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ABSTRACT

The growing need for circular economy (CE) assessment in manufacturing enterprises is driven by increasing
regulatory and market pressures. However, existing approaches provide limited support for identifying and
collecting the required data to compute circularity indicators. The main contribution of this paper is a structured
method that links circularity indicators to collectable data and formalizes data collection as a decision problem.
CE assessment is operationalized through a four-phase, data-driven approach comprising (1) an industrial
diagnosis to define objectives, scope, and relevant information systems, (2) a systematic sense-making process to
translate CE assessment resources into structured data requirements, (3) a decomposition of circularity indicators
into data points, referred to as c-data, and (4) a mixed-integer linear programming model to determine an
efficient data collection strategy. Applied to a medical radiology system manufacturer case study, 69 target
indicators are decomposed into 91 c-data points distributed across eight information systems. Building on this,
the optimization model shows that accessing only a limited subset of systems can be sufficient to compute a
substantial share of indicators, thereby revealing trade-offs between implementation effort and assessment
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coverage. In this context, three alternative data collection strategies are identified for the company. Notably, one
of these strategies demonstrates that accessing just one of eight information systems makes it possible to collect
13% of eligible data points, which in turn enables the computation of 25% of CE indicators. The approach
supports the transition from high-level assessment requirements to actionable data sourcing strategies and is
extendable to other sustainability assessment contexts.

1. Introduction

Circular economy (CE) is proposed as an alternative to the traditional
linear “take-make-dispose” model. The adoption of CE strategies that
slow, close, and narrow material loops (Bocken et al., 2016) may help
reach sustainable development goals (Schroeder et al., 2019; Vann
Yaroson et al., 2024). Manufacturing firms adopt CE to improve
resource efficiency (Barros et al., 2021) and reduce costs (Park et al.,
2010), enabling new business models such as product-service systems
and take-back systems (Barros et al., 2021; Pieroni et al., 2019) that
strengthen their competitiveness (Geissdoerfer et al., 2018). To imple-
ment and manage CE, companies rely on circularity indicators, referred
to in the present paper as “c-indicators”, supporting decision-making
and monitoring progress (Moraga et al., 2019; Roos Lindgreen et al.,
2022; Saidani et al.,, 2019). CE assessment, defined by ISO
59004:2024 as “the evaluation and interpretation of results derived
from circularity measurement” (ISO 59004, 2024), has thus emerged as
a structured means of evaluating circular performance within a defined
system. As regulatory and institutional pressures increase, CE assess-
ment and reporting are increasingly required through corporate
compliance, as reflected by the Corporate Sustainability Reporting
Directive (CSRD) (European Commission, 2022), and the Ecodesign for
Sustainable Products Regulation (ESPR) (European Commission, 2024),
which enforces the implementation of the Digital Product Passport
(DPP) (European Commission, 2023). In this context, manufacturers are
responsible for creating and maintaining product-level data, making
them the primary actors in circularity data governance, placing them at
the center of the data ecosystem required for circularity assessment.

Despite the growing need and interest for CE assessment, its oper-
ationalization in the industry remains challenging. First, ambiguity
persists regarding what should be measured, as the lack of a consensual
definition of CE leads to unclear and heterogeneous indicator selection
(Kirchherr et al., 2023; Amicarelli et al., 2023; Kristensen and Mosgaard,
2020). Second, even when indicators are identified, challenges remain
in determining what underlying data should be collected to compute
them (Saidani et al., 2019; Pomp et al., 2023). Lastly, in cases where
these latter two points are clearly established, data collection itself may
present significant barriers, both in terms of where relevant data resides
- often fragmented across lifecycle stages, organizational functions, and
value chain actors, with dispersed information systems and incompat-
ible data structures (Acerbi et al., 2022; Matos et al., 2023; Mulhall
et al., 2022) — and how to approach its collection.

Companies may face a trade-off regarding the quantity of data to be
collected: larger datasets entail higher collection, processing, and
maintenance costs, whereas more limited datasets may constrain indi-
cator computation (Brint et al., 2021). To structure these barriers, the
present study draws on Krasikov and Legner (2023), whose data
sourcing framework was developed in the context of corporate sus-
tainability initiatives. They define data sourcing as encompassing three
practices: sense-making, which translates regulatory and normative re-
quirements into concrete data requirements; data collection, which re-
trieves those requirements from internal and external sources; and data
reconciliation, which harmonizes heterogeneous data to ease compu-
tation. A growing body of literature has proposed frameworks that
explicitly or implicitly engage with data sourcing practices for CE
assessment, hereinafter referred to as data-driven CE assessment
frameworks.

These contributions span multiple sectors and scales. In the built

environment, frameworks have addressed data needs through material
passports (Cetin et al., 2023), knowledge graphs linking building data to
CE strategies (Keena et al., 2025), DPP-integrated lifecycle assessment
(Morganti et al., 2024), ontology-based DPP structuring (Kebede et al.,
2024), and BIM libraries combining lifecycle, cost, and circularity
metrics (Pibal et al., 2025). In other industrial sectors, ontology models
have been proposed to link c-indicators to data requirements in the
automotive industry (Pidikiti et al., 2023) and to characterize DPP data
needs across lifecycle actors in mechatronics (Jensen et al., 2023).
Several contributions aim to be cross-sectoral: Mulhall et al. (2022)
propose the Product Circularity Data Sheet, recently formalized through
ISO 59040 (ISO, 2025); Sileryte et al. (2023) develop aligned ontologies
for shared CE terminology; Jansen et al. (2024) present a core ontology
network for semantic interoperability across DPP implementations;
Kiihn et al. (2025) demonstrate a standards-based DPP model using the
Asset Administration Shell. Most recently, contributions have begun to
focus on the structure and definition of CE data itself: Araujo et al.
(2025) propose a typology of eight dimensions of CE data, and
Kahandawa et al. (2025) introduce a standardized information frame-
work mapping c-indicators to their underlying data needs.

