challenge, possibly one of
the biggest.”

R5 concur and note the importance of addressing both the technical
and non-technical elements of becoming data-driven:

“The most important dimensions here is to create data-driven businesses
and make decisions based on data. For this, you need sufficient data quality,
and you have to change the culture in many organizations. One needs to
address both the technical and cultural challenge of becoming data-driven.”

Circular-oriented innovation culture

Concerning culture, there was a lot of discussion by the respondents
on the potential of CE to heighten the data-driven culture to a value-
driven culture. From the analysis, we were able to identify three
themes: catalyst for change, open innovation, and CE as a source of
innovation (see Table 6 for details). Overall, six respondents reported CE
as important for innovation and had implemented measures to adopt a
supportive culture whilst an additional six were only partly convinced
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Table 6

Intangible resources subthemes, sample quotes, and takeaways.

Themes

Quotes

Key takeaways

Data-driven culture
Feedback loops

Value-driven

R8: “We are very much
concerned with what we call
feedback loops, we are
interested in gathering signals on
how our customers are using our
technology to give feedback to
the next generation of the
product. We also do the same
for our employees to figure out
what works and what does not,
where can we improve how our
processes are working. We think
of all this as feedback loops
where we gather data, process,
and analyze it to figure out how
we can improve. We are very
aware of this and how we
control it.”

R10: “I do see a more
sophisticated use of data within
the culture of organizations, but
I do not think it will ever
supplant value-driven culture
from leadership. The mission
and value of the organization
should override the data-driven
culture or make specific use of
that data for a purpose.”

Circular-oriented innovation culture

Catalyst for
change

Open innovation

CE as a source of
innovation

R7: “Our CE vision is clear,
both at a top strategy level and
for individuals. It required a re-
branding process, not by
changing logo or anything, but
changing our expression and
communication. [...] We have
also made recruitments. The
new people are employed based
on our new expression and
vision, which in itself has a
catalyzing effect. The CE is a
catalyst for change.”

R3: “A lot of our innovation lies
on the edge of each vertical, it is
when you cross each vertical
that you get the potential. You
need to cultivate a culture of
open innovation, which is quite
transformative for some
organizations, but you could
argue it is a cultural approach to
see how you build value for the
company with surrounding
stakeholders.”

R11: “In our organization, our
people definitely understand
what the CE means and the
opportunities it brings. It is
definitely an innovation
opportunity because, for
instance, you are looking for
different materials that is
changing the line of production
and business in the company.”

Openness and co-creation

Data sharing

R5: “One of the core challenges
with the CE, is to be able to
share and distribute data

Using customer and
employee feedback data to
drive strategic decision-
making improves
organizational learning.

Pairing the data-driven
culture with value-driven
leadership is critical.

Incorporating a CE vision
throughout the firm is
effective for stimulating
change and making
recruitments.

Crossing verticals and
including multiple
stakeholders trigger
innovation.

The CE brings new value
propositions that spark
innovation.

The CE requires more and
new models for data

Table 6 (continued)
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Themes

Quotes

Key takeaways

Removing silos
and internal
alignment

Collaborative
relationships

internally and externally. Most
companies are not able to
effectively share data internally
and are reluctant to share data
externally and with the
environment. If one is to succeed
within CE, you have to open up
these models, but in a way that
safeguards the actors in the
supply chain.”

R10: “It absolutely requires
tremendous more collaboration
internally and externally. The
majority of companies are very
siloed in their management
regimes, and there is so much
deficiency because of that and
not a lot of understanding of
synergies between different
departments, people do not see
the patterns or the
interconnectedness or
interdependencies. Lose sight of
those and we lose value. I think
assessing the organizational
structure is really critical to
identify where that
collaboration leads to more
value.”

R3: “What is underneath the CE
is that you have to work in
cooperative modus. Thus,
orchestrating this ecosystem and

sharing that safeguards the
actors.

Removing silos and
encouraging more internal
collaboration reduce
deficiencies and the
increase value potential.

Collaborating and co-
creating across firms are
vital success criteria for the
CE.

collaborating becomes a vital
success factor. This seems to be
contradicting the competition
mindset, but there is something
about it. You have a digital
enablement, but as an
organization, you have to
complement this through co-
creation methodologies and
facilitation.”

(see Table 4 for details). In contrast, three respondents mentioned that
the CE did not drive their culture or innovation processes as a result of
either counteractive compliance rules or regulation, low market readi-
ness, or low CE concept maturity, as for instance mentioned by R12:

“I do not think the CE concept has enough of a foothold to directly in-
fluence how we operate. It will only be indirect, it is clear that a lot of the
things we wish to do is connected to the sustainable development goals and
what the customer want to do, but it does not drive us directly.”

However, if incorporated, the value-driven vision of the CE can
provide better purpose to digitalization efforts of the organization,
leveraged through data-driven insights and decisions. For instance, R13
note that by, firstly, regarding CE as a source of innovation, one can turn
circular strategies into hypotheses which in turn are used as questions
for data collection and analysis:

"We have been trying to work within hypothesis-driven development.
Essentially, you have a decision and a direction you want to go, let us turn this
vision into a hypothesis and let us test it. This has been a very useful method.
[...] So instead of starting with what data do we have, start with what do you
actually want to know. Essentially, figure out what are the key questions your
company needs answers to now, and then whether we have the data for those
answers and only look at that, not everything else.”
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Table 7

Human skills resources subthemes, sample quotes, and takeaways.

Themes

Quotes

Key takeaways

Systems thinking skills

New criteria for
success

System dynamics

Shifting mental
models

Data science skills
Tacit knowledge
management

Data
visualization

Setting goodness
requirements

Explainability

R3: “That is one thing we see,
that those that are too short-
termist asking for ROI, clear
black numbers before taking
action will probably end up
disrupted in some industries.
[...] You need to open up the
company and go beyond just
ROI for shareholders and bring
in new indicators of success.”

R4: “They will need to utilize
these additional tools, mainly
the system dynamics to
understanding their own
processes because BA without
yourself understanding what
your organization is, the
processes are and the
consequences to different
actions are, is useless. So, you
have to build up a foundation
of system dynamics thinking
where you understand your
own business.”

R10: “The big thing here is that
the CE is a big mental model
shift to how one should work
through the world. That is the
big tipping point; you have to
have the right mental model,
framework and governance
before you can apply it
effectively.”

R5: “The challenge is to
combine the human inputs with
what is machine-readable
data. We have done this by
systematically collecting this
operational insights and fed
this as background data for the
algorithm to make better
decisions. This is an example of
the human-machine interface
where you systematize the tacit
knowledge of humans.”

R10: “It is crucial with data
science and data visualization
and interpretation of large
quantity of data, not big data,
but like edge data.”

R1: “Good stable requirements
are difficult and require people
to know what they want and
getting exactly that. For the
goodness requirement, we do
not have a good solution. If you
don’t know what you want,
asking you to write what you
want is like looking for bacon
in an empty fridge. If you don’t
have good requirements it is a
long and difficult process.”

R8: “Well, I think our leaders
are quite good in using these
tools and techniques. In
general, I think they are good
at communicating the outputs
and understand the nuances in
the data produced by
analytics.”

Expanding the criteria and
horizon for business success
is important to remain
competitive.

The capacity to utilize system
dynamics tools is helpful in
understanding the
organizations processes,
impacts, and role within the
system.

Shifting the mental model to
include a systems view of the
organization is critical in
order to facilitate the CE
effectively.

Translating and combining
tacit human knowledge with
machine-readable data is
crucial for developing
analytics for decision-making
support.

Mastering data visualizations
skills are essential in order to
interpret large data sets and
core to data science.

Domain knowledge and
analytics and business
understanding are important
in order to set appropriate
requirements for algorithm
development.

Understanding the nuances of
analytics is important in
order to effectively
communicate its outputs.
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Table 8

Key quotes for resource orchestration capability, CE implementation, and

competitive performance.

Themes

Quotes

Key takeaways

Resource orchestration capability

Structuring

Bundling

Leveraging

CE implementation
Net positive impact

Brand reputation and
differentiation

R5: “You need to expand
the overall skillset within the
organization in order to
recruit and address a series
of new challenges, and they
have to collaborate more
interdisciplinary. You need
to be both a human and
technical leader and have
the ability to project future
technology trends and hit at
the right time, because the
cost of investing in legacy
systems is very high, but
also the cost of being too
early is very high. So, you
need to be able to target
when the technology is
sufficiently mature whilst
not incurring technical
debt.”

R5: “The investment in data
collection infrastructure is
expensive and uncertain,
essentially to go from one
paradigm to another, there
is a lot of dark matter. One
thing to consider is that
there’s already been
produced a lot of data, but
that in an analytics context
can be used in a different
manner, essentially the
repurposing of data. The
interesting thing is that you
first discover the actual
value of the data, long after
it was collected.”

R13: “Having access to
data and the facts have been
a very helpful tool to answer
the question of ‘why are we
actually doing this?” Just
saying ‘it is good for the
world and times are
changing’ can be quite
abstract, but with BA we
can make it more concrete
and how it can actually
create value for the
company.”

R9: “They understand from
both a positive benefit
standpoint as well from a
negative cost, either
financial, reputational,
indirect or social. They
realize the importance of
these impacts.”

R10: “CE brings
corporations an advantage.
It gives clarity for the
community or customers
you are engaging with or the
government that you have
an authentic commitment
beyond business as usual.
You are a different thinker

Addressing the challenges
of BA and CE requires
procuring new talent and
resources at the right time
to ensure competitiveness
whilst not incurring
technical debt.

Before acquiring new data
resources, an assessment
should be made if existing
data sets within the firm
can be bundled or
enriched to fit the need.

BA makes CE efforts more
concrete and easier to
understand, increasing
strategic value and market
opportunities.

The wider effects of CE
have a positive impact on
business operation.

CE increases customer and
stakeholder relationships.

(continued on next page)
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Table 8 (continued)

Themes

Quotes

Key takeaways

Competitive performance

Improving planning

Recruiting and
retaining talent

if you are engaging with the
CE.”

R1: “Where we can create a
competitive advantage is by
improving planning, and we
will do this through BA by
improving transparency.
[...] essentially making
better and more informed
decisions. Knowing where
you are, knowing where it
hurts. The thing I would
downplay a bit is BA’s
ability to predict. Being able
to plan ahead, that is a
competitive advantage. "

R6: “I think it is all about
getting hold of and keeping
the best individuals and be
true to their own values.
Today, it is a stronger
demand by employees to

BA provides an enhanced
ability to predict and plan
ahead, improving firms’
operations excellence.

CE strengthen firms’
corporate vision and
improves their ability to
recruit and retain talent,
promoting operations
excellence.

identify oneself with the
company and have good
corporate values and their
contribution to society. The
focus should not be to only
make money, because this
does not motivate people.
There is often a mutual gain
that the organization gets to
keep their employees (which
again gives profitability over
time). Finding this
intersection will be very
beneficial. "

CE enables the reduction
of risks and costs through
diversification whilst
providing new value
propositions promoting
firms’ revenue growth.

Increased
diversification and
reduced risks,
inefficiencies, and
cost

R10: “If you do it
intelligently, it also saves
you money and adds more
value to what you are
building or creating. It also
brings a unique
procurement ecosystem and
partnership arrangements
with other corporations.”

Openness and co-creation

An MIT Sloan Management Review by Ransbotham and Kiron (2017)
highlights that companies that share data and collaborate more inten-
sively tend to be more innovative. Similarly, nearly all respondents re-
ported having implemented measures to become more open as a firm
and improve co-creation by increasing trust, transparency, and collab-
oration (as can be seen in Table 4). From the analysis, we were able to
identify three themes: data sharing, removing silos and internal align-
ment, and collaborative relationships (see Table 6). Further, many re-
spondents saw a close relationship between being data-driven and their
ability to innovate for the CE. While CE requires an overall redesign of
products, processes, and business models, it also demands companies to
rethink their value chains and the degree to which stakeholders are
involved. The respondents recognized that no single company could
transition to the CE alone and pointed to the need for increased data
sharing, collaboration, transparency, and trust internally and externally.
Several respondents noted that external collaboration and co-creation
was more difficult due to a lack of transparency and trust in the value
chain, re-emphasizing the need for a single-source-of-truth and good
data quality throughout. However, R2 mentioned that due to the novelty
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Table 9
Quality evaluation.

Criteria for Methods and tactics used

quality

Worthy topic Utilizing BA for CE is an important topic of timely concern
with significant relevance to research, industry, and policy.
The study used rigorous theoretical frameworks (RBV and
ROV) to ground the research.

The study is transparent about the methods used and tactics
used to arrive at identified themes and concepts. The authors
are reflective about their subjective values, biases and
inclinations.

The research is marked by concrete details and examples of
how the data has been interpreted in the analysis.
Triangulation of sources and cross-validation between the
authors is employed.

Based on thick descriptions of the themes identified with
several graphical and tabular representations, transferability
of findings is achieved.

The research provides significant contributions of both
academic and practical use. Propositions for future studies is
provided and testing of the proposed conceptual model is
possible.

Appropriate ethical considerations were made throughout the
interview process to ensure respondents about their
anonymity and data protection rights.

The study employs appropriate methodologies to reach its
stated goals in the research questions and provides meaningful
connections to extant literature and calls for action.

Rich rigor

Sincerity

Credibility

Resonance

Significant
contribution

Ethical

Meaningful
coherence

and lack of awareness of CE and sustainability, internal collaboration
was, in fact, more challenging than external:

“Collaboration within one company is more important and to some degree
even more challenging than collaboration between companies. It is easier for
two sustainability directors of two different companies to collaborate than it is
for a sustainability director to collaborate with a compliance director for
example.”

Human skills

Closely related to intangible resources, human skills were credited as
being a crucial factor by most all the respondents in this study, but
difficult to acquire. Effectively leveraging BA with circular strategies
reportedly requires a different skillset for humans to master both the
technical aspects of BA together with the system dynamics of CE through
systems thinking skills. Thus, central to improvements of both tangible
and intangible resources are managers with systems thinking skills and
analytics acumen, as was mentioned by R9:

“Human skills are very important in terms of building those relationships
within a value chain that has to be in place in order to able the flow of data
necessary to close loops and design products differently. On the management
and executive side, that is very much critical, because the idea of redesigning
products’ lifecycle to be circular is not something that can happen in one
department of the firm. It is very much a large-scale effort that requires teams
from design, procurement, EHS, waste management, etc. Where you need to
have a management buy-in to be able to bring those internal teams together
and show this is a priority as well as working on the outside on the value chain
side with upstream suppliers as well as downstream customers.”

When examining the human skills required for leveraging BA for CE,
two primary resources were identified. The first was systems thinking
skills, mainly encompassing a shift in managers’ mental models in order
to set new criteria of success and utilize tools for system dynamics. The
second were data science skills, encompassing the requirements of
technical-oriented roles for developing analytics models and more
business-oriented roles to communicate requirements and the results of
these models.