Reviewing these works through the lens of the three data sourcing
practices reveals some gaps. Data reconciliation has been addressed
more than the other two, with contributions encompassing semantic
alignment, interoperability, and harmonization across data sources
(Acerbi et al., 2022; Sileryte et al., 2023; Kiihn et al., 2025; Jansen et al.,
2025). The first two practices, however, remain systematically under-
addressed. On sense-making, none of the existing frameworks provides a
method for translating a regulatory or normative corpus into a struc-
tured list of data requirements (Durivault et al., 2026). Concerning data
collection, while some frameworks acknowledge the need to retrieve
data from organizational sources, none provide a practical, structured
approach that accounts for organizations’ existing information systems.
In fact, the importance of linking enterprise information systems (EIS)
and CE data collection has been previously noted in the literature
(Polenghi et al., 2021; Serody et al., 2026). Overall, data requirements of
CE assessment frameworks remain vague or poorly specified (Roos
Lindgreen et al., 2022; Saidani et al., 2019), and no structured method
exists for identifying the specific data points needed to compute a given
set of c-indicators in a given organizational context (Saidani et al., 2019;
Pidikiti et al., 2023). These gaps are also reflected in grey literature. The
Global Circularity Protocol (WBCSD, 2025) acknowledges the
complexity of CE data collection due to fragmented systems and supply
chains, and does not provide any method for companies to make sense of
their regulatory context into indicators. ISO 59020 (ISO, 2024) mentions
data acquisition as a step of the CE assessment process, but does not
specify how to determine the required data. In the case of missing data,
it suggests adapting indicators that may be unsuitable for compulsory
compliance. ISO 59040, through the Product Circularity Data Sheet
(ISO, 2025), improves the structuring and exchange of CE data, but re-
mains limited to product-level CE assessment, and does not define
calculation methods.

Against this background, the present paper addresses the following
research question: How can manufacturing organizations operationalize
and facilitate CE assessment in a data-intensive environment? To answer
this question, a top-down four-phase approach is proposed and illus-
trated through a case study conducted within a large original equipment
manufacturer of complex medical imaging systems. The approach
combines an industrial diagnosis, a systematic sense-making of relevant
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CE guidance documents, a recursive decomposition of c-indicators into
c-data points, and the design of an optimized data collection strategy.
The remainder of the paper is structured as follows: Section 2 presents
the theoretical and conceptual background, Section 3 details the pro-
posed approach and case study context, Section 4 presents the results,
Section 5 discusses contributions, scalability, and limitations, and Sec-
tion 6 concludes.

2. Theoretical and conceptual background
2.1. CE assessment frameworks, c-indicators, and c-data

Reviews of CE assessment methods define it as a heterogeneous set of
indicators, tools, and methodological approaches aimed at measuring
circularity performance across various scales, such as material, product,
company, and national levels (Roos Lindgreen et al., 2022; Sassanelli
et al.,, 2019). In the present research, the focal point is the computa-
tion of c-indicators, defined as quantitative or qualitative variables
measuring achievement, change, or performance (Moraga et al., 2019;
Saidani et al., 2019). Following the taxonomy proposed by Saidani et al.
(2019) and the classification proposed by Moraga et al. (2019), the
scope of the study is limited to micro-level, assessing services, products,
and companies, as they are most fit in the context of a manufacturing
enterprise. More generally, indicators are used in various fields to
summarize or describe complex systems into communicable measures
suitable for monitoring and decision-making (Flowers et al., 2005;
Mecca et al., 2023).

As represented in Fig. 1, the relationship between indicators and the
data they require can be framed through the Data-Information-
Knowledge-Wisdom (DIKW) hierarchy (Ackoff, 1989; Zins, 2007). In
this framework, data corresponds to raw observations, information to
structured data within a given context, knowledge to interpreted in-
formation that enables understanding, and wisdom to informed judg-
ment that guides action. Indicators correspond to the knowledge level:
they enable diagnosis or understanding at a given scale and scope
(Kristoffersen et al., 2020). In this research, c-data (i.e., circularity data)
designates the required data points for c-indicators computation, rep-
resenting the lowest tier in the DIKW hierarchy. Accordingly, CE
assessment is conceptualized here as the computation of c-indicators
through the use and collection of c-data points.

2.2. Information management in enterprises

Enterprise Information Systems (EIS) are integrated digital archi-
tectures coordinating organizational and inter-organizational processes.

WISDOM

KNOWLEDGE

Fig. 1. Positioning of c-data and c-indicators in the Data-Information-
Knowledge-Wisdom concept hierarchy, adapted from Zins (2007) and Ack-
off (1989).
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They support functions such as supply chain, production, logistics,
customer management, and the product lifecycle, increasingly enhanced
by digital technologies (Romero and Vernadat, 2016; Zdravkovic et al.,
2022; Xu, 2011). EIS enable structured data sharing and integrated
process coordination across the enterprise (Daneshvar Kakhki and
Gargeya, 2019; Nunez-Merino et al., 2020), making them central to
sustainability and CE implementation, which rely on consistent data
sourcing, integration, and governance (Krasikov and Legner, 2023;
Duong et al., 2025). Table 1 summarizes common EIS in manufacturing
supply chains, across product lifecycle stages, highlighting their rele-
vance for circularity assessment.

3. Materials and methods

The following section presents the proposed approach to tackle CE
assessment in a large manufacturing enterprise, and the chosen case
study for its demonstration.

3.1. Proposed top-down approach

As depicted in Fig. 2, the proposed approach consists of four phases:
(1) industrial diagnosis, (2) systematic sense-making of CE assessment
resources, (3) decomposition of c-indicators into c-data, and (4) design
of a data collection strategy.

Phase 1 — Industrial Diagnosis: The first phase consists of an indus-
trial diagnosis aimed at establishing the organizational context for CE
assessment. It relies on participatory approaches involving the organi-
zation's stakeholders and internal documentation to produce three
outputs: the identification of the organization's objectives for CE
assessment, the definition of the SOI, and an inventory of relevant EIS.
These outputs provide the contextual foundation for the subsequent
phases.

Phase 2 — Making sense of CE assessment resources: The second
phase translates the CE assessment objectives identified in Phase 1 into
concrete data requirements through a systematic sense-making process.
A targeted corpus of external or internal documents providing guidance
on CE assessment is constructed and analyzed. From this analysis, a set
of CE data requirements is extracted, reformulated, and unified.

Phase 3 — From c-indicators to c-data: Then, during the third phase, a
subset of target c-indicators is selected based on a readiness assessment
that accounts for regulatory priority, data availability, and modeling
complexity. Each selected indicator is then recursively decomposed into
its underlying data dependencies until no further decomposition is
possible within the defined system boundaries, using a directed acyclic
graph. The resulting atomic data points, referred to as c-data, are
formalized as the graph's leaf nodes, providing a complete and traceable
set of data required for indicator computation.

Phase 4 - Strategic data collection: The fourth phase addresses the
planning of data collection within the organization. Each c-data point is
mapped to one or more candidate EIS based on stakeholder knowledge
and system descriptions. A binary mixed-integer linear programming
model is then formulated to evaluate alternative data collection sce-
narios, considering both assessment performance, in terms of comput-
able indicators and satisfied CE assessment resources, and
implementation effort, in terms of accessed systems and collected data
points. The model yields an optimal data collection strategy, specifying
which systems to access and which c-data to collect.

3.1.1. Phase 1 — Industrial diagnosis for CE assessment

Phase 1 studies the industrial context for CE assessment through a
stakeholder-based diagnosis. The format is left to the implementer and
may include interviews (Roos Lindgreen et al., 2022; Cetin et al., 2023;
Nguyen et al., 2024), workshops (Mendoza and Pigosso, 2023; Coutinho
et al., 2018; Droege et al., 2021), or other collaborative approaches.
Consequently, inputs include access to relevant practitioners across
functions such as engineering, operations, IT, and sustainability, as well
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Table 1

List of enterprise information systems commonly found in manufacturing supply chains.
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Information
System Acronym

Lifecycle stage Information System full name

Description

Key references

Design & PLM Product Lifecycle Management
Development
CAD/CAE/CAM Computer-Aided Design/Engineering/
Manufacturing
Manufacturing MES Manufacturing Execution System
ERP Enterprise Resource Planning
Distribution & SCM Supply Chain Management
logistics
WMS Warehouse Management System
TMS Transportation Management System
Use & service CRM Customer Relationship Management
CMMS Computerized Maintenance
Management System
IoT/OT Internet of Things/Operational
Technology platforms
End-of-life EHS/EIS/EMIS Environment, Health, and Safety/

Environmental (Management)
Information System

Manages product definitions,
materials, and bills of materials
(BOMs).

Supports design, engineering
analysis, and manufacturing.
Controls and monitors shop-floor
production and execution.
Manages production planning and
inventory.

Coordinates sourcing and
distribution.

Manages warehouse inventory and
order fulfillment.

Plans and tracks transportation
and delivery operations.

Manages customer interactions
and after-sales.

Tracks maintenance, repair, and
service operations.

Collects real-time operational data
from products in the field.
Manages waste, hazardous
substances, and compliance data.

(Romero and Vernadat, 2016; Zdravkovi¢ et al., 2022;
Panagiotidis et al., 2022)

(Polenghi et al., 2021; Gunasekaran and Ngai, 2004)

(Polenghi et al., 2021; Romero and Vernadat, 2016;
Panagiotidis et al., 2022)

(Polenghi et al., 2021; Romero and Vernadat, 2016;
Zdravkovi¢ et al., 2022; Panagiotidis et al., 2022;
Gunasekaran and Ngai, 2004)

(Romero and Vernadat, 2016; Zdravkovi¢ et al., 2022;
Panagiotidis et al., 2022)

(Mason et al., 2003; Hamdy et al., 2018; Minashkina
and Happonen, 2023)

(Mason et al., 2003; Romagnoli et al., 2023)

(Romero and Vernadat, 2016; Zdravkovi¢ et al., 2022;
Panagiotidis et al., 2022; Gunasekaran and Ngai, 2004)
(Polenghi et al., 2021; Fumagalli et al., 2009; Wienker
et al., 2016)

(Xu, 2011)

(Krasikov and Legner, 2023; Frysinger, 2001; El-Gayar
and Fritz, 2006)

2 —

Making

1 —

33—

Industrial s|senseof CE| c-inf:lrig?tors
Diagnosis “|Assessment [ “f ¥, T o
Resources

4 ————

Strategic
data

Fig. 2. Workflow of the proposed approach.

as internal documentation. Rather than prescribing a procedure, the
approach specifies expected outputs that document the organization's
rationale, scope, and data context for CE assessment. These outputs are
developed iteratively, as insights on objectives, data needs, information
systems, and scope mutually inform and refine one another.