Systems thinking skills

15 Sourteen respondents cited efforts in developing systems thinking
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skills within their organization. However, only eight respondents re-
ported that their managers showcased a satisfactory level of this skill, as
can be seen in Table 4. The remaining respondents mentioned that most
managers were not looking at the broader system that their organiza-
tions were operating in. Instead, many managers were rather focusing
on smaller pieces of the system and optimizing them. From a CE
perspective, this is often noted as focusing on efficiency rather than
effectiveness and is often an outcome from working in silos. From the
analysis, we were able to identify three themes: new criteria for success,
system dynamics, and shifting mental models (see Table 7 for details).
Together, these themes corroborate the general consensus of the re-
spondents of the importance of systems thinking for CE implementation.
R9 explains this by comparing the skill of systems thinking to the human
vision:

“If you take the idea of your vision analogy, if you are looking at a linear
product and only worry about price, performance, and esthetics. You are
taking a very narrow front view. If you are trying to look at the unintended
consequences and the hidden impacts and opportunities of a CE, you have to
bring in your peripheral vision too.”

Despite many respondents reporting a high level of systems thinking
within their organization, actions were often still missing, suggestion
knowledge of the CE and its implication is not enough as R2 note:

“Knowledge of it is not as important that acknowledgment that it is a
central part of their job description. That is a bit of a problem.”

Data science skills

Possessing, or having access to, analytics development talent is
fundamental for organizations’ capacity to realize the opportunities of
BA. Overall, most all respondents cited having sufficient talent and skill
within their organization, as can be seen in Table 4. From the analysis,
we were able to identify four themes of: tacit knowledge management,
data visualization, setting goodness requirements, and explainability
(see Table 7 for details). With data science being a multidisciplinary
field, often requiring extensive domain knowledge, managing tacit
human knowledge together with machine learning algorithms was
mentioned as particularly important. For instance, R7 explains how they
combine hardware and reliability knowledge with machine learning
skills to implement predictive maintenance:

“We see a need to shift more towards predictive maintenance. We are
quite reliant on hardware and there will be parts that degrade and break. [...]
to be able to predict when a part might break so we can service it in advance
has great value for us and our customers. [...] we use all our domain
knowledge and data on machine learning to get this up and running.”

Furthermore, R5 highlight that it is crucial for data scientists to
remember that you need an overall vision and to put the data into a
context since it is not given that the most important insights are present
in the dataset you are given:

“For those that are developing the algorithms, it requires a level of pro-
active thinking. It is important that leaders develop these individuals suffi-
ciently and communicate this further.”

Furthermore, as CE proposes a new paradigm for value generation
and business model design, it sets greater demand for innovation and
data on how these new products and services are operated. This in-
creases the general demand for analytics acumen and particularly in-
dividuals mastering both the complex business landscape of CE and the
technical challenges imposed by analytics, as for instance mentioned by
R6:

“The combination of business and technical skills is difficult. It is also
hard to find technologists that know business well. [...] the leaders of
tomorrow will need better knowledge of analytics and need the ability to
understand how to use it. It is more a tool to ask good questions rather than
finding the right answers. It is a new way of thinking.”

However, only eight respondents experienced that their managers
effectively communicated both the requirements for developing ana-
lytics and the outputs generated from the analysis, as can be seeféb
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Table 4. R1 mentioned that their managers did not see the direct benefits
of analytics and did not have a suitable educational background to
become efficient at it.

Leveraging business analytics for circular economy

Resource orchestration capability

According to RBV, resources that possess VRIN attributes (as the ones
detailed above) tend to provide better opportunities for competitive
performance (Eisenhardt and Martin, 2000; Mata et al., 1995). How-
ever, our findings corroborate previous studies arguing that merely
possessing such resources without leveraging them is counterproductive
for the firm Ahuja and Chan (2017). To this end, ROV argues that re-
sources have to be structured, bundled, and leveraged in order to create
new capabilities and enable them to generate business value (Wright
et al.,, 2012). Once these capabilities have been internalized, they are
difficult for competitors to imitate.

Overall, we observed a great discourse amongst the respondents on
the importance of leveraging firms’ BA for CE and competitive gains. In
particular, managers were highlighted as crucial to the potential success,
or failure, of developments under tangible resources and human skills,
such as culture development and employee training. Given the variance
in breadth and life cycle of the firms’ covered (e.g., from waste man-
agement start-ups as R12 to large multinational IT service corporations
as R8), the respondents experienced a difference in the approach and
willingness of management to both adopt circular strategies and prior-
itize corresponding BA investments. This can be understood by drawing
on the life cycle logic of the ROV which states that the start-up stage
requires a greater degree of resource-structuring behavior to support the
firm’s business model when compared to firms in the mature stage
(Miller and Friesen, 1984; Sirmon et al., 2011). Correspondingly, a
mature firm’s resources may exert a greater influence on its external
environment (Smith et al., 1985). Despite variance in organizations’
operating environment and development trajectory, the underlying
capability development mechanism was conducive to the process of
structuring, bundling, and leveraging, as detailed in ROV. However, the
granularity of our data did not allow for the respective sub-processes to
be fully identified, for instance, such as stabilizing, enriching, and pio-
neering for bundling.

Structuring

Corroborating the results of Wright et al. (2012), the selection and
structuring of BA resources was seen as an important prerequisite for
building a firm-wide BAC. Overall, the respondents reported numerous
related activities, from identifying resources of strategic importance and
making investments related to them (e.g., sensor data and data science
talent) to creating new organizational structures and business models (e.
g., horizontal departments and product-service systems). Despite
receiving great attention to the importance of CE, some respondents
cited several challenges related to the lack of top management support
and willingness to acquire new resources. This was, for instance, the case
for R3, where it could be traced back to lacking systems thinking skills of
the managers, which in turn resulted in missing structuring behavior
within the firm.

In contrast, R7 cited that both their top and lower management
experienced great systems thinking skills and had recently started
repositioning their firm towards a Smart CE. Correspondingly, the firm
had made substantial investments into accumulating new digital tech-
nologies, recruited a new horizontal department of 10 CE experts, and
divested in hardware-specific knowledge. However, despite their efforts,
they still experienced challenges with effectively leveraging their new
strategy at large, suggesting more focus should be put towards bundling
their newly sought resources with existing ones to form new capabilities.
R7 note:

“One internal challenge we have is connected to our history as a hardware
producer. We have produced hardware with a great deal of customer
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customization. This has given us great customer experience and appreciation,
but now when we not only have software on the hardware itself but in the
cloud, then all this hardware customization works against you. We have a
large task to streamline our portfolio.”

Bundling

Overall, the process of effectively bundling resources into capabil-
ities was frequently reflected in the firms’ governance practices, and
choice of IT archetypes. Most respondents cited their current archetype
and operation as functional silos where each unit handled its own
resource allocation. However, this archetype was seen as somewhat
incompatible with the lateral nature of circular strategies, and several
efforts were suggested to remove unnecessary silos and align around
common KPIs, as mentioned by R1:

“The main challenge we have is to align internally around KPIs. [...]
sometimes we speak the same language and want the same things, sometimes
we want the opposite things. Internally this is a major challenge because you
try to strike a balance as you have to make someone else’s KPI worse and
yours better, and this is not good. [...] you need to have an honest discussion
to make the best outcome. [...] it is management setting the direction and then
a clear communication process taking into account the local flavor that irons
out any disagreements or problems that might stand in the way.”

Further, closely related to the intangible resource of trust, trans-
parency, and collaborative relationships are the general consensus of the
need to operate within an ecosystem in order to realize the value of CE.
From the ROV, this can be seen as enriching internal capabilities with
external capabilities to offer bundled services as a partnership between
the firm and its suppliers, partners, and even competitors Ahuja and
Chan (2017). Similar logic can be found in the literature on net-enabled
business innovation cycles and value co-creation (Lenka et al., 2017;
Zahra and George, 2002). Hence, bundling capabilities may result in
increased customer value and provides more flexibility and options to
the resources and capabilities offered by the firm, thereby making the
overall value chain more robust against the competition, as for instance
mentioned by R3:

“To be competitive in the future, you need to be part of this ecosystem or
proactively shape your ecosystem. So, you shift from being value chain driven
to value web or ecosystem based. The better you are at shaping or orches-
trating your ecosystem to serve your purpose, the better you will be fit for the
new environment. That is probably how companies that are not acting now
will be disrupted because they are still functioning in a value chain approach,
whilst what they really should be doing is repositioning themselves towards an
ecosystem."

Leveraging
All the respondents were conscious that once the BA resources had

been appropriately structured and bundled into a capability, it needs to
be effectively leveraged in order to yield value. Nonetheless, many re-
spondents reported challenges with effectively deploying this newly
developed capability to capitalize on the investments and efforts made.
For instance, an overall uncertainty was observed on how to mobilize
such a capability to i) adopt an acceptable level of CE, ii) outperform
rivals in the short term, and iii) maintain a competitive advantage in the
long term. Many respondents pointed to this being a result of lacking
market demand, internal awareness, and the overall fast-moving pace of
the field. In other words, this can be summarized as environmental
uncertainty, which can be defined as a general condition of ambiguity
and unpredictability of customer needs and technology developments
Pavlou and El Sawy (2006). According to the ROV, this can be under-
stood as an information deficit that affects the type of resources and
capabilities needed to outperform rivals and the leveraging strategies
required to realize a competitive advantage (Sirmon et al., 2007). The
respondents credited CE with strategic relevance for reducing overall
risks and for building the material sourcing flexibility needed for a
turbulent business environment. However, the respondents cited diffi-
culties with generating societal value and evaluating the impact of their
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efforts, as for instance mentioned by R6:

“What is difficult is to take the last step from business value to social
value. You have to think long enough for the business cases you create. You
can easily evaluate the effect of a single solution, but what is difficult is
evaluating the overall effect because you have a self-reinforcing effect over
time that is exponential. But it takes time to measure it, and it takes time to
change the behavior of humans.”

Circular economy implementation

In line with the growing interest for sustainable solutions by re-
searchers and industry alike, the respondents demonstrated a general
consensus on the strategic importance and business opportunities of
transitioning to the CE. Throughout the interviews, a number of pro-
spective circular strategies leveraging insights from BA were presented,
such as identification of optimal life cycle extending activity and timing
of interventions for reduced production downtime through predictive
maintenance, simulation of economic and environmental impacts in
different life cycle scenarios, automated triggering, and scheduling of
reverse logistics requests, optimization of product use for minimal
product wear and degradation.

Furthermore, many respondents highlighted that they experienced
an increasing number of firms making great strides to incorporate the
UN Sustainable Development Goals, for which the CE could prove
beneficial in generating business value from these efforts. From the
analysis, apart from assisting with general competitive performance,
were seen to improve firms’ brand and reputation, provide new differ-
entiation strategies, and had an indirect positive benefit for firms
through social and environmental impacts (see Table 8). However, most
all respondents experienced challenges with effectively scaling circular
strategies because of barriers outside of the organization, such as:

e Lack of common reporting standard and database

e Missing regulatory alignment and CE frameworks

e Imprecise pricing of environmental externalities

o Conflicting micro- and macroeconomic targets for the CE

Competitive performance

Considerable discussion concerned the potential of BA and CE to
increase the overall competitive performance of the firm. Notwith-
standing the numerous comments on business value made throughout
the findings, three themes, or leverage points, were found to be partic-
ularly relevant in improving firm performance and gaining a competi-
tive advantage. First, gaining foresight and the ability to predict possible
future outcomes for improved operational and strategic planning was
seen as one of the main competitive drivers for investing in BA. This was
repeated throughout most interviews and unfolded both in the choice of
KPIs and goodness requirements. Second, the overall vision and societal
contributions of the CE were seen to boost firms’ appeal for new talent,
both directly reducing costs for high employee turnover rates and
operational excellence through attaining highly sought-after talent.
Third, the unique procurement ecosystem and partnership arrangements
enabled through the CE was seen to help firms diversify their portfolio
and supply chain dependencies, reducing risks, inefficiencies, and cost.

Conceptual model

To structure our understanding and inform future studies on how BA
can be leveraged towards CE, we synthesized our findings in a concep-
tual model (as seen in Fig. 2). The underlying logic of our model in-
corporates resource-picking (from the RBV) and capability-building
(from the ROV) theory to demonstrate: i) how core BA resources are
directly orchestrated through structuring, bundling, and leveraging ac-
tivities into a BAC, and ii) how the hypothetical causal chain of the ef-
fects of BA on competitive performance is mediated through CE
implementation and resource orchestration capability. As such, we
theorize that by developing a strong BAC, firms are in a better position to
itéefgthen existing circular strategies, implement new ones, improve
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their resource orchestration capability, and enhance their competitive
performance. As such, the effect of BAC on competitive performance can
be seen as a mediating effect by firms’ resource orchestration capability
and their degree of CE implementation. Support for this can be found in
related empirical studies on the effect of BAC for improved sustainable
supply chain management and circular strategy implementation (Dubey
et al., 2016; Gupta et al., 2019; Hazen et al., 2016; Wang et al., 2016;
Wu et al., 2017; Zhao et al., 2017). Accordingly, similar to studies on
internal capabilities for realizing innovation and driving competitive
performance (Barney, 1991; Chadwick et al., 2015; Chang, 2018; Sir-
mon et al., 2007), BAC can improve firms’ resource orchestration
capability. As such, BAC may reduce the risk of investing in CE imple-
mentation, increasing the overall effect on competitive performance.

Discussion

Correctly managing BA resources will be central for firms when
navigating the CE transition and may even prove vital for obtaining a
competitive advantage in this new business landscape. The impact of
such as transition will far outreach mere financial gains for firms and can
ultimately contribute to sustained environmental and social gains to-
wards sustainable development. The respondents reported great strides
being made by their firms and competitors in utilizing BA to connect
material and information flows. This suggests competitive gains to be
achieved by effectuating such a connection. Based on this, we theorize
that the future control of the data translates to control of the material
and subsequent market shares.

However, to reap these benefits, firms have to go beyond sheer in-
cremental efficiency gains and take a holistic view of their firm and its
value chain, re-assess both upstream and downstream impacts, and
expand their criteria of business success. This requires firms to restruc-
ture existing organizational resources, make relevant recruitments and
investments, and cultivate a new organizational culture of data-driven
decision-making for circular-oriented innovation. While parallels can
be made between the BA resources required for supply chain manage-
ment and CE, the latter differs in particular on the degree of systems
thinking skills required. Circular strategies span beyond the traditional
supply chain and require a broader understanding of the context of the
firm over a longer period of time. Companies need to look at new con-
nections, patterns, and relationships throughout their value chain and
increase their degree of data collection, integration, and sharing. While
our work builds on previous related works from BA and CE theory,
several additions and adjustments have been made towards the
description of a firm-wide BAC for CE, as can be seen in Table 3.