Output 1 - Identification of the organization's objectives for CE
assessment

Building on the data perspective on sustainability initiatives devel-
oped by Krasikov and Legner (2023), the first output identifies and
formalizes the organization's rationale and objectives for CE assessment.
Objectives are seen as responses to institutional pressures: (i) regulative,
stemming from laws, policies, or mandatory reporting; (ii) normative,
reflecting expectations from customers, investors, industry bodies, or
society; and (iii) cultural-cognitive, driven by competitive alignment
with peers or industry practices. Clarifying these objectives makes
explicit why circularity is assessed and guides the selection of indicators
aligned with operational needs.

Output 2 - Definition and modeling of the system-of-interest

The second output formalizes the chosen scope, or system of interest
(SOI). This consists of delimiting the system, which is the object of the
CE assessment, i.e., listing the relevant products, processes, lifecycle
stages, organizational units, flows, and their interrelations. A consistent
set of terms and concepts should be defined to reduce ambiguity and
structure subsequent steps. Modeling the SOI may rely on internal,

\ 4

collection

organizational concepts, or external resources such as meta-models,
ontologies, or taxonomies, e.g., CirDEF (Kahandawa et al., 2025), an
automotive ontology (Pidikiti et al., 2023), a built environment
ontology (Kebede et al., 2024), or a healthcare taxonomy (Hoveling
et al., 2026).

Output 3 - Identification of existing information systems rela-
tive to the chosen scope

The third output identifies the EIS that may store c-data points
relative to the defined scope. Table 1 lists typical EIS in large
manufacturing organizations, differentiated by product lifecycle stage.
This inventory is intended to guide discussions with stakeholders and to
identify the organization's own EIS.

3.1.2. Phase 2 — Systematic sense-making of CE assessment resources
Step 1 - Identification of relevant CE assessment resources

Phase 2 begins by identifying CE assessment resources aligned with
the objectives defined in Phase 1 (Section 3.1.1). CE assessment re-
sources are documents produced by CE enablers — academia, policy-
makers, industry bodies, or consumers (Kirchherr et al., 2023) -
providing guidance, requirements, or reference frameworks for assess-
ing circularity. These include peer-reviewed literature, regulations, in-
ternational standards, certifications, guidelines, and other formal or
semi-formal documents. The aim is to select reference documents that
specify what should be assessed, monitored, or reported in relation to
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CE, reflecting evolving industry expectations and obligations. The
resulting corpus is constructed in a targeted manner to cover regulatory,
normative, and operational perspectives relevant to the organization.
While not exhaustive, it is designed to capture a representative set of
requirements aligned with the identified objectives. Consequently, the
CE data requirements derived from this corpus reflect the selected
sources and may evolve if additional or alternative resources are
considered. For each objective identified in the first output of Phase 1,
one or more relevant resources are selected. A single resource may
suffice for narrowly defined objectives, such as a specific regulatory
requirement, whereas broader objectives may require several comple-
mentary resources. For instance, compliance with the CSRD (European
Commission, 2022) requires consultation of the relevant CE reporting
standards (EFRAG, 2023; EFRAG, 2024), whereas integrating
product-level circular strategies may draw on existing methodologies for
measuring circularity, such as the Closing Slowing Future Past Quadrant
Model (Shevchenko et al., 2022) or the Ellen MacArthur Foundation's
framework (Goddin et al., 2019).

Step 2 - Translation of the corpus into CE data requirements
through sense-making

Once the corpus of CE assessment resources is defined, it is translated
into CE data requirements through a structured sense-making workflow.
Following Krasikov and Legner (2023), sense-making refers to identi-
fying “data objects and attributes [...] which should be collected in the
next data sourcing phase.” The workflow operationalizing this concept
in the context of CE assessment resources was developed and formalized
by Durivault et al. (2026), and is directly applied here to extract tangible
indicators or data points required for CE assessment, referred to as CE
data requirements.

The workflow comprises three steps. (i) Selecting relevant sections.
CE assessment resources are often not designed for data sourcing and
may be unstructured or semi-structured. They can include contextual
guidance, administrative metadata (e.g., template identifiers or version
numbers), or content outside the defined SOI (e.g., social sustainability,
specific products or services beyond the SOI's bounds). Such elements
are systematically excluded. (ii) Excluding non-quantifiable content.
The remaining sections are screened for quantifiable elements. Content
is retained if it includes quantifiable language, i.e., references to trends
(e.g., “increase”, “decrease”), limits (e.g., “minimum”, “maximum”),
computed outputs (e.g., “percentage”, “rate”), or explicit measurement
units (e.g., “kg”, “L”). The CE data typology proposed by Araujo et al.
(2025), which distinguishes unit types such as volume, energy, and
weight, can support this step. (iii) Reformulating into CE data
requirements.

Selected sections are reformulated into concise statements describing
data to be collected or indicators to be measured, computed, or moni-
tored. Reformulations should preserve the original meaning and scope of
the source content and avoid interpretative assumptions.

Step 3 - Unification of the CE data requirements

The CE data requirements obtained from the previous steps may
contain redundancies, overlaps, or variations in terminology. Duplicate
or semantically equivalent data requirements are identified and
consolidated, and terminology is harmonized to ensure consistent and
unique requirements. This harmonization is performed using the terms,
definitions, and naming conventions established for the SOI in Phase 1
(section 3.1.1), in order to maintain alignment with the organization's
context. Depending on the size and heterogeneity of the CE data re-
quirements, this process may be supported by natural language pro-
cessing techniques, such as similarity analysis or semantic clustering.
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3.1.3. Phase 3 — Breaking down c-indicators into c-data
Step 1 - Identification and selection of target c-indicators

Within the set of CE data requirements, a distinction is first made
between elements that correspond to c-indicators and those representing
intermediate information or c-data. Let R = {ry,rs, ..., 1} denote the set
of requirements, and I C R the subset corresponding to c-indicators as
defined in section 2.1. C-indicators are distinguished as they denote
ratios, indexes, or composites, following the classification framework
proposed by Moraga et al. (2019). In a supply chain context, imple-
menting a large set of indicators may be inefficient, as it leads to in-
formation overload and complicates monitoring and decision-making
(Chae, 2009). As noted by Brint et al. (2021), larger sets of indicators
increase the quantity of data requirements, leading to higher costs and
efforts (Almeida and Calistru, 2013). It is therefore necessary to filter the
set of c-indicators and define a subset as the focus of an initial imple-
mentation phase.

This selection is based on the readiness level of each indicator,
comprising several criteria, such as regulatory urgency, data availabil-
ity, or modeling complexity. Indicators dictated by regulations are
compulsory and therefore typically constitute a high priority. Readiness
may also distinguish quantitative c-indicators from qualitative ones, as
the former may be more straightforward to model mathematically,
making their underlying data requirements easier to identify and oper-
ationalize. Readiness may also be opportunistic, based on organizational
context and data availability. Readiness is, however, not an intrinsic
property of an indicator but depends on the organization conducting the
assessment. For example, a design team applying the approach may
prioritize qualitative, design-oriented indicators, such as “design for
disassembly” or “design for circularity”, as they may have prior
knowledge of available design or material data. Conversely, environ-
mental footprints require complex life cycle assessment modeling, yet an
organization with mature LCA comprehension and established access to
the corresponding data could assign them a high readiness level and
address them early. Each c-indicator i € I is therefore assigned a discrete
readiness level:

P() € {1,2,....L}

The subset of target c-indicators to be addressed first is then defined
as I' = {i€ I|P(i) < pmax} Where pm., reflects the chosen readiness
threshold for the current implementation phase. This subset represents
the first iteration of an incremental implementation strategy. Impor-
tantly, indicators not included in the initial subset are not considered
less relevant; rather, they are deferred to subsequent implementation
waves to reduce effort, limit complexity, and maintain focus for prac-
titioners. The ultimate objective remains the progressive modeling of the
complete set of c-indicators.

As illustrated in Fig. 3, the approach is designed as a sequence of
successive implementation waves. Between iterations, organizations
should undergo a consolidation phase aimed at strengthening their
assessment capabilities and preparing for the next readiness level. This
may involve targeted literature reviews, consultation with domain ex-
perts or benchmarking of industrial practices. These activities support
the refinement of indicator definitions, and more generally, the gradual
expansion of the assessment scope toward the full set of c-indicators.

Step 2 - Recursive decomposition of target c-indicators into data
dependencies

Once the target c-indicators have been selected, the next step is to
identify the data required to compute them. Each target c-indicatori € I"
is first expressed in terms of the elements required for its calculation:

i=f(d1,das ... dm)
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Fig. 3. Generic projection timeline for tackling all identified c-indicators, with L: = highest level of readiness P(i), and I: = the full set of c-indicators.

where the dy represent the variables necessary for computing i. For each
element dy, it is assessed whether a decomposition exists within the
boundaries of the SOI If such a decomposition exists, the element is
expressed as:

di =& (du1, dia, ..., dip)

where the dy; denote lower-level contributing variables. If no such
decomposition exists within the SOI, that is, if further expansion would
require introducing elements, relationships, or variables outside the
defined system boundaries, the element dj is not decomposed further
and is declared “atomic data”, or c-data. The same procedure is applied
recursively to each non-atomic element dy;. The expansion continues
until every branch terminates in elements that admit no further
decomposition within the SOI. At that point, each target indicatori € I"
is expressible exclusively as a function of c-data obtained through suc-
cessive substitutions of the decomposed elements. To maintain consis-
tency and avoid ambiguity across multiple indicators, the
decomposition of all i € I" is structured as a directed acyclic graph:

G=(V,E)
where:

o V=TI"U{dy,,disk,> dissks --- } is the set of c-indicators, c-data and
intermediary variables needed to compute all c-indicators

e E C V x Vrepresents directed dependencies. A directed edge (u,v) €
E indicates that element u depends on element v for its computation.

During the graph construction, one should ensure that identical el-
ements required by multiple indicators are represented only once, pre-
venting duplication and preserving consistency of definitions. Consider
a node u €V currently being decomposed. For each contributing
element v identified in the decomposition of u, membership in the
existing node set V is verified. If v € V, the element is not recreated; only
the corresponding dependency edge from u to v is added:

E<EU{(uv)}

If v ¢ V, the element is first inserted into the node set, then the de-
pendency in the edge set.