Research implications

Effectively leveraging the hype around big data and BA is high-
lighted as pivotal for the operationalization of the CE. While practi-
tioners seem to be leading the way for such novel uses of data, academics
have only recently begun to investigate the synergies of BA and CE
(Gupta et al.,, 2019; Kristoffersen et al., 2020). Consequently, gaps
remain in the literature on defining the building blocks of a BAC for CE
and how firms can create one. From a theoretical perspective, our study
contributes both to the emerging literature on CE and strategic man-
agement literature on BAC and managers’ role in resource orchestration
(Ahuja and Chan, 2017; Kristoffersen et al., 2020; Lahti et al., 2018;
Mikalef et al., 2018; Rialti et al., 2019; Sirmon et al., 2011). In partic-
ular, this work extends the Smart CE framework proposed by Kris-
toffersen et al. (2020) by providing empirical insights into the key
organizational resources and practices needed to leverage the Smart CE.

Moreover, this study makes important contributions to the existing
literature in five main areas. First, we propose eight constructs, as shown
in Table 3, that make up the key resources of this capability. These
constructs provide valuable insights for future studies by offering a lens
to analyze both qualitative and quantitative data. Second, we furf%eé
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extend the ROV by explaining how the processes of structuring,
bundling, and leveraging influence the conversion of organizational
resources into firm-wide capabilities along with the effect of variance in
firms’ contexts. Third, we explore the role of managers for supporting
these processes along with how their efforts interrelate to the resources
present in the organization. Fourth, we provide a deeper understanding
of how organizations leverage this capability to transition towards the
CE and realize a competitive advantage. Finally, we present a theoreti-
cally grounded conceptual model to inform future quantitative studies
on how to examine a BAC for CE, seen in Fig. 2. This extends the liter-
ature on RBV and ROV by combining them with BA and CE literature
and empirical insights.

Practical implications

In terms of practical implications, managers may find this research
useful in three main areas. First, to seek inspiration on how BA can
leverage their organization’s CE transition by i) understanding the
conceptual relationship between BA, CE, and competitive performance
(as seen in Fig. 2) and ii) gather insights from the experience of the re-
spondents. Circular strategies supported by BA represent a new form of
value creation and innovative and forward-looking business models.
While practitioners may be paving the way in several new uses of ana-
lytics towards more sustainable business strategies, they lack support
and examples of how to systematically innovate existing business stra-
tegies with BA and CE (Kristoffersen et al., 2020). Second, identify
which artifacts, or organizational resources, are important leveraging
BA for CE (as detailed in Section 4.1). As firms reposition and restructure
their organization to meet new market and governance demands for
sustainable operation, priorities have to be made that will be decisive for
the future survival and competitiveness of firms. Hence, correctly
identifying which resources to invest in and capabilities to build will be
crucial. Third, understand how to appropriately structure, bundle, and
leverage their organizational resources to build a firm-wide BAC to i)
leverage their organization’s CE transition and ii) realize competitive
performance gains (as detailed in Section 4.2). As covered extensively in
strategic management theory, only acquiring and holding resources of
strategic relevance does not directly translate into competitive gains in
itself. The resources first have to be appropriately managed to form
firm-wide capabilities, which then needs to be effectively leveraged and
deployed. Organizations may find this work useful for understanding
how such a process can be orchestrated together with the role of man-
agers for facilitating change.

Limitations and future research

This study is an early attempt to detail the organizational resources
required to leverage BA for CE. As such, the work is not without limi-
tations. First, while our purposeful sampling technique was successful in
covering variance in breadth and life cycle of the firms, given the limited
scope of our study, we were unable to cover variance in depth (levels of
hierarchy) within the firm. This can, for instance, be addressed through
an in-depth multiple case study with interviews of multiple levels of
managers from the same firm, increasing the overall transferability of
this work. Second, we recognize more longitudinal studies would be
required to better understand and explicate how differences in firms’
environmental uncertainty and the life cycle stage affect the structuring,
bundling, and leveraging processes of resource orchestration. Further,
while these processes can occur at the operational, tactical, and strategic
levels in the firm, it is important to note that no such differentiation was
made in this study. Third, we would like to emphasize that the con-
ceptual model and constructs presented in this study were uncovered on
the basis of 15 expert interviews. While this is a starting point, it can by
no means be confirmed through a single qualitative analysis of such a
sample. Addressing this, a large-scale quantitative analysis could be
performed to test the validity of the constructs and generalizability of
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the conceptual model. This could also provide more granularity of the
presented constructs and shed some light on the impact of contextual
factors when leveraging BA for CE. Our propositions, to be tested
empirically in future studies, are summarized below:

Proposition 1: The resources identified are positively related to a
firm-wide BAC for CE.

Proposition 2: The structuring, bundling, and leveraging processes
are positively related to forming BA capabilities.

Proposition 3: The BAC identified is positively related to increased
CE implementation, resource orchestration capability, and compet-
itive advantage.

Proposition 4: The effects of BA on competitive performance is
mediated through obtaining a CE implementation and resource
orchestration capability.

Building on the theoretical underpinnings and rich insights into the
factors described in this study, the authors firmly believe that these is-
sues may hold merit in contributing to future studies. The Smart CE
strategies and enablers mapped by previous literature along with the
empirical findings of this study clearly outline the novelty and pre-
paradigmatic nature of this research stream. Hence future qualitative
and quantitative studies should target the cause-and-effect relationship
between BA and CE to leverage the transition towards sustainable
development.

Validity and reliability

The amalgamation of the quantitative paradigm with qualitative
research through validity and reliability have changed the traditional
meaning of these terms and what constitutes quality research from the
qualitative researcher’s perspectives Golafshani (2003). Quantitative
and qualitative studies are different in nature, while the former gener-
ally has a purpose of explaining, the latter has a purpose of under-
standing. This difference in purposes makes evaluating the quality of
studies in quantitative and qualitative research dissimilar, Stenbacka
(2001) even argues for the concept of reliability to be irrelevant and
misleading in qualitative research. Similar arguments can be seen for the
term of validity, but at the same time, qualitative researchers realize the
need for some criteria of quality measures of their research Creswell and
Miller (2000). As a result, several concepts for assessing the quality of
qualitative studies have been proposed, such as credibility, neutrality,
consistency, transferability, rigor, and trustworthiness (Davies and
Dodd, 2002; Lincoln and Guba, 1990; Seale, 1999; Stenbacka, 2001). To
discuss the validity and reliability of our study, we utilized the eight
“big-tent” criteria for excellent qualitative research by Tracy (2010) (as
seen in Table 9). The eight criteria are: worthy topic, rich rigor,
sincerity, credibility, resonance, significant contribution, ethics, and
meaningful coherence. These markers provide a rigorous conceptuali-
zation of qualitative quality and a common language to discuss the
excellence of qualitative research recognizable across difference in
paradigms and variety of audiences.

Conclusion

This work was motivated by the great interest in using data and
analytics to leverage CE efforts by both practitioners and academics. It
analyzed insight from 15 expert interviews along with theory from RBV,
ROV, past BAC literature, and recently published work on the Smart CE.
In summary, we have explored the role of BA resources and capabilities
for adopting circular strategies using the lens of RBV, ROV, and the
Smart CE. We have proposed a novel conceptual model that breaks down
the process of developing a BAC into structuring, bundling, and
leveraging and theorized how obtaining a competitive advantage are
mediated through CE implementation and resource orchestration
capability. Based on this, eight resources were suggested that, when
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combined, likely create a BAC for CE. Specifically, the three tangible
resources of data, technology, and basic resources, the three intangible
resources of data-driven culture, circular-oriented innovation culture,
and openness and co-creation, and the two human skills of systems
thinking and data science was suggested. In addition, the extensive and
diverse industry experience of the respondents covered in this study
enabled a deep understanding of how organizations and managers
leverage this capability to gain CE and competitive advantage.
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Today, most organizations are undergoing a digital transformation. At the same time, the gravity of environ-
mental issues has put sustainability and the circular economy at the top of corporate agendas. To this end, in-
formation systems, in particular business analytics, are being highlighted as essential enablers of an accelerated
circular economy transition. However, effectively managing this joint transformation is a challenge. Firms

Sustainabilit;
Policy implicyation struggle to identify which organizational resources they should target and how those should be leveraged to-
Digitalization wards a firm-wide business analytics capability for circular economy. To address these questions, this study

draws on recent literature dealing with smart circular economy and business analytics capabilities along with the
resource-based and resource orchestration view to (1) create an instrument to measure firms’ business analytics
capability for circular economy, and (2) examine the relationship among a circular economy-specific business
analytics capability, circular economy implementation, resource orchestration capability, and firm performance.
The proposed research model was tested using partial least squares structural equation modeling of survey data
from 125 top-level managers at companies across Europe. The results show that firms with a strong business
analytics capability have an increased resource orchestration capability and a greater ability to excel in the
circular economy, resulting in improved organizational performance in building a more sustainable competitive
advantage in an increasingly competitive business landscape. The effect of business analytics capability on firm
performance is not direct but fully mediated through resource orchestration capability and circular economy
implementation. The results empirically validate the proposed research model and offer pathways to future
information systems research streams to support the operationalization of circular strategies. The study provides
the first empirical evidence of a business analytics capability for circular economy and its effect on firm
performance.

1. Introduction

The concept of circular economy (CE) is rapidly gathering mo-
mentum in industry, policymaking, and academia as a way to boost
economic performance without consuming resources at a rate that ex-
ceeds the Earth’s capacity (European Commission, 2020a, 2020b; Sta-
hel, 2010). The CE achieves this decoupling of value creation from the
consumption of finite resources by leveraging a range of efficiency,
productivity, and restorative-oriented strategies (known as circular
strategies) to keep products, components, and materials in use for longer
(EMF, 2015a; 2015b). As such, the CE holds great promise as a
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contributor to sustainability (Geissdoerfer et al., 2017; Ghisellini et al.,
2016) and directly impacts multiple United Nations’ Sustainable
Development Goals (Schroeder et al., 2019). However, the adoption of
CE and sustainable strategies by industry has so far been modest (Circle
Economy, 2020; Haas et al., 2015; Planing, 2015; Sousa-Zomer et al.,
2018), and scant progress is observed in the decoupling from linear
resource consumption.

Simultaneously, digital tools and technologies such as the internet of
things, big data, and artificial intelligence have prompted a paradigm
shift in industrial production across all sectors. These technologies are
seen as critical enablers for an accelerated transition to CE (EMF, 2016);
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they will play a crucial role in operationalizing it at scale (Kristoffersen
et al., 2020) and are linked to the accomplishment of all 17 Sustainable
Development Goals (Vinuesa et al., 2020). However, findings from
research and practice highlight that the main challenges in realizing
value from data and analytics are not technological but organizational
(Vidgen et al., 2017). Several sources have voiced the need for an
improved understanding of firms’ digital and circular transition, also
known as the Smart CE (Askoxylakis, 2018; Bianchini et al., 2018;
Ingemarsdotter et al., 2019; Kristoffersen et al., 2019; Rosa et al., 2020;
Unal et al., 2018). Specifically, such calls have been heard in the areas of
organizational capabilities (Gelhard and Von Delft, 2016; Prieto--
Sandoval et al., 2019), corporate sustainability (Amui et al., 2017), big
data analytics for sustainability (Zhang et al., 2019), and information
systems (IS) research on CE (Zeiss et al., 2020).

Nevertheless, as the Smart CE represents an emergent field, the link
between firms’ organizational capabilities and their digital and circular
strategies remains underdeveloped. Similarly, there is a limited body of
work grounded in established management, IS, and CE theories (Lahti
etal., 2018). As a result, there is a knowledge gap in the matter of which
internal resources are required to effectively leverage data and analytics
for the CE transition and the mechanisms through which this influences
firms’ performance. Addressing these critical gaps, this study is rooted in
the IS field and grounded on the notion of a business analytics capability
(BAQ). The authors argue that to orchestrate and leverage business an-
alytics (BA) toward increased CE implementation, companies need to
develop an amalgamation of tangible, intangible, and human resources
(Bag et al., 2021; Gupta et al., 2019; Kristoffersen et al., 2020; Modgil
et al., 2021). With limited insight into how BACs create business value
(Corte-Real et al., 2017; Giinther et al., 2017), further investigation is
needed into how a CE-specific BAC improves firm performance through
the mediating roles of CE implementation and resource orchestration
capability (ROC) of information technology (IT) resources. Under-
standing this will have considerable implications for research, policy,
and practice alike by highlighting the importance of taking a more ho-
listic view of BA development, allowing firms to generate higher returns
on their digital and circular investments, and setting directions for
future Smart CE studies. To address this, the present study draws on the
qualitative research model, CE-based BA resources, and propositions put
forward by Kristoffersen et al. (2021), extending this with a quantitative
survey to test the validity of the suggested constructs and relationships.
Consequently, this paper seeks to answer the following research
questions:

RQ1. What is the effect of business analytics capability on resource
orchestration capability and circular economy implementation?

RQ2. What impact do resource orchestration capability and circular
economy implementation have on firm performance?

These questions are addressed using the theoretical underpinnings of
the resource-based view and the resource orchestration view, which are
presented in the next section. Further, an instrument to measure the CE-
specific BAC of firms is defined and used to illustrate how BA influences
their CE implementation, IT ROC, and organizational performance. The
authors hypothesize that BAC has a positive effect on firm performance
and that this effect is fully mediated through CE implementation and IT
ROC. A survey-based study is developed to examine the hypotheses and
quantitatively assess each concept, as described in the subsequent sec-
tions. The findings from the empirical analysis are then presented, fol-
lowed by a discussion of the results with implications for research,
industry, and policy, along with the core limitations of this study.

2. Theoretical background
2.1. Smart circular economy

Despite the lack of a unified definition (Kirchherr et al., 2017), the
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CE can be understood as an umbrella concept in which multiple defini-
tions and principles exist (Blomsma and Brennan, 2017). However,
common throughout is the intention to address structural waste while
constructing new value creation opportunities and reducing value loss
and destruction. As the CE is still in a nascent stage of development,
regulation continues to lag, and companies embracing circular strategies
may be subject to risks such as fluctuating demand, supply, and quality
of used assets, leading to uncertainties as to cost and return on invest-
ment (de Sousa Jabbour et al., 2018). As a result, assets (products,
components, and materials) are recirculated at volumes far below their
potential for value delivery.