VeVU{V},E<EU{(u,v)}

By construction, the resulting dependency graph satisfies several
fundamental structural properties. (1) Hierarchy. The graph is hierar-
chically organized. The selected c-indicators I" form the root nodes of
the structure, while c-data points form its leaf nodes. Intermediate nodes
correspond to aggregated variables introduced during recursive
decomposition. (2) Acyclicity. Decomposition always proceeds toward
lower levels of aggregation and never reintroduces higher-level

elements as dependencies. Formally, there does not exist any v € V such
that v depends directly or indirectly on itself. The graph is therefore a
directed acyclic graph, ensuring logical consistency and preventing
circular definitions between indicators and their underlying data. (3)
Traceability. Let Reach(i) C V denote the set of nodes reachable from a
given indicator i € I". For each c-data element a, there exists at least one
i eI such that a € Reach(i). This guarantees that every atomic data
element included in the structure contributes to at least one indicator
and that no collected data point is disconnected from the CE assessment.
(4) Uniqueness. Each element appears only once in the node set V.
When multiple indicators depend on the same data element, this shared
dependency is represented through multiple incoming edges rather than
by duplicating nodes.

Result 1 - List of c-data points to collect within the organization

At this point, the first result of the approach is obtained. The list of c-
data points to collect within the organization's EIS is given by the leaf
nodes of the dependency graph G = (V,E). Let

D={veV|Awe Vsuch that (v,w) €E}.

The set D constitutes the complete list of data points that must be
measured, collected, or made available within the organization in order
to compute the selected c-indicators.

3.1.4. Phase 4 — Building a data collection strategy

While the identification of c-data facilitates CE assessment, it does
not resolve the practical challenge of organizing and operationalizing
data collection within the organization. Required data may be distrib-
uted across multiple EIS, partially available, redundantly stored, or
costly to extract. Access to EIS is not necessarily guaranteed, as practi-
tioners may face organizational, technical, or governance constraints
that limit data accessibility. Collecting all potentially relevant data
maximizes indicator computability but significantly increases imple-
mentation effort, including time and coordination. If the collected data
should be reused to develop a dedicated database supporting future CE
assessments, additional burdens arise in terms of data storage, design,
and long-term maintenance. Phase 4, therefore, addresses data collec-
tion and balances both the implementation progress and effort of the CE
assessment.

Step 1 - Hypothetical mapping of c-data to EIS

Before initiating data collection, each c-data point d € D is mapped
to one or more EIS expected to contain it. This mapping is established
based on two sources of information: the industrial diagnosis conducted
in Phase 1, including stakeholder interviews, documentation, and
knowledge of existing EIS, and generic descriptions of EIS identified in
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the literature. The hypothesis is based on the definition of the c-data (e.
g., data type, unit, granularity, and SOI scope), and the description of the
EIS (e.g., system name and typical usage by practitioners). This mapping
is performed manually by the research team in collaboration with
practitioners and reflects a plausible approximation of data locations
rather than a direct verification of system content. Let S denote the set of
EIS. For each c-data point d € D, a candidate set of systems is defined as:

s(d)cs

where s € S(d) indicates that system s is considered a potential source for
retrieving d. This formulation enables the exploration of data collection
strategies under realistic but partially uncertain conditions. To reduce
the uncertainty associated with this mapping, a final validation step is
conducted for the most critical c-data points, e.g., the most frequently
required across the selected c-indicators. Their mapping is reviewed
with an internal practitioner with direct knowledge of the relevant data
and information systems, such as a system owner, data steward, or data
engineer.

Step 2 — Modeling EIS access and c-data collection

The model is formulated as a binary Mixed-Integer Linear Pro-
gramming problem (MILP). Let:

e S denote the set of EIS within the organization identified in Phase 1

e D denote the set of c-data identified as the leaf nodes of the de-
pendency graph in Phase 3

e [ denote the set of c-indicators under consideration

e F denote the set of solicited CE assessment resources for sense-
making in Phase 2

In this context, a data collection scenario is defined as a specific
configuration of accessed EIS, and collected c-data points, determining
which c-indicators can be computed and which CE assessment resources
can be satisfied.

Input parameters. To formalize the relationships between c-data, c-
indicators, EIS, and CE assessment resources, the following binary pa-
rameters are defined:

e The relationship between systems and data availability is represented
by a binary parameter:

1
Asd:{o

e The dependency between indicators and data, derived from the graph
constructed in Phase 3, is defined by:

1
Bdi:{o

e The contribution of an indicator to a CE assessment resource, as
retrieved from Phase 2, is represented by:

1
61

Let:

if data point d € D is available in system s € S
otherwise

if indicator i € I requires datad € D
otherwise

if indicator i € I contributes to CE assessment resource f € F,
otherwise

If:{iEI‘CUf: 1}

denote the subset of indicators associated with CE assessment resource f.
Decision variables. Binary decision variables are defined as follows:
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1 if system s € Sis accessed
*= {0 otherwise
1 if data point d € D is collected
Ya= {0 otherwise
1 ifindicatori € I is computable
"= {0 otherwise
1 if CE assessment resource f € F is fully satisfied
o= { 0 otherwise

Constraints. The decision problem is subject to the following con-
straints, which formalize data availability, indicator computability, and
CE assessment resource completion:

e A data point is collectable if at least one accessed system contains it:

VAeD, yg <> Aws

seS

e An indicator is computable only if all required data are collected:

Viel,Vd € DsuchthatB; =1:2 <yy

e A CE assessment resource is considered to be fully completable if and
only if all of its indicators are computable:

vaF, sz > |Jf}9f

JjeJy

Objective functions. To evaluate alternative data collection sce-
narios, two objective functions are defined as follows:

e Performance represents two complementary dimensions of the as-
sessment's coverage: indicator-level coverage reflects the direct
quantity of computable indicators, while resource-level coverage re-
flects the degree to which organizational objectives, each tied to a
specific CE assessment resource, are fully met. It is defined as:

Zzi fngf
iel €.
=— ——|,P €]0,0.5],
2\ A 003

o Effort represents two distinct sources of implementation burden: ac-
cess to EIS, which is not systematically granted to practitioners, and
the quantity of collected data points, which, when increased, raises
costs related to data extraction, processing, storage, and maintenance
(Almeida and Calistru, 2013; Brint et al., 2021). It is defined as:

1 sts dZ)’d
E=— | 1% _| Ec[0,0.5],
2\ 1|  ID|

Both objective functions are normalized to ensure comparability
between performance and effort dimensions and to express the final
objective function within a bounded range. The trade-off between CE
assessment progress and implementation effort is modeled through a
weighted linear scalarization. This formulation reflects a standard
approach for exploring trade-offs between competing objectives and
enables systematic sensitivity analysis through variation of the weight-
ing parameter a. The equal weighting within each dimension provides a
balanced representation in the absence of predefined preferences.

maximize aP — (1 — a)E,a € [0,1].

Result 2 — Choice of the optimal scenario
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The second result of the approach corresponds to the identification of
an optimal data collection scenario obtained by solving the binary
Mixed-Integer Linear problem. The optimization model determines the
combination of EIS to access and c-data points to collect that maximizes
CE assessment progress while minimizing implementation effort, ac-
cording to the selected trade-off parameter a. The resulting solution
specifies which c-indicators become computable and which CE assess-
ment resources can be fully addressed under the chosen configuration.
Since the optimal configuration depends on the weighting parameter a,
sensitivity analyses should be conducted by varying a € [0, 1] to explore
alternative trade-offs between assessment progress and implementation
effort.

3.2. Case study: radiology system manufacturing

3.2.1. General context and motivation

The proposed approach is illustrated through a case study conducted
within a large, multinational original equipment manufacturer (OEM) of
complex medical systems, such as magnetic resonance imaging and
computed tomography scanners, as shown in Fig. 4. The organization's
activities encompass the manufacturing and maintenance of these sys-
tems through service operations, resulting in a technically complex and
globally distributed supply chain. The organization has long imple-
mented practices related to maintenance, life extension, refurbishment,
spare part recovery, and recycling, initially driven by operational reli-
ability and resource management needs. More recently, these practices
have been reconsidered within broader CE and sustainability perspec-
tives, with increased attention to material flows and environmental
performance (El Bechari et al., 2025; Shevchenko et al., 2026).

However, the organization currently lacks a structured view and
characterization of material flows across its supply chain, which limits
its ability to consistently quantify circularity and, more importantly, to
prioritize circular strategies, identify hotspots, and support decision-
making. This context provides a relevant setting to apply the proposed
approach, as the organization combines multiple sources of complexity
that directly challenge CE assessment in practice. The presence of
complex products, multiple lifecycle stages, existing but partially artic-
ulated circular strategies, and fragmented EIS are representative of large
industrial organizations facing CE transition challenges and therefore
calls for a structured approach to CE assessment.

3.2.2. Complexity and specificities of the case study

The case study combines several sources of complexity at both the
product and supply chain levels. At the product level, the systems pre-
sent a multi-level architecture composed of subassemblies, assemblies,
parts, and components, with individual subsystems being themselves
multi-component units subject to structural and economic

GE HealthCare
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dependencies. These are durable, material-intensive products built
largely from steel, aluminum, electronic components, plastic, and reliant
on critical resources (The Shift Project, 2025). They are deployed at
large scale — approximately four million units across more than 160
countries — and typically operate beyond ten years using extended-life
management strategies.

At the supply chain level, manufacturing is discrete and globally
distributed across multinational facilities. The organization operates
multiple circular loops, including reuse, repair, refurbishment, rema-
nufacturing, recycling, and the harvesting of systems retrieved from the
market to extract reusable parts. Spare parts in particular follow a
closed-loop supply chain in which failed units are recovered, repaired,
and reintegrated through a central distribution center sourcing from
both new suppliers and repair centers. This configuration is com-
pounded by fragmented data, as maintenance and logistic information is
dispersed across multiple systems and the repeated reallocation of parts
makes lifetime data difficult to gather, reflecting the broader difficulty
of obtaining and structuring CE data in this context.