Central to this untapped potential for recirculation and construction
of closed-loop systems is the lack of information sharing and processing
throughout the industrial life cycle (Wilts and Berg, 2018). If effectively
leveraged, the abundant sources of information and data produced
throughout the industrial life cycle of assets could connect the material
and information flows towards a CE. Nevertheless, several operational
barriers still exist in collecting, integrating, and processing information
pertinent to the location, availability, and condition of assets (Su et al.,
2013). Hence, increasing organizations’ digital maturity and uptake of
new digital technologies — particularly base technologies such as the
Internet of Things, big data, cloud computing, and artificial intelligence
— are highlighted as vital for the operationalization of circular strategies
(Antikainen et al., 2018; Bressanelli et al., 2018; de Sousa Jabbour et al.,
2018; EMF, 2016; 2019; Kristoffersen et al., 2019; Nobre and Tavares,
2017). In this study, the scope is limited to BA due to i) its function as a
systems technology merging multiple base technologies (Frank et al.,
2019) and ii) its potential to improve resource management and facili-
tate decision-making across different stages of the industrial life cycle of
assets (Kristoffersen et al., 2020).

Acknowledging the potential of digitalizing the CE, numerous calls
have been made for conducting more research into how companies can
leverage their digital strategies towards a more efficient and effective CE
(Chauhan et al., 2019; EMF, 2019; 2016; European Commission, 2020b;
Okorie et al., 2018; Rosa et al., 2020; Zeiss et al., 2020). Given the
breadth of both circular and digital strategies proposed in these calls, the
present paper draws on the Smart CE framework by Kristoffersen et al.
(2020) for consistency with the theoretical underpinnings of underlying
base technologies and CE principles. Also known as the digital circular
economy, the framework provides a much-needed link between the New
Industrial Strategy for Europe and the European Green Deal (European
Commission, 2020a, 2020b).

2.2. Resource-based view and resource orchestration

Developing and sustaining a competitive advantage is fundamental
to strategic management literature (Amit and Schoemaker, 1993; Wer-
nerfelt, 1984). Multiple frames exist to explain the details of firm per-
formance, one of them being the resource-based view, which is often
considered the most rigorous theory of firm performance explained
through the resources that companies own and control (Barney, 2001).
The resource-based view has also attracted considerable scholarly
attention in IS research under the notion of IT capabilities (Bharadwaj,
2000). The theory argues that firms gain a competitive advantage by
acquiring tangible and intangible organizational resources that are
valuable, rare, inimitable, and non-substitutable (VRIN) (Barney, 1991).
Despite several studies supporting the importance of these resources for
firm performance, the theory has failed to adequately explain the dif-
ference between firms’ performance and how they transform these re-
sources into capabilities (Crook et al., 2008; Kraaijenbrink et al., 2010;
Sirmon et al., 2011). The core assumptions of VRIN also pose a challenge
when applied to BA since the core resource — in this case, data — is
generally not rare (Braganza et al., 2017).

Extending the resource-based view, the resource orchestration view
has been proposed to address the capability-building processes by
explaining the role of managers in transforming resources into
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capabilities (Sirmon et al., 2011). The resource orchestration view has
received significant attention in recent years and represents a promising
area of research to understand how firms should best manage their re-
sources for increased competitive performance (Gong et al., 2018;
Teece, 2014; Wales et al., 2013; Wang et al., 2020). Recent studies have
demonstrated the importance of a strong ROC for improving innovation
when adapting to changing market conditions (Chadwick et al., 2015;
Sirmon et al., 2007; Wales et al., 2013; Wong et al., 2018). For instance,
Teece (2014) emphasizes that resource orchestration is essential for
mitigating internal conflict and improving resource complementarities
in the firm, supporting the dynamic capabilities needed to facilitate
green innovation (Wang et al., 2020). Moreover, the research stream
builds on both the resource-based view and the dynamic capabilities
view by integrating the resource management framework of Sirmon
et al. (2007) and the asset orchestration framework of Helfat et al.
(2009). The joint framework presents a novel perspective on a robust
management theory of how managers structure, bundle, and leverage
their firms’ resources for improved organizational performance. Ac-
cording to the framework, firms can only realize the full potential and
value of their resources when those are deployed in a complementary
manner together with capabilities and managerial acumen (Helfat et al.,
2009; Sirmon et al., 2011).

As a result, the theory posits that the ROC is one of the most
important competencies a firm can internalize, particularly in the case of
organizations prone to suffering from resource-related liabilities. The
capability can be seen as the proficiency of a firm in maximizing per-
formance by effectively structuring, bundling, and leveraging existing
and new resources (Choi et al., 2020; Wang et al., 2020). While studies
have applied the framework to identify IT resources and capabilities for
innovation (Ahuja and Chan, 2017), investigate the nature of e-com-
merce adoption (Cui and Pan, 2015), and understand how ambidexterity
and IT competence can improve supply chain flexibility (Rojo Gallego
Burin et al., 2020), resource orchestration remains inadequately
researched in the context of BA and CE. As the resource orchestration
view provides a more robust perspective of managers’ specific roles in
leveraging capabilities across differences in firm characteristics (e.g.,
firm size, industry type, and managerial hierarchy), the authors believe
this theory proposes a novel perspective on the orchestration of BA that
other theories do not. Therefore, the combined strengths of the
resource-based view and the resource orchestration view are utilized as
the theoretical underpinnings to establish a solid foundation for the
survey.

2.3. Business analytics capability

Emerging in the 2000s, BA can be regarded as a collection of tech-
nologies, methods, and applications that enable the analysis of business
data to promote more sound and data-driven decisions (Chen et al.,
2012; Seddon and Currie, 2017). Related to BA, the term big data ana-
Lytics describes the new methods and applications used for (big) data sets
that are too large and complex for traditional methods (Chen et al.,
2012). In this study, big data analytics and BA are regarded as a unified
term (Mikalef et al., 2018). Effectively leveraging business data for value
creation requires companies to focus beyond the mere technical aspects
of implementing BA (Vidgen et al., 2017). Becoming data-driven is
complex and multifaceted, necessitating changes to multiple organiza-
tional resources with involvement from several managerial levels.
Addressing this, the concept of a business analytics capability has emerged
to indicate a firm’s proficiency in effectively leveraging its data, tech-
nology, and talent towards the generation of data-driven insight
(Mikalef et al., 2018; Shuradze and Wagner, 2016).

While several studies have explored the role of BAC in improving
firm performance through the lens of the resource-based view and dy-
namic capabilities, research has mostly disregarded its impact beyond
the confines of competitive performance, leaving largely untouched the
effects on sustainability, CE, and the role of resource orchestration
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(Rialti et al., 2019; Sirmon et al., 2011). While acknowledging recent
research into the role of BAC in sustainable supply chain management
(Dubey et al., 2016; Hazen et al., 2016; Wang et al., 2016; Wu et al.,
2017; Zhao et al., 2017) and circular supply chain management (Gupta
etal., 2019), these studies fall short when considering a broader range of
circular strategies. Through a series of interviews, Kristoffersen et al.
(2021) address this issue and propose a classification of BAC for CE (see
Fig. 1). The study hypothesizes that companies need eight different BA
resources that, in combination, build a BAC applicable to multiple cir-
cular strategies. However, a gap remains in examining this hypothesis
and quantitatively assessing how firms leverage BA for CE. Addressing
this gap, the present study operationalizes the notion of a CE-specific
BAC to test its validity and suitability in explaining how BA affects IT
ROC and CE implementation and how this, in turn, affects the different
mechanisms of firm performance.

3. Research model

Drawing on the resource-based view and the resource orchestration
view of the firm, this study proposes the research model shown in Fig. 2.
In IS research, both tangible assets (like data and technology) and
intangible and human assets (like data-driven culture and managerial
skills) are regarded as resources based on the definition of Piccoli and
Ives (2005). These resources are also specifically mentioned in the
widely used classification of BA resources by Gupta and George (2016)
and expands upon the highly influential work by Mata et al. (1995) and
Wixom and Watson (2001). BAC is conceptualized as a higher-order
construct, with each dimension comprising more than one
sub-dimension (see definitions in Table 1). This classification (see Fig. 1)
is consistent with the framework of Grant (1991), and the dimensions of
human skills, tangible resources, and intangible resources are widely
used in IT capability literature (Bharadwaj, 2000; Chae et al., 2014;
Mikalef et al., 2020; Santhanam and Hartono, 2003).

The authors argue that in order to develop a strong BAC, organiza-
tions have to invest in all three types of resources. In doing so, they
obtain the capacity to strengthen existing circular strategies, implement
new ones, improve their IT ROC, and enhance their overall performance.
As such, the effect of BAC on firm performance is fully mediated by
firms’ IT ROC and degree of CE implementation.

In today’s competitive business environment, firms have to
constantly update the means through which they deliver value.
Complicating the situation is the increasing pressure on them from
customers, shareholders, and governments to transition to a more sus-
tainable mode of business operation. Companies utilizing insights
generated through BA are better positioned to identify emerging op-
portunities and threats and transform their operation accordingly
(Wamba et al., 2017). Specifically, BAC helps companies expand the
locus of decision-making by providing previously unavailable insights
and options (Abbasi et al., 2016; Drnevich and Kriauciunas, 2011) and
improving response time, effectiveness, and efficiency when dealing
with environmental changes (Popovic et al., 2018). Acknowledging the
potential of BA to play a role in addressing critical societal challenges, a
growing number of studies have noted its positive relationship to sus-
tainable development and CE (Chen et al., 2012; Kristoffersen et al.,
2021; Del Giudice et al., 2020; Gupta et al., 2018, 2019; Hashem et al.,
2016; Kristoffersen et al, 2020; Patwa et al., 2020; Rajput and Singh,
2019; Singh and El-Kassar, 2019; Song et al., 2017; Zhang et al., 2019).
Zeiss et al. (2020) detail the problem-solution pairing of CE and IS as a
prolific relationship where digital technologies such as BA have the
potential to connect the material and information flows needed to help
understand and enact circular material flows, intensify and extend the
use of products and components, and recycle waste materials. Data and
information flow tracking plays an important role in the transition to a
more sustainable economy (Jabbour et al., 2019), providing essential
insights for enabling CE adoption and evolution for both large (Geng
it;ff, 2013) and emerging economies (Patwa et al., 2020). Therefore,
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Business Analytics Capability for Circular Economy

Tangible

Intangible

Human Skills

- Data

« Technology

« Data-driven Culture

« Circular-oriented
Innovation Culture

+ Systems Thinking
Skills

- Data Science Skills

- Basic Resources

« Openness and
Co-creation

Fig. 1. Classification of business analytics capability (BAC) for circular economy (CE) (Kristoffersen et al., 2021).

Business Analytics

Resource
Orchestration Capability

Firm

Capability

Circular Economy
Implementation

Performance

Control Variables
Firm size
Firm age
« Industry type

Fig. 2. Research model.

BAC can improve firms’ ability to operationalize circular strategies and
overall CE implementation. Extensive support for this can be found in
related empirical studies on the effect of BAC for improved sustainable
supply chain management and circular strategy implementation (Dubey
et al., 2016; Gupta et al., 2019; Hazen et al., 2016; Kristoffersen et al.,
2021; Wang et al., 2016; Wu et al., 2017; Zhao et al., 2017). From the
preceding discussion, it is hypothesized that:

H1. BAC will have a positive effect on CE implementation.

Transforming the current mode of business operation requires that
companies go beyond focusing solely on technology (Janssen et al.,
2017). For instance, Raut et al. (2019) found that management and
leadership style, supplier and customer integration, and internal busi-
ness processes significantly influence the ability of BAC to support sus-
tainable practices. Chauhan et al. (2019) supports this and highlights
top-level management as the most essential agent of enablement. With
several studies showcasing how a strong BAC can help firms identify
threats, seize opportunities, and transform their operation to meet
emerging market needs (Braganza et al., 2017; LaValle et al., 2011;
Ransbotham and Kiron, 2017; Winig, 2017), the strength of dynamic
capabilities and decision-making quality are largely dependent upon the
BAC an organization can develop (Conboy et al., 2020; Janssen et al.,

172

2017; Mikalef et al., 2020). Therefore, targeted BAC development may
improve the value retention of investments, predictive decision-making
quality, and the ability to respond to external needs and opportunities
(Bharadwaj et al., 2013). Accordingly, with support from studies on
internal capabilities for realizing innovation and driving competitive
performance (Barney, 1991; Chadwick et al., 2015; Chang, 2018; Sir-
mon et al., 2007), BAC can improve firms’ ROC. Thus, it is hypothesized
that:

H2. BAC will have a positive effect on ROC.

With the launch of a new European CE action plan (European
Commission, 2020b) and previously estimated economic benefits of up
to €1.8 trillion by 2030 for Europe alone (EMF, 2015b), there is a great
promise of value creation for organizations adopting the CE model.
Often remarking on the ability to provide a sustainable competitive
advantage through the concept of resource efficiency, or “producing
more with less” (Linder and Williander, 2017), scholars generally agree
that circular strategies lead to improved firm performance (Khan et al.,
2020a; Scarpellini et al., 2020a; Zhu et al., 2010). Seeing it as a win-win
situation, numerous studies have emphasized the economic benefits of
adopting environmental solutions (Miroshnychenko et al., 2017). In the
study by Gusmerotti et al. (2019), multiple advantages for companies
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Table 1
Constructs and definitions.

Construct Definition Source(s)

Business Analytics Business analytics capability (BAC) (Gupta and George,

Capability is the ability of a firm to effectively ~ 2016; Wamba et al.,
mobilize, deploy, and utilize BA 2017)
resources and align BA planning
with its strategy to improve its
performance.
Resource Resource orchestration capability (Choi et al., 2020;
Orchestration (ROQ) is the ability of a firm to Sirmon et al., 2011;
Capability effectively structure, bundle, and Wang et al., 2020)

leverage the resource portfolio
towards firm performance.
Circular economy (CE)

1tation impl ation is the degree to
which a firm effectively leverages
circular strategies for value
creation and capture as relevant to
its perspective.

Firm performance is the degree to
which a firm has superior
performance relative to its
competition in areas of
environmental performance,
financial performance,
competitiveness, and corporate
reputation.

Circular Economy

Tmnl

(Bocken et al., 2016;
Khan et al., 2020a)

(Khan et al., 2020a;
Rai et al., 2006)

Firm performance

adopting CE were identified, among them improved brand reputation
and customer satisfaction (Ambec and Lanoie, 2008; Darnall and Sides,
2008), current and future legal compliance (Bansal et al., 2018; Gus-
merotti et al., 2012), reduced environmental impact (Manninen et al.,
2018; Nupholz, 2018), increased competitive performance (Iraldo et al.,
2009), and reduced dependence on the supply of raw materials along
with lower exposure to the risk associated with it (Kalaitzi et al., 2018;
Winn and Pogutz, 2013). Driven by a business frame (Hahn et al., 2014),
several managers see reducing the environmental impact of their
products and services as a way to differentiate their offerings from
competitors’ (Darnall and Sides, 2008) and to lower costs (Iraldo et al.,
2009) through more efficient resource use (Heras-Saizarbitoria, 2011).
While prior empirical research has shown that CE can improve firm
performance, the studies have mainly focused on a narrow subset of
circular strategies (Khan et al., 2020a; Zeng et al., 2017), such as reduce,
reuse, and recycle or targeting specific life cycle stages. Hence, the need
exists for empirical investigation into a broad range of strategies in
firms’ CE implementation. Thus, the following is hypothesized:

H3. CE implementation will have a positive effect on firm
performance.

Addressing the shortcomings of the resource-based view, the theory
of resource orchestration has experienced a surge in quantitative studies
into its effects on IT resources and capabilities and firm performance
(Ahuja and Chan, 2017; Choi et al., 2020; Cui and Pan, 2015; Rojo
Gallego Burin et al., 2020). Similarly, a growing number of studies have
investigated the importance of dynamic capabilities for corporate sus-
tainability (Annunziata et al., 2018; Hofmann et al., 2012; Wu et al.,
2013), environmental management (Daddi et al., 2017), and CE
(Kabongo and Boiral, 2017; Khan et al, 2020a, 2020b; Scarpellini et al.,
2020b). Therefore, firms whose IT portfolios have a strong ROC are
arguably better equipped to support circular and sustainable activities
by covering blind spots in BA applications and more effectively realize
value on their BA investments, which, in turn, influences performance.
With studies supporting the strength of the resource orchestration the-
ory in understanding managers’ role in structuring, bundling, and
leveraging organizational resources towards performance (Collis and
Anand, 2019), the importance of optimal resource orchestration for
increased competitive performance (Ahuja and Chan, 2017; Gong et al.,
2018; Teece, 2014; Wales et al., 2013; Wang et al., 2020), and its
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complementary role in explaining how firms transition towards a CE
(Kiefer et al., 2018), the following is hypothesized:

H4. ROC will have a positive effect on firm performance.

Furthermore, firms’ IT ROC, together with CE implementation, may
play an important role in fully mediating the relationship between their
CE-specific BAC and firm performance. Support for this can be seen in
the mediating role of dynamic capabilities between BAC and competi-
tive performance (Mikalef et al., 2020), in CE implementation (Khan
et al., 2020a), and the role of ROC in firms’ boundary-spanning search
for green innovation (Wang et al., 2020) and entrepreneurial orientation
towards firm performance (Choi et al., 2020). Specifically, expanding on
related studies into the importance of ROC in facilitating green inno-
vation (Luo et al., 2017; Wales et al., 2013; Wang et al., 2020), firms
with a strong ROC may be better equipped to structure, bundle, and
leverage valuable CE-based BA resources for enhanced firm perfor-
mance. Conversely, studies indicate that a weak ROC may lead to firms
failing to explore and recognize useful knowledge (Zhou and Li, 2012),
create novel ideas (Inkpen and Wang, 2006; Lane et al., 2006), and
facilitate green innovation (Wang et al., 2020). This hampers their
ability to effectively manage internal resources and capabilities,
reducing the positive effect of BAC on firm performance. Hence, the
main argument of this paper is that BAC improves firms’ ROC and helps
reduce the risk of investing in CE implementation, increasing the overall
effect on firm performance. In other words, BA can support firms’
overall CE transition and firm performance in two ways: directly
through operationalization of circular strategies and through more
efficient orchestration of IT resources. From the discussion above, it is
hypothesized that:

H5. BAC will have a positive indirect effect on firm performance,
which will be fully mediated by a positive effect on CE implementation
and ROC.

4. Empirical study
4.1. Survey, administration, and data

For the purpose of this study, a questionnaire-based survey method
was adopted to allow for generalizability and replication of the results
and to facilitate a simultaneous investigation of several factors (Pin-
sonneault and Kraemer, 1993). The methodology is well-documented in
exploratory settings and a robust way of identifying the general ten-
dency and associations in a sample with predictive theory for general-
ization of results (Straub and Gefen, 2004). The recommended
guidelines for questionnaire development (Churchill, 1979; Recker and
Rosemann, 2010) and construct measurement (MacKenzie et al., 2011)
were employed. In addition, the recommendations and tactics (i.e.,
personalization, consent screening, and anonymity) by Cycyota and
Harrison (2006) to improve response rates were followed. Relevant
literature to identify suitable indicators for the constructs under inves-
tigation was reviewed, and previously published latent variables with
psychometric properties to support their validity were sought. Where
this was not possible, new indicators were created based on qualitative
and conceptual studies. On the basis of this, a trial questionnaire was
drafted and shared with a panel of experts for careful assessment and
refinement of indicators, questions, and wording. All items were
measured on a 7-point Likert scale due to its suitability for quantifying
constructs such as organizational resources and capabilities (Kumar
et al., 1993). Following the panel review, a pretest was conducted in a
small sample of 11 firms (see Table 2 for details) to test the statistical
properties of the constructs and assess the face and content validity of
items to ensure respondents interpreted the questions as intended. After
completing the pretest, the respondents were contacted by email and
asked to comment on the quality of the questionnaire and to provide
suggestions for improving the clarity of the questions. The
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Table 2
Pretest characteristics.
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Factors Sample (N = 11)

Country
Norway 3
Sweden 2
Other

Industry
Manufacturing
Consultancy
Information technology
Other

Firm size (number of employees)

1-9
10-49
50-249
250+

Age of company
1-4 years
5-9 years
10-49 years
50+ years

Respondent position
Head of digital strategy
Head of circular economy/sustainability strategy
Director
Manager
Other

D= W FNERENEN o

[SEGECIN

A Lm0 NN

aforementioned step satisfied the psychometric properties for suitability
and validity of the questionnaire.

For the main sample, the names and details of senior executives
engaged in digital and CE activities were obtained from personal con-
tacts, corporate directories, and professional forums. From this, 180
relevant executives and 11 industry networks with European companies
were used to disseminate an electronic survey via Nettskjema (an online
survey tool developed and operated by the University of Oslo, Norway).
The respondents were invited by email, which was followed up by two
reminders spaced two weeks apart. The data collection phase lasted for
approximately two months (October 2020-December 2020). The sample
comprised 64 responses, 56 of which were complete and retained for
further analysis. Due to the inadequate number of responses, a second
data collection phase was completed. It lasted for approximately one
month (January 2021) and used a panel service company to disseminate
the questionnaire. To ensure quality responses and consistency with the
sample in phase one, the panel service was given strict criteria (guided
by the control questions in Appendix A) on what would qualify a
respondent for the survey. The second data collection phase resulted in
123 responses, 75 of which qualified for the survey with 69 complete
responses. In total, the final sample consisted of 125 responses with an
average completion time of 13 min.

The responses in the sample represented a broad set of companies
from a variety of countries (see Table 3 for details). The largest pro-
portion of them operated from Norway (23.2%), Poland (9.6%), the
United Kingdom (8.8%), Spain (8.8%), and Germany (8.8%). The ma-
jority of the companies were medium and large in size (33.6% and
38.4% respectively) from the industries of manufacturing (33.5%), retail
and consumer goods (20.8%), information technology (13.6%), and
energy, utilities, and resources (10.4%). The questionnaire was targeted
at senior managers with knowledge of both the digital and the circular
strategies of their organization. To ensure a collective response from the
company, the survey participants were encouraged to confer with col-
leagues in areas outside of their expertise. Most companies had several
years of experience using BA and were either somewhat or entirely
targeting the CE in their strategy.

Given that each data point was collected from a single source at a
single point in time, the possibility of bias exists. The risk of bias in the
sample was investigated using a series of statistical tests. First, to reduce
the risk of informant bias, the responses from the two data collection
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Table 3
Sample characteristics.
Factors Sample (N = Percentage
125) (%)

Country
Norway 29 23.2%
Poland 12 9.6%
United Kingdom 11 8.8%
Spain 11 8.8%
Germany 11 8.8%
Italy 10 8%
France 9 7.2%
Netherlands 8 6.4%
Denmark 6 4.8%
Finland 6 4.8%
Sweden 5 4%
Other 7 5.6%

Industry
Manufacturing 42 33.6%
Service provider 9 7.2%
Consultancy 7 5.6%
Energy, utilities, and resources 13 10.4%
Retail and consumer goods 26 20.8%
Information technology 17 13.6%
Other 11 8.8%

Firm size (number of employees)
1-9 15 12%
10-49 20 16%
50-249 42 33.6%
250+ 48 38.4%

Years of business analytics experience
<1 year 16 12.8%
1-2 years 21 16.8%
3-4 years 36 28.8%
4+ years 52 41.6%

Extent to which firm strategy targets the circular economy
Not at all 5 4%
Alittle 21 16.8%
Somewhat 50 40%
Entirely 49 39.2%

Age of company
<1 year 1 0.8%
1-4 years 13 10.4%
5-9 years 24 19.2%
10-49 years 67 53.6%
50+ years 20 16%

Respondent position
CEO/president 21 16.8%
CIo 10 8%
Head of digital strategy 5 4%
Head of circular economy/sustainability 14 11.2%
strategy
Director 19 15.2%
Manager 49 39.2%
Other 7 5.6%

phases were divided into two groups, one for each phase. To compare
the two groups a Mann-Whitney U test was run of the dependent vari-
able measures using the SPSS software package. The test showed no
significant difference between the groups, meaning response bias be-
tween the two data collection phases was not an issue (see Table 4 for
the results). Second, to control for common method bias ex ante and post
ante, the guidelines by Chang et al. (2010) and Podsakoff et al. (2003)
were followed. With a view to encouraging the free flow of responses
and reducing social desirability bias, the respondents were informed
about the purpose of the survey and their data protection rights,
receiving assurance that they would remain fully anonymous (Hossain
et al., 2020). To test if common method bias was present, a collinearity
assessment and Harman’s single factor test were performed. For the
collinearity assessment approach, VIF values were below 3.3 (at the
factor-level), indicating that pathological collinearity was absent and
the model was not contaminated by common method bias (Kock, 2015).
Similarly, the results for Harman’s single factor test indicated an
absence of common method bias with a maximum variance by any factor
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Table 4
Mann-Whitney U test.

Measure Mann-Whitney U Significance
PER-EN1 1952.5 0.800
PER-EN2 1832.0 0.707
PER-EN3 1920.0 0.934
PER-F1 1839.5 0.738
PER-F2 1657.5 0.203
PER-F3 1947.5 0.822
PER-CO1 1744.5 0.405
PER-CO2 1588.0 0.099
PER-CO3 1676.5 0.236
PER-CO4 1816.0 0.648
PER-CR1 1708.0 0.306
PER-CR2 1763.5 0.574
PER-CR3 1803.0 0.860
PER-CR4 1910.0 0.975

of 38.8%, meaning that not a single construct accounted for the majority
of the variance (Fuller et al., 2016). This suggests that the research
model and questionnaire were not contaminated by common method
bias.

4.2. Measurements

The main constructs of the study were operationalized using a hi-
erarchical component model with respective sub-constructs for each
main construct (Sarstedt et al., 2019). BAC was put together as a
third-order formative construct consisting of tangible, intangible, and
human skills resources as second-order formative constructs, each
incorporating three first-order constructs. First, the tangible BA-related
resources — consisting of data, technology, and basic resources — were
represented as formative first-order constructs. Second, the intangible
resources of data-driven culture, circular-oriented innovation (COI)
culture, and openness and co-creation were represented as reflective
first-order constructs. Third, the human skills components of systems
thinking and data science were represented as reflective first-order
constructs (See Table 5 for the development and dimension structure
of the BAC construct and Table 6 for definitions.). Respondents were
asked to what degree they agreed with the listed questions (see Ap-
pendix A) on a 7-point Likert scale (1 — Totally disagree; 7 — Totally
agree).

CE implementation was developed as a second-order formative
construct with three first-order formative constructs. The second-order
construct was based on the empirical study by Khan et al. (2020),
whereas the first-order constructs and indicators were adapted from the
Circular strategies framework by Blomsma et al. (2019). The framework
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presents seven categories of circular strategies (reinvent, rethink and
reconfigure, restore, reduce and avoid, recirculate parts and products,
recirculate materials, logistics, and energy), each with several
sub-categories or areas of application. Informed by the Smart CE
framework of Kristoffersen et al. (2020) of how BA relates to CE, the
logistics and energy categories were omitted, and four of the remaining
categories were combined into two. This was done for three reasons: to
reduce the total number of survey questions for the sake of brevity, to
maintain a formative structure with low indicator correlation, and to
avoid first-order constructs with only one indicator. The outcome of the
above was the three dimensions of circular strategies, namely reinvent
and rethink (strategic activities), restore, reduce and avoid (operational
activities), and recirculate (operational activities). Respondents were
asked to indicate the level they had implemented or contributed to
circular strategies on behalf of another stakeholder on a 7-point Likert
scale (1 — Totally disagree; 7 — Totally agree).

ROC was established as a second-order formative construct with
three first-order formative constructs: structuring, bundling, and
leveraging. The measurements were adopted from prior conceptual
research on resource orchestration (Sirmon et al., 2011) and empirical
research on ROC (Choi et al., 2020; Wang et al., 2020). As the resource
orchestration view is a generic theory, essentially all types of organi-
zational resources all relevant. Therefore, to narrow the scope and
ensure consistency with the BAC, respondents were asked to assess the
current situation in their firm concerning IT resources and assets only.
Questions were measured on a 7-point Likert scale (1 — Totally disagree;
7 — Totally agree).

Firm performance was devised as a second-order formative construct
with four first-order formative constructs, specifically environmental
performance, financial performance, competitiveness, and corporate
reputation. The measurements were based on the scale of Khan et al.
(2020) and build upon established indicators from previous studies
(Bagur-Femenias et al., 2013; Eurostat, 2014; Zhu et al., 2010). Re-
spondents were asked to assess the degree to which their firm had
improved in different areas of organizational performance in the last five
years. Questions were measured on a 7-point Likert scale (1 — Totally
disagree; 7 — Totally agree). For control variables, descriptive information
was collected on firm size and age, industry sector, country, ownership
structure, experience levels with BA and CE, and the respondents’ po-
sition within the firm.

5. Analysis
To conduct the analysis and assess the validity and reliability of the

research model, partial least squares-based structural equation modeling
(PLS-SEM) was employed using the SmartPLS 3 software package

Table 5
Latent constructs and sub-dimensions.
Third-order Type Second-order Type First-order Type

BAC Formative Tangible resources Formative Data Formative
Technology Formative

Basic resources Formative

Intangible resources Formative Data-driven culture Reflective

COI culture Reflective

Openness and co-creation Reflective

Human skills Formative Systems thinking skills Reflective

Data science skills Reflective

CE implementation Formative Reinvent and rethink Formative

Restore, reduce and avoid Formative

Recirculate Formative

ROC Formative Structuring Formative

Bundling Formative

Leveraging Formative

Firm performance Formative Environmental Formative

Financial Formative

Competitiveness Formative

Corporate reputation Formative
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Table 6

Business analytics resources.