Beyond the specificities of GE HealthCare, the healthcare sector
presents conditions that make CE assessment particularly challenging. It
is a highly heterogeneous industry, covering more than 20,000 product
types ranging from single-use consumables to complex capital equip-
ment, and relies on a globalized value chain involving numerous sub-
contractors and a strong dependence on imported materials and
components (The Shift Project, 2025). In medtech, the environmental
footprint is substantial: medical imaging devices in France are estimated
to generate around up to 230 ktCOoe per year, with raw materials and
manufacturing contributing to approximately 50% of this total (The
Shift Project, 2025). The development of circular end-of-life pathways
is further limited by structural barriers, such as limited integration of
ecodesign principles and the absence of viable economic models for
product recovery schemes (The Shift Project, 2025). These challenges
are further hindered by difficulties in accessing reliable data, which is
often confidential, fragmented across heterogeneous systems and for-
mats, poorly structured, embedded in unstructured text, or simply un-
available (The Shift Project, 2025). Taken together, the highly
data-intensive nature of the sector and its supply chain, combined
with these data-related challenges, motivated the selection of this case
study.

4. Results
4.1. Application of the approach to the case study
This section reports on the application of the proposed top-down

approach to the radiology system manufacturing case study. The re-
sults are presented in accordance with the four phases described in

Fig. 4. GE HealthCare's (A) SIGNA sprint: 1.5T MRI scanner (B) revolution vibe CT scanner.
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Section 3.1.

4.1.1. Phase 1 - Industrial diagnosis for CE assessment

To conduct the industrial diagnosis, semi-structured interviews with
key stakeholders of the OEM are conducted. Ten 1-h interviews are
conducted with representatives from project management, sourcing,
design engineering, product installation, and information technology.
Interviewees are primarily selected based on their involvement in a
previous CE assessment initiative. The interviews mainly explore par-
ticipants' roles, data usage, and knowledge of the OEM's data architec-
ture, using the guiding questions listed in Table A.1.

Output 1 - Identification of the organization's objectives for CE
assessment

The industrial diagnosis identified four main objectives for CE
assessment:

compliance with the upcoming Corporate Sustainability Reporting
Directive (CSRD),

assessment of organizational readiness for CE-related standards and
potential certification,

response to customer sustainability requirements,
improve day-to-day circularity management
practitioners.

for internal

Output 2 - Definition and modeling of the system-of-interest

The SOI was defined by explicitly listing the elements that the or-
ganization considers within the scope of its CE assessment. As shown in
Fig. 5, the SOI was organized along three complementary dimensions.
First, the product lifecycle is defined across four stages: design, pro-
duction, use, and end-of-life. Second, the supply chain dimension
identifies the organizational processes considered within the assessment
scope, including sourcing, manufacturing, transportation, installation,
maintenance, buyback, harvesting, and refurbishment. Third, material
flows are identified as the physical assets subject to circularity mea-
surement. These include materials, products, accessories, spare parts,
packaging, and waste streams generated throughout the lifecycle.
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Output 3 - Identification of existing information systems rela-
tive to the chosen scope

In total, eight EIS are identified within the company: PLM, CAD,
TMS, CRM, ERP, SCM, IoT system, and CMMS, a subset of the generic
system types described in Table 1. Their names are anonymized
accordingly.

4.1.2. Phase 2 — Systematic sense-making of CE assessment resources
Step 1 - Identification of relevant CE assessment resources

Based on the objectives identified during the industrial diagnosis, a
targeted corpus of CE assessment resources is constructed. First, to
ensure compliance with the CSRD's requirements in terms of CE, the
European Sustainability Reporting Standard (ESRS), entitled “ESRS E5:
Resource Use and Circular Economy” is analyzed. Concretely, the selected
documents are the European Financial Reporting Advisory Group's
(EFRAG) Implementation Guidance 3 (EFRAG, 2024), complemented by
the official legal text of the directive (Official journal of the European
Union, 2023). Second, to assess organizational readiness for
CE-related standards and potential certification, the international stan-
dard on the Product Circularity Data Sheet, ISO 59040 (ISO, 2025), is
selected. Third, to aid in responding to customer sustainability re-
quirements, company documents compiling calls for tenders are exam-
ined. Finally, to improve day-to-day circularity management for internal
practitioners, additional internal company documents are included.
These documents are the result of a prior needs-analysis workshop
conducted with internal experts to identify relevant c-indicators and
highlight missing or inaccessible data.

Step 2 — Translation of the corpus into CE data requirements
through sense-making

The CE assessment resources identified in Step 1 are translated into
structured CE data requirements following the sense-making procedure
described in Section 3. As summarized in Table 2, 47 requirements are
extracted from the CSRD, 92 from ISO 59040, 120 from customer calls
for tendering, and 65 from the internal needs-analysis workshop.
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o < Parts > @cesson? parts Spare parts
I
4 Accessories Bul!( Packaging rstalisg Defective\ Product\ ( Spare parts Product
w materials product kpare party / \\
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< y y A )
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& < Sourcing Manufacturing Transport—» Installation Maintenance 56 Harvest Refurbish
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Fig. 5. Structured representation of the system-of-interest covered within the CE assessment scope.
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Table 2
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CE assessment resources associated with organizational objectives and resulting data requirements.

Objective CE Assessment ~ Document Author Number of CE Total CE data Number of unique CEdata  Total unique CE data
Resource Type data requirements requirements per CE requirements across all CE
requirements Assessment Resource Assessment Resources
Compliance with the EFRAG ESRS Excel + Policymaker 47 324 45 281
CSRD ES5 PDF
Assessment of CE 1SO 59040 PDF Policymaker + 92 89
certification Industry +
readiness Academia
Answer to customer Call for Excel Consumers 120 97
sustainability tenders
requirements
Improve practitioner Needs-analysis ~ Excel Industry 65 65

CE management workshop

CSRD: Corporate Sustainability