Second-
order
construct

First-order
construct

Definition

Source(s)

Tangible

Intangible

Data

Technology

Basic
resources

Data-driven

culture

COI culture

Openness
and co-
creation

Organizations utilizing
BA for CE need to
capture both internal
and external data from
multiple sources,
independently of
structures and on a
continuous basis.
Further, aspects
concerning data (such as
quality, sources,
availability, and
methods for curating)
need handling.

Novel digital
technologies are
necessary for handling
the large volume,
diversity, and speed of
data accumulated
throughout circular
value chains. The
complexity of these
value chains increases
the need for firms to
deploy advanced data
generation, integration,
analysis, and sharing
infrastructures.

This refers to an
organization’s
investment of time and
funds. It includes
financial resources as
direct investments in
support of these
technologies and
working hours allocated
to experimentation with
utilizing the potential of
BA.

This describes the extent
to which organizational
members are committed
to BA and make
decisions based on
insights derived from
data.

This describes the extent
to which CE goals,
principles, and
strategies are integrated
into technical and
market-based
innovations to create
value by enabling the
sustainable
management of
resources throughout
the design of processes,
products/services, and
business models.

This describes the extent
to which organizational
members are mutually
open about decisions
and activities that affect
the society/economy/
environment and willing
to communicate these in
a clear, accurate, timely,
honest, and complete

(Arunachalam et al.,
2018; Gupta and
George, 2016; Hedberg
et al., 2019; Janssen
etal.,, 2017; Kwon et al.,
2014; Mikalef et al.,
2017)

(Arunachalam et al.,
2018; Gupta and
George, 2016; Gupta
et al., 2019; Hedberg
et al., 2019; Mikalef
et al., 2017)

(Gupta and George,
2016; Mikalef et al.,
2017; Wamba et al.,
2017)

(Arunachalam et al.,
2018; Dubey et al.,
2019; Gupta and
George, 2016; Mikalef
et al., 2020)

(Brown et al., 2019;
Gupta et al., 2019;
Munodawafa and Johl,
2019; Pauliuk, 2018;
Prieto-Sandoval et al.,
2019; The British
Standards Institution,
2017)

(Akter et al., 2021;
Gupta et al., 2019;
Hedberg et al., 2019;
Pauliuk, 2018; The
British Standards
Institution, 2017)
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Table 6 (continued)

Second- First-order Definition Source(s)
order construct
construct

Systems
thinking
skills

Data science
skills

manner to enhance
formal and/or informal
arrangements internally
and externally to create
mutual value.

This refers to the
competencies of
employees to take a
holistic approach to
understanding larger
contexts over longer
periods of time, looking
at connections and
patterns of how
individual decisions and
activities impact
environmental,
economic, and social
issues beyond the
immediate first-tier
scope.

This refers to the
competencies of
employees to formulate
and solve machine

(Bocken et al., 2019;
Gupta et al., 2019;
Pauliuk, 2018; The
British Standards
Institution, 2017;
Webster, 2013)

(Dhar, 2013; Dubey

et al., 2019; Gupta and
George, 2016; Power,
2016)

learning problems,
utilizing data analytics
skills such as statistics,
computing, and
knowledge about
correlation and
causation.

(Ringle et al., 2015). The analysis followed the updated guidelines by
Benitez et al. (2020) on how to perform and report on PLS analyses in IS
research. Given that the proposed research model is targeted towards
exploratory theory building as opposed to theory testing, PLS-SEM is
seen as a better option than covariance-based SEM. Further, PLS-SEM
allows the use of mixed model specification methods (i.e., simulta-
neous use of formative and reflective constructs in higher-order latent
constructs), while covariance-based SEM methods do not (Akter et al.,
2017). PLS-SEM is regarded as a robust and powerful statistical tool and
has been applied across various disciplines (Joseph F. Joseph F. Hair
et al., 2012a, 2012b), including BA and CE research (Akter et al., 2019;
Khan et al., 2020a; Mikalef et al., 2020). Moreover, PLS-SEM is recom-
mended when the research is exploratory, focusing on theory building
and predicting target constructs for complex structural models, and al-
lows for simultaneous estimation of multiple relationships between one
or more independent and dependent variables (Henseler et al., 2016).
Categorized as a variance-based soft modeling technique, PLS-SEM can
be used to estimate both reflective and formative constructs and is a
well-suited predictive tool for theory building in complex models using
smaller samples (Nair et al., 2018). In terms of sample size requirements,
the total of 125 respondents meant that the sample exceeded both re-
quirements of i) ten times the largest number of formative indicators
used to measure one construct and ii) ten times the largest number of
structural paths directed at a particular latent construct in the model
(Hair et al., 2011).

5.1. Measurement model

As the measurement model consisted of both formative and reflective
constructs, several different assessment criteria were applied to examine
their validity and reliability. The reflective measures, specifically first-
order reflective constructs, were tested for discriminant validity, reli-
ability, and convergent validity. Discriminant validity was assessed by
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calculating the Heterotrait-Monotrait ratio (HTMT). HTMT is seen as a
more robust criterion for assessing discriminant validity compared to,
for instance, the Fornell-Larcker criterion and assessment of cross-
loadings between constructs (Benitez et al., 2020; Henseler et al.,
2015). The test measures similarity between constructs by using the
multitrait-multimethod matrix and calculating the average correlation
of indicators across constructs, measuring different elements of the
model relative to the average of the correlation of indicators within the
same construct (Benitez et al., 2020). The HTMT should be below the
0.85 (stricter) or 0.9 (more tolerant) thresholds. In this case, all values
were below the more stringent thresholds, indicating sufficient
discriminant validity (see Table 7). Reliability was examined at the in-
dicator and construct level. For indicator reliability, the
construct-to-item loadings were confirmed to be above the threshold of
0.707 and significant (see Table 8). At the construct level, the Cron-
bach’s alpha and composite reliability values were calculated, and it was
confirmed that both values greatly exceeded the threshold of 0.70
(Nunnally, 1978). For composite reliability, Benitez et al. (2020)
recommend using the Dikjstra-Henseler’s indicator. Values over 0.70
indicate that more than 50% of the variance in the construct scores can
be explained by the latent variable. For convergent validity, the average
variance extracted (AVE) was calculated, and it was confirmed that all
values were above the 0.50 threshold. The abovementioned results (see
Table 9) suggest that the reflective measures are valid as all items are
good indicators of their respective first-order constructs.

For formative measures, the weights and significance levels of each
item were calculated first. Although most weights of the indicators were
statistically significant, some were found to be non-significant at the first
or second-order level (e.g., T2 to T5 of Technology, CE-INV1 to CE-INV3
of Reinvent and Rethink, and PER-CO2 to PER-CO4 of Competitiveness).
However, Cenfetelli and Bassellier (2009) argue that formative con-
structs are likely to have indicators with non-significant weights. This is
exasperated with the number indicators. Their recommendation is to
keep non-significant indicators in the model provided that there is
strong theoretical justification for their inclusion. This contrasts with the
approach for reflective indicators, the reason being that reflective
measures focus on maximizing the overlap between interchangeable
indicators, whereas formative measures focus on minimizing the overlap
between complementary indicators. Therefore, removing a formative
measure would potentially remove a distinct and important character-
istic from the phenomenon under investigation. As the non-significant
dimensions and indicators developed to measure them are all based on
rigorous theories and capture different critical factors, it is necessary to
retain them in the model. Similar justifications can be found in related
BAC studies by Gupta and George (2016) and Mikalef and Gupta (2021).

Next, the validity of the formative constructs was evaluated using
Edwards’ (2001) adequacy coefficient (R2a), following the guidelines of
MacKenzie et al. (2011) Schmiedel et al. (2014). The R2a value is
calculated by summing the squared correlation between indicators and
their respective construct and dividing by the number of items. All
values exceeded the threshold of 0.50, indicating that the items are a

Table 7
Discriminant validity (HTMT) of reflective constructs.
CoI1 Data Data- Openness Systems
culture science driven and co- thinking
skills culture creation
COI culture
Data science 0.526
skills
Data-driven 0.692 0.700
culture
Openness 0.809 0.628 0.602
and co-
creation
Systems 0.847 0.595 0.607 0.775
thinking
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Table 8
Reflective constructs loadings.

Construct Measure Loading Significance
COI culture
coIl 0.83 p < 0.001
COoI12 0.72 p < 0.001
CoI3 0.82 p < 0.001
Co14 0.76 p < 0.001
Data science skills
DS1 0.86 p < 0.001
DS2 0.91 p < 0.001
DS3 0.85 p < 0.001
Ds4 0.81 p < 0.001
Data-driven culture
DD1 0.73 p < 0.001
DD2 0.71 p < 0.001
DD3 0.74 p < 0.001
DD4 0.71 p < 0.001
Openness and co-creation
0CC1 0.81 p < 0.001
0CC2 0.70 p < 0.001
0CC3 0.79 p < 0.001
System thinking skills
ST1 0.71 p < 0.001
ST2 0.80 p < 0.001
ST3 0.84 p < 0.001

valid representation of the construct as most of the variance in the in-
dicators is shared with the construct. The same approach was followed
for the higher-order constructs, and all R2a values were above 0.50.
Lastly, the presence of multicollinearity was examined using Variance
Inflation Factor (VIF) values. While multicollinearity is encouraged for
reflective constructs as they focus on maximizing overlap, it can be
problematic for formative constructs. The threshold for VIF is typically
set at values below 10 (MacKenzie et al., 2011), while Petter et al.
(2007) recommend a more conservative cutoff at 3.3. Four items were
observed to be above the conservative threshold, with the highest VIF
value being 3.593. However, as these values are only slightly above the
more strict cutoff, it is believed that multicollinearity is not a concern in
this study (Cenfetelli and Bassellier, 2009). The above-mentioned results
(see Table 10) suggest that the formative measures are valid as all items
are good indicators of their respective constructs. Overall, both reflec-
tive and formative constructs demonstrated satisfactory psychometric
properties.

5.2. Confirmatory composite analysis

To assess the overall fit of the model, a confirmatory composite
analysis of the saturated model was performed, following the recom-
mendations of Gefen et al. (2011), Hair et al. (2020), and Henseler
(2017). The saturated model allows all constructs to be freely correlated,
while the concept’s operationalization is as specified by the analyst. This
is useful when assessing the model fit and the validity of the measure-
ment and composite model because it helps determine potential mis-
specifications in the model (Benitez et al., 2020). This is done by
comparing the empirical correlation matrix with the model-implied
correlation matrix. Benitez et al. (2020) recommend using the stan-
dardized root means square residual (SRMR), unweighted least squares
discrepancy (dyrs), and geodesic discrepancy (dg) for evaluating the
goodness of fit for the saturated model. As a whole, the analysis provides
empirical support to whether or not the indicators form a construct and
if the latent variables exist. For SRMR, a value of 0.036 was observed,
which is lower than the 0.080 threshold (Henseler et al., 2014; Hu et al.,
1992). SRMR measures the average magnitude of the discrepancies
between the observed and the expected correlations. The discrepancy
indicators (dyrs and dg) were both below their corresponding 95%
quantile reference distributions. Thus, empirical evidence for the latent
fafj?bles was obtained (see Table 11).
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5.3. Structural model
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Table 10
Formative construct validation.

Construct Measures Weight Significance VIF R?,

Data D1 0.221 Ns 1.781 0.64
D2 0.158 Ns 1.856
D3 0.480 p <0.01 2.013
D4 0.351 p < 0.01 1.896

Basic resources BR1 0.330 p < 0.01 1.637 0.73
BR2 0.551 p < 0.001 1.974
BR3 0.275 p < 0.05 2.145

Technology T1 0.434 p < 0.001 1.895 0.66
T2 0.125 Ns 2.565
T3 0.219 Ns 2.454
T4 0.197 ns 2.542
T5 0.239 ns 2.086

Tangible Data 0.187 p < 0.05 2.629 0.76
Basic resources 0.663 p < 0.001 2.012
Technology 0.255 p <0.01 2.557

Intangible Data-driven culture 0.487 p < 0.001 1.557 0.72
COI culture 0.327 p < 0.01 2.173
Openness and co-creation 0.365 p < 0.001 1.907

Human skills Systems thinking skills 0.625 p < 0.001 1.374 0.76
Data science skills 0.520 p < 0.001 1.374

BAC Tangible 0.407 p < 0.001 3.171 0.85
Intangible 0.476 p < 0.001 2.940
Human skills 0.198 p < 0.05 3.461

Structuring ROS1 0.290 p < 0.05 1.905 0.74
ROS2 0.420 p < 0.01 2.027
ROS3 0.434 p < 0.001 1.830

Bundling ROB1 0.531 p < 0.001 2.465 0.79
ROB2 0.378 p <0.01 2.578
ROB3 0.194 p < 0.05 2171

Leveraging ROL1 0.471 p < 0.001 2.246 0.78
ROL2 0.229 p < 0.05 2177
ROL3 0.416 p < 0.001 2.472

ROC Structuring 0.249 ns 3.473 0.86
Bundling 0.430 p < 0.05 3.351
Leveraging 0.393 p < 0.01 3.593

Reinvent and rethink CE-INV1 0.317 ns 2.133 0.63
CE-INV2 0.260 ns 1.360
CE-INV3 0.157 ns 2.430
CE-INV4 0.507 p <0.01 1.963

Restore, reduce, and avoid CE-RRA1 0.437 p < 0.01 1.218 0.57
CE-RRA2 0.364 p < 0.05 1.227
CE-RRA3 0.513 p < 0.001 1.269

Recirculate CE-REC1 0.524 p < 0.001 1.352 0.66
CE-REC2 0.344 p < 0.05 1.615
CE-REC3 0.361 p <0.01 1.592

CE implementation Reinvent and rethink 0.334 p < 0.01 1.755 0.73
Restore, reduce, and avoid 0.199 ns 2.041
Recirculate 0.608 p < 0.001 1.991

Environmental PER-EN1 0.314 p < 0.05 2.247 0.73
PER-EN2 0.473 p < 0.01 2.351
PER-EN3 0.380 p < 0.05 1.476

Financial PER-F1 0.475 p < 0.01 1.305 0.63
PER-F2 —0.038 ns 2.045
PER-F3 0.724 p < 0.01 2.029

Competitiveness PER-CO1 0.577 p < 0.01 1.733 0.67
PER-CO2 0.354 ns 2.199
PER-CO3 0.141 ns 2.338
PER-CO4 0.097 ns 2.180

Corporate reputation PER-CR1 0.161 ns 2.706 0.65
PER-CR2 0.388 p < 0.01 2.097
PER-CR3 —0.002 ns 2.258
PER-CR4 0.603 p < 0.001 1.833

Firm performance Environmental 0.360 p < 0.01 2.028 0.62
Financial —0.085 ns 1.992
Competitiveness 0.002 ns 2.724
Corporate reputation 0.777 p < 0.001 2.827

5.5. Predictive validity

Lastly, the predictive validity of the model was examined. Predictive
validity can be assessed through sample re-use by computing the pre-
dictive relevance of constructs and evaluating how well values are
reproduced by the model and its parameter estimates (Chin, 1998;
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Woodside, 2013). Known as the Stone-Geisser (Qz) indicator, the
method is a combination of function fitting and cross-validation, which
omits certain inner model relationships and examines each construct’s
predictive relevance by changes in the criterion estimates (Joe F. Joe F.
Hair et al., 2012a, 2012b). Values above 0 indicate predictive relevance,
with values above 0.35 indicating a high effect, and contrary values
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Table 11
Results of the confirmatory composite analysis.

Discrepancy Saturated model fit

Value Hlgs Conclusion
SRMR 0.036 0.042 Supported
durs 0.117 0.163 Supported
dg 0.129 0.167 Supported

below 0 indicate insufficient predictive relevance (Hair et al., 2016). It
was found from the analysis that ROC (Q%=10.697), CE implementation
(Q2 = 0.573), and firm performance (Q2 = 0.502) all had satisfactory
and high predictive relevance. Overall, the proposed nomological
network fits the data quite well based on consistency in the analysis
results, and all five hypotheses were empirically supported, reinforcing
the validity of the findings.

6. Discussion

While real examples of information flows enabling circularity exist,
and researchers’ theoretical understanding of the relationship between
BA and CE has been improving (Nobre and Tavares, 2019; Rosa et al.,
2020), the mechanisms and conditions under which BA can accelerate
firms’ CE implementation remain largely unexplored in empirical
research. Notwithstanding the number of empirical studies on BA for
general business operation and supply chain management (Akter et al.,
2016; Wamba et al., 2020), these are all rooted in the linear economic
model and way of thinking. In other words, they lack alignment with
more holistic information management and sustainable principles core
to the CE (Gupta et al., 2019). Furthermore, little is known about the
orchestration process required to leverage these BA investments towards
firm performance (Mikalef et al., 2018).

6.1. Research implications

This study addresses the issue in an attempt to understand if BA can
aid in firms’ CE implementation and resource orchestration and how
their effects on several facets of organizational performance can be
measured. To this end, four main contributions are made in terms of
research implications: (1) a construct for capturing CE-specific BAC is

R2=0.701
0.837%** (t = 29.497)

Business Analytics

Resource
Orchestration Capability

0.206 (t=1.178)
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developed, (2) the importance of having this capability is demonstrated,
not just circular strategies to operationalize it (H1), thus differentiating
between strategy and its enactment, (3) the effect BAC has on ROC is
highlighted (H2), which is an assumption many studies carry but has not
been empirically validated, and (4) it is demonstrated how this affects
different mechanisms of firm performance (H3-H5).

The measurement model was established with a BAC construct
adapted explicitly for the CE context alongside operationalization of the
resource orchestration theory and circular strategies as higher-order
constructs. The model was grounded in both established (the resource-
based and resource orchestration views) and emergent (the Smart CE
framework of Kristoffersen et al. (2020)) theories and enacted through a
questionnaire-based survey for empirical investigation with PLS-SEM
for analysis. By analyzing survey data from 125 European companies,
important contributions are made to both the IS and organizational
sustainability research fields by exploring the inner mechanisms of how
BA improves CE implementation, along with their combined effect on
firm performance. For research on how firms transition towards the CE,

Table 12
Summary of hypotheses and results.

Structural path Effect  t-value® Bias corrected 95% Conclusion
confidence interval
BAC — CE impl. 0.770 17.738%** [0.670-0.840] H1
supported
CE impl. — firm 0.253 2.141* [0.021-0.476] H3
performance supported
BAC — ROC 0.837 29.497%** [0.772-0.888] H2
supported
ROC — firm 0.345 2.561* [0.057-0.586] H4
performance supported
BAC — firm 0.206 1.178 [-0.111 - 0.581] (Full
performance mediation)
BAC — CE impl. — 0.195 2.114* [0.026-0.389] H5
firm supported
performance
BAC — ROC — firm 0.289 2.529* [0.064-0.499] H5
performance supported
Total indirect 0.483 3.164%* [0.172-0.766]
effect

@ * significant at p < 0.05
(two-tailed test).

significant at p < 0.01; *** significant at p < 0.001

0.345* (t=2.561)

Firm

Capability

0.770%** (t=17.738)

Circular Economy
Tl :

Performance
R?=0.522

0.253* (t=2.141)

R2=0.593

Note: *** p < 0,001, ** p < 0.01, * p < 0.05

Control Variables

Firm size 0.015 (p = 0.849)

Firm age 0.143 (p = 0.097)

Industry type

- Dummy 1, Manufacturing 0.090 (p = 0.154)

- Dummy 2, Retail and consumer goods -0.116 (p = 0.123)

- Dummy 3, Information technology 0.129 (p = 0.027)

- Dummy 4, Energy, utilities and resources -0.044 (p = 0.420)
- Dummy 5, Service provider -0.072 (p = 0.306)

Ownership structure -0.063 (p = 0.308)

Fig. 3. Results and estimafgdelationships of the structural model.
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the importance of developing a strong BAC is demonstrated by showing
it to i) enable the operationalization of circular strategies and ii) pro-
mote better leveraging of such strategies for improved value generation
and firm performance. Furthermore, this study contributes to the stra-
tegic management theory on the resource-based and resource orches-
tration views by developing and empirically validating an instrument to
measure the IT-based ROC of firms. This builds on previous literature
showcasing the importance of BACs for developing dynamic capabilities
and supporting decision-making across different stages of the industrial
life cycle of assets (Mikalef et al., 2018; Wamba et al., 2017; Wang et al.,
2016). The latter put forward interesting propositions on the role of ROC
and CE implementation in mediating the effect of BAC on firm
performance.

The results are consistent with related BA and CE studies. For
instance, the findings of Gupta et al. (2019) and Kristoffersen et al.
(2021) on the importance of BA for CE, the effect of CE implementation
on firm performance in Khan et al. (2020a), and Mikalef et al. (2020)
result in the contingent role of dynamic and operational capabilities in
the effect of BAC on firm performance. The present study has several
implications for research. Specifically, it highlights the role of digital
transformation in sustainable development, explained through the role
of BA in accelerating firms’ CE adoption and realizing business value.
While the development of a BAC is not a prerequisite for CE imple-
mentation, it can help organizations generate faster returns and make a
more significant impact on their CE investments. Notwithstanding the
direct effects of BAC on firm performance for general business operation
(Akter et al., 2016), emphasis is placed on the importance of IS research
to examine the impact of IT beyond firm performance and strengthen
research in the areas of CE and sustainability.

6.2. Practical implications

In terms of practical relevance, firms may find this research useful in
three main areas. First, it can provide motivation for transitioning to-
wards the Smart CE. It was found that BA strengthened firms’ imple-
mentation of circular strategies and organizational performance in terms
of competitiveness, corporate reputation, financial results, and envi-
ronmental efforts. These are valuable findings for companies as they
provide a business rationale for implementing circular strategies and
ways of capitalizing on BA investments. Furthermore, this research of-
fers strategic justifications for transitioning to a more sustainable mode
of business operation. This may be particularly useful for forward-
thinking managers and early CE adopters lacking arguments or proof
to support a corporate strategy change. Second, it can help companies
understand which organizational resources and capabilities are impor-
tant for leveraging BA for CE. As firms reposition their business to meet
new customer needs and sustainability requirements, the investments
they make will be crucial for their survival and lasting competitiveness.
Therefore, correctly identifying which resources to invest in and which
capabilities to develop will be critical. The study also shows that
leveraging BA for CE requires investments across talent, culture, and
technology. As evident from the eight distinct factors comprising the
BAC for CE, companies should be wary of focusing only on tangible
assets like data and IT infrastructure, making sure to target investment
in their human capital as well, for instance, by improving managers’
systems thinking skills and commitment to establishing a data-driven
culture. By untangling the relationship between BA and CE, this study
advocates for more holistic information management, encouraging a
greater focus on ‘green digital transformation’ within companies. These
findings can support the development of more constructive guidelines
for implementing circular strategies and aid organizations in making
more cost-effective BA investments, for example, by developing the BAC
into a benchmarking tool to map a firm’s maturity and guide its in-
vestments through customized roadmaps. Third, by establishing the
ROC, the study demonstrates the importance of managing BA resources
to seize business value and the performance returns of BACs. For
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instance, the ROC can be integrated in the BAC benchmarking tool and
roadmap to facilitate SWOT (strengths, weaknesses, opportunities, and
threats) analyses and help companies understand where and how to
target development activities. The ROC is confluent with previous
strategic management theory, arguing that merely procuring and hold-
ing valuable resources does not translate into business value or perfor-
mance gains. Instead, organizations should focus on developing internal
capabilities to orchestrate such resources better. Thus, they may find this
study useful as a guide to better managing their employees at various
levels around the structuring, bundling, and leveraging processes of
resource orchestration. Through improved understanding of the rela-
tionship between BAC, firm performance, and the mechanisms in-
between, companies become better equipped to facilitate change.

6.3. Policy implications

Notwithstanding the growing interest from industry and academia
alike, CE as a concept is still in its infancy. As a result, multiple frame-
works and definitions co-exist (Blomsma et al., 2019; Kirchherr et al.,
2017), and international standardization efforts have recently been
initiated (ISO, 2021). Despite the barriers of conflicting definitions and
lack of standardization, this also presents an array of opportunities for
developed and developing economies to establish unique positions.
Studies have suggested a total annual benefit of €1.8 trillion from a
complete CE transition for Europe by 2030 (EMF, 2015b). Additionally,
with the unprecedented amount of data available in the modern age
(McAfee et al., 2012), data itself is becoming a key source of value
generation for countries and may even emerge as the most prominent
commodity traded in the future (Xiao et al., 2014). For example, the
Confederation of Norwegian Enterprise recently estimated the value
creation potential of data for Norway to surpass that of oil and gas by
2030 for a total of €30 billion annually (Skogli et al., 2019).

Despite the significant economic benefits to be found in a complete
transition to the nexus of these developments, the Smart CE, the chal-
lenges facing businesses and policymakers are diverse. This study
focused on the perspective of a single company’s transition and per-
formance gains; hence, it did not consider issues typical of policy
development, such as dealing with a multitude of stakeholders and their
joint competitiveness for a fair value distribution in the CE. However,
based on the factors identified in the research model, the authors believe
that maintaining an open and transparent digital ecosystem where data
and services can be made available and shared in an environment of
trust will be more important than ever before with the CE. The core
success criteria of the Smart CE being its ability to connect material flow
with information flow, a framework and data governance model is
needed for the free flow of non-personal data. For instance, data on the
location, availability, and condition of assets alongside guidelines for
tracking products, parts, and materials across value chains should be
made available. In this respect, a set of criteria for the minimum amount
of data to be shared for circular activities should be established. A bal-
ance between data sharing and protection of commercial and strategic
information could support collaborative efforts and trust between
companies, improving their ability to adopt circular strategies.

Policies and regulations should both be investigated within (e.g.,
how digitally enabled solutions can be used to improve the extended
producer responsibility scheme for electronics or the data associated
with waste streams) and across sectors (e.g., raising awareness and
enhancing knowledge and competencies in government, industry, and
consumers). To enable this, collaborative projects among authorities,
industry, and academia should be launched to improve knowledge and
develop inspirational best-case scenarios. Pilot projects can be run in
selected value chains to create an overview of how to effectively connect
information flow with material flow and establish a first-version data
governance model and framework for non-personal data sharing.
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6.4. Limitations and future research

As with any research, the present study is constrained by certain
limitations. To structure the reflection, this is discussed in terms of
threats to construct validity and external validity.

6.4.1. Threats to construct validity

Construct validity refers to the adherence of inference made based on
the measurements in the study, in other words, whether the study
measures what it claims to be measuring. Firstly, the survey relies on
self-reported data. Despite this being a common approach to collecting
data in several disciplines, people are often biased when reporting on
their own experience, meaning factual data may not coincide with re-
spondents’ perceptions (Devaux and Sassi, 2016). Reasons can include
the interpretation of questions, honesty, introspective ability, and
knowledge. To remedy this, the respondents were informed about data
protection and anonymity and encouraged to consult with colleagues
when answering questions. Despite the researchers’ considerable efforts
to reduce the potential of bias and ensure good data quality, the
occurrence of bias cannot be excluded. Future studies could explore the
topic for variance in levels of hierarchy and discrepancies between BA
and CE expertise, for instance, by interviewing multiple levels and types
of managers from the same firm, checking for interrater validity, and
improving internal validity. Secondly, since a different and objective
data source (i.e., for firm performance) was not included, there is a risk
of mono-method bias in the study. Given its operational scope, with
companies from multiple countries and alternatives for complete ano-
nymity (meaning the submission of company name and/or contact de-
tails were optional), the authors were unable to collect adequate data on
objective firm performance. Establishing firm performance as a
higher-order construct addresses this issue to some extent as it provides
multiple measures of performance. However, future studies should
include an objective measure of both firm performance and CE imple-
mentation (e.g., using the circular transition indicators (WBCSD, 2021)).

6.5. Threats to external validity

External validity refers to the extent to which the results of the study
can be applied or generalized to other situations or population groups.
Despite efforts to develop an inclusive model and generic constructs, the
model cannot be considered universal and fully applicable to all com-
panies and applications. Some firms may likely need to develop different
BA resources and/or resource orchestration processes to improve their
performance and effectively leverage their circular strategies. In
particular, CE research has established that firms require many different
circular strategies and business model configurations, highly contingent
on their size, industry setting, and individual value chain (Bocken et al.,
2014). Additionally, paradigm shifts such as those the CE introduces
require a change in people’s mindset as well as system changes and take
decades to unfold (Koschmann, 1996). The concept of CE is still in its
early stages, and adoption by industry is modest (Circle Economy,
2020). As this study is only a snapshot in time, longitudinal studies (e.g.,
a panel survey) could help alleviate endogeneity concerns and provide
interesting findings on firms’ development and stage-wise adoption of
circular strategies. Nevertheless, this is an important and much-needed
first step towards a BA construct for CE. By crystallizing related IS the-
ories, the study lays a solid foundation for future studies to extend the
application of the model.

7. Conclusion

Now more than ever, implementing circular strategies is dependent
on the use of digital technologies like BA. Thus, firms must develop a
capability to utilize BA for CE purposes, which can improve their ability
to pursue circular strategies, boost value creation, and achieve higher
performance returns. Motivated by this prolific BA-CE relationshiplglﬁ
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present study utilized PLS-SEM to analyze survey data from 125 Euro-
pean companies. It developed and empirically validated several higher-
order constructs alongside a conceptual model for the relationship be-
tween a CE-specific BAC, IT ROC, CE implementation, and firm perfor-
mance. The study was built on the resource-based and resource
orchestration views and emergent theory on the Smart CE. The empirical
results highlight the importance of taking a more holistic view of BA
development. By doing so, firms can better manage their CE imple-
mentation and ROC of their IT portfolio, which, in turn, results in
improved organizational performance, yielding higher returns on BA
investments.
A. Survey instrument.

Measure Item

Control variables (C) (Mikalef et al., 2020)
C1. In which industry sector does your company
operate in? (Manufacturing, Service provider,
Consultancy, Financial services, Energy, utilities
and resources, Retail and consumer goods,
Information technology, Media and communication
services, Transport, Other)
C2. What is the approximate number of employees
in your company? (1-9, 10-49, 50-249, 250+)
C3. What is the approximate age of your company?
(<1 year, 1-4 years, 5-9 years, 10-49 years, 50+
years)
C4. What is your position within the company
(CEO/President, CIO, Head of digital strategy, Head
of circular economy/sustainability strategy,
Director, Manager, Other)
C5. For how many years, if any, has your company
employed business analytics? (<1 year, 1-2 years,
3-4 years, 4+ years)
C6. To what extent does your company’s strategy
involve circular economy? (Not at all, A little,
Somewhat, Entirely)
C7. For how many years has your company worked
with circular economy? (<1 year, 1-2 years, 3-4
years, 4+ years)
C8. In which country is your company registered?
C9. What is the ownership structure of your firm?
(Public, Private)
Business analytics capability (Gupta and George, 2016; Kristoffersen et al., 2021;
Mikalef et al., 2020; Wamba et al., 2017)
In connection to your circular economy strategies, to what extent do the following
statements reflect the situation in your firm? On a scale of (1. Strongly disagree, 2.
Disagree, 3. Somewhat disagree, 4. Neither agree or disagree, 5. Somewhat agree, 6.
Agree, 7. Strongly agree)
Tangible
Data (D) D1. We have access to high quality data on
products/services such as location, availability, and
condition data
D2. We have access to data throughout the life cycle
of products/services
D3. We integrate data from multiple sources into a
data warehouse for easy access
D4. We integrate external data with internal to
facilitate analysis of business environment
BR1. Our ‘business analytics’ projects are
adequately staffed
BR2. Our ‘circular economy’ projects are adequately
staffed
BR3. Our joint ‘business analytics and circular
economy’ projects are adequately staffed
T1. We have implemented different data
visualization tools
T2. We have implemented cloud-based services for
processing data and performing analytics
T3. We have implemented software for business
analytics
T4. We have implemented different data integration
technologies
T5. We have implemented automated data
collection technologies (e.g. IoT)

Basic resources (BR)

Technology (T)

Human Skills
Systems Thinking skills (ST)

(continued on next page)
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(continued) (continued)

Measure Item Measure Item
ST1. Our managers take a holistic view of the firm physical product for digital service)
and its value chain, understanding both upstream CE-INV2. We support products during their lifetime
and downstream impacts over longer periods of time through providing spare parts and/or repair services
ST2. Our managers understand how individual as separate sales offerings
decisions and activities impact economic, CE-INV3. We provide the result or performance of a
environmental as well as social issues product as a service instead of selling the physical
ST3. Our managers view the firm as a collection of product (e.g. performance-based business models)
parts and relationships within a wider environment CE-INV4. We provide the access or usage of a

Data science skills (DS) DS1. Our ‘data scientist’ staff have the necessary product as a service instead of selling the physical
skills to accomplish their jobs successfully (e.g., product (e.g. usage-based business models)
statistics and computing) Restore, reduce and avoid CE-RRAL1. We source secondary, recycled and/or
DS2. Our ‘data scientist’ staff are well trained (CE-RRA) renewable materials (e.g. industrial symbiosis, using

DS3. Our ‘data scientist’ staff effectively process
complex data sets (e.g. through machine learning,
data mining, or statistical analyses)
DS4. Our ‘data scientist” staff are able to understand
the business needs and impact of business analytics
Intangible
Data-driven Culture (DD) DD1. We base our decisions on data rather than on
instinct
DD2. We are willing to override our own intuition
when data contradict our viewpoints
DD3. We continuously coach our employees to make
decisions based on data
DD4. We offer training on analytics and data-driven
decision making to our employees
Circular-oriented innovation COI1. We have a clear vision of the circular
culture (COI) economy and have aligned our corporate strategy
accordingly
COI2. We integrate circular economy objectives into
our innovation process
COI3. We continuously coach our employees to
make decisions based on circular economy
principles
COI4. We offer training on circular economy and/or
sustainability to our employees
Openness and co-creation OCC1. We actively share data
(0CC) OCC2. We actively promote working across
departments and in multi-skilled teams
OCC3. We continuously look for ways to support co-
creation by developing, experimenting with, and
demonstrating, new business models together with
end-users, suppliers, and partners
Resource orchestration capability (Choi et al., 2020; Sirmon et al., 2011; Wang et al.,
2020)
Please indicate to what extent the following statements reflect the current situation
in your firm related to IT resources or assets on a scale of (1. Strongly disagree, 2.
Disagree, 3. Somewhat disagree, 4. Neither agree or disagree, 5. Somewhat agree, 6.
Agree, 7. Strongly agree)
Structuring (ROS) ROS1. We are effective at purchasing valuable IT
resources/assets from suppliers
ROS2. We are effective at developing valuable IT
resources/assets internally
ROS3. We are effective at decommission less-
valuable IT resources/assets
Bundling (ROB) ROBI. We are effective at integrating IT resources/
assets to build IT capabilities
ROB2. We are effective at enriching, or extending,
existing IT capabilities with new IT resources/assets
ROB3. We are effective at pioneering, or creating,
new IT capabilities
Leveraging (ROL) ROL1. We are effective at mobilizing our IT
capabilities towards a common vision
ROL2. We are effective at coordinating, or
integrating, our IT capabilities
ROL3. We are effective at deploying our joint IT
capabilities to take advantage of specific market
opportunities
Circular Economy implementation (Blomsma et al., 2019)
Please indicate whether you have implemented the listed circular economy
strategies in your company, or contributed to its implementation for another
stakeholder (e.g. if you are a service provider, consultancy or similar), on a scale of
(1. Strongly disagree, 2. Disagree, 3. Somewhat disagree, 4. Neither agree or
disagree, 5. Somewhat agree, 6. Agree, 7. Strongly agree)
Reinvent and rethink (CE- CE-INV1. We provide value offerings that are
INV) decoupled from material use (e.g. abandoning

(continued on next column)
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ocean plastics or non-toxic materials)

CE-RRA2. We run a lean and clean production (e.g.
use less energy and materials, treat wastes, rework)
CE-RRA3. We optimize product use and operation to
extend the product life, minimize energy use, and/
or increase product utilization.

Recirculate (CE-REC) CE-REC1. We provide activities for extending the
existing use-cycles of products and parts (e.g.
upgrade, repair, maintenance)

CE-REC2. We provide activities for extending
products and parts to new use-cycles (e.g. reuse,
refurbish, remanufacture)

CE-REC3. We provide activities for extending the
lifespan of materials (e.g. recycle, cascade, energy
recovery)

Firm Performance (Khan et al., 2020a)

In comparison to your firm'’s overall performance 5 years ago, please indicate your
level of agreement to the following statements, on a scale of (1. Strongly disagree, 2.
Disagree, 3. Somewhat disagree, 4. Neither agree or disagree, 5. Somewhat agree, 6.
Agree, 7. Strongly agree)

Environmental (PER-EN) PER-EN1. We reduced energy consumption
PER-EN2. We reduced waste generation
PER-EN3. We reduced atmospheric pollution

Financial (PER-F) PER-F1. We decreased manufacturing/operational
costs
PER-F2. We increased annual turnover
PER-F3. We increased market share

Competitiveness (PER-CO) PER-CO1. We increased capability to introduce
innovative products/services
PER-CO2. We improved quality of products/services
PER-CO3. We improved brand value of products/

services
PER-CO4. We increased accessibility to new markets
Corporate reputation (PER- PER-CR1. We improved corporate image among
CR) customers

PER-CR2. We improved relationship with suppliers/
local community/regulatory organization
PER-CR3. We increased satisfaction and support
from investors/partners

PER-CR4. We increased satisfaction and loyalty of
employees
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SECONDARY PAPER 1

Big Data and Firm Marketing Performance: Findings
from Knowledge-Based View.

Shivam Gupta, Theo Justy, Kamboj Shampy, Ajay Kumar, and Eivind
Kristoffersen

In: Technological Forecasting and Social Change, 171, 120986.

Abstract: A universal trend in advanced manufacturing countries is defining In-
dustry 4.0, industrialized internet and future factories as a recent wave, which may
transform the production and its related services. Further, big data analytics has
emerged as a game changer in the business world due to its uses for increasing
accuracy in decision-making and enhancing performance of sustainable industry 4.0
applications. This study intends to emphasize on how to support Industry 4.0 with
knowledge based view. For the same, a conceptual model is framed and presented
with essential components that are required for a real world implementation. The
study used qualitative analysis and was guided by a knowledge-based theoretical
framework. Thematic analysis resulted in the identification of a number of emergent
categories. Key findings highlight significant gaps in conventional decision-making
systems and demonstrate how big data enhances firms’ strategic and operational
decisions as well as facilitates informational access for improved marketing perform-
ance. The resulting proposed model can provide managers with a reference point
for using big data to line up firms’ activities for more effective marketing efforts,
and presents a conceptual basis for further empirical studies in this area.
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SECONDARY PAPER 2

A taxonomy and survey of deep learning driven
approaches for predictive maintenance.

Zhe Li, Eivind Kristoffersen, and Jingyue Li

Manuscript complete

Abstract: Industry 4.0 and sustainable manufacturing has gained increasing
attention and encouraged an accelerated use of the Internet of Things and deep
learning methods to capture and analyze data through all stages of production
in recent years. Particularly, companies are investigating how to gain foresight
of their production through predicting product behavior and performance — as
seen with the strategy of predictive maintenance. The aspiration of predictive
maintenance is to perform maintenance only when necessary, meaning only after
certain analytical models forecast impending failures or degradations. The purpose
is to minimize unnecessary maintenance interruptions and extend the remaining
useful life of products. However, it is difficult to realize this potential without
the correct selection and use of deep learning methods. To address this gap, this
paper presents a survey and taxonomy of deep learning driven approaches in the
application of predictive maintenance and summarizes the superiorities, limitations,
and application scopes of the five most widely used deep learning architectures.
The aim is to provide an overall understanding and guide for researchers and
practitioners to select proper deep learning approaches for predictive maintenance.
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SECONDARY PAPER 3

Using Deep Transfer Learning to Predict Failures with
Insufficient Data.

Zhe Li, Eivind Kristoffersen, and Jingyue Li

Manuscript complete

Abstract: Recently, with the increasing development in Artificial Intelligence (AI)
technologies for sustainable manufacturing, deep learning-driven approaches are
widely and successfully applied to various predictive maintenance tasks. One typical
predictive maintenance task is to predict different types of failures of machinery. In
practice, the challenge is to collect sufficient data, especially data of various failure
types, to train the data-driven models for failure identification, classification, or
prediction. Literature shows that knowledge about failure among similar equipment
is transferable. In this study, we hypothesize that knowledge about failure among
similar failure types is transferable. If the hypothesis holds, it means that companies
may no longer require a large amount of all types of failure data for predictive
maintenance, which will increase companies’ overall implementation feasibility
and productivity gains. In this paper, we test our hypothesis about knowledge
transferability for predictive maintenance in an experiment performed on rotating
machinery with vibration signals. During the experiment, we first calibrated the
performance of the trained deep neural network in each impending failure type.
Afterward, we leveraged the network trained from one type of failure as the initial
weights and further fine-tuned the network with another type of failure. According
to the comparison between the performance in calibration and transfer learning,
we found that by transferring knowledge obtained from one failure could largely
improve the performance of the other failure and reduce the indispensable amount
of data for failure identification.
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SECONDARY PAPER 4

Smart Circular Economy: CIRCit Workbook 4.

Eivind Kristoffersen, Zhe Li, Jingyue Li, Thomas H. Jensen, Daniela C.A.
Pigosso, Tim C. McAloone

Technical University of Denmark

Abstract: This workbook provides insights into which technologies to focus on,
depending on the level of organisational readiness and Circular Economy strategies
to be adopted. Acknowledging that the workbook covers two emerging and complex
fields (Circular Economy and Digitalisation), this workbook attempts to make
sense of the many terms and digital buzzwords (that may or may not mean the
same). The workbook should be seen as a supplement to many other readings about
potential smart solutions to support Circular Economy. Our aim is to go one step
deeper into: (i) the terminology and how to understand it; and (ii) provide some
examples of how to proceed with smart Circular Economy strategies in real life
cases.
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SECONDARY PAPER 5

Digital circular economy as a cornerstone of a
sustainable European industry transformation.

Holger Berg, Kevin Le Blévennec, Eivind Kristoffersen, Bernard Strée, Arnaud
Witomski, Nicole Stein, Ton Bastein, Stephan Ramesohl, and Karl Vrancken

Global Sustainable Technology and Innovation Community Conference 2020

Abstract:

The circular economy is a cornerstone of the European Green Deal. Aimed at
renewing existing production and consumption systems, circular economy focuses on
optimising the functionality of products and materials, maintaining this functionality
for as long as possible and minimising the production of waste and residues. As
digital technologies allow to create and process data and information required
for circular business models and the complex demands of circular supply chains,
they are an enabler for upscaling the circular economy. The circular goals of
optimising functionality on the one hand and developing products-as-a-service, on
the other hand, call directly upon digital technologies such as functional electronics,
distributed ledger and Internet of Things. The aim of dematerialisation is closely
related to the development of digital technologies such as digital twins, artificial
intelligence and virtual reality. At the same time, the circular economy provides
the necessary long-term sustainability vision that is needed to upscale the digital
industry. In the run-up to the 2020 edition of the G-STIC conference, we worked
closely together with experts from research and technology organisations that are
part of ECERA, the European Circular Economy Research Alliance. ECERA is
a voluntary collaboration network that aims to strengthen and integrate scientific
knowledge and expertise in the field of Circular Economy from an interdisciplinary
perspective. As a meeting place for circular economy experts, ECERA provided us
with the proper setting for writing a white paper on the digital circular economy.
With this white paper, we want to strengthen the link between the digital and circular
expert communities, and, as a first critical step, provide a common vocabulary.
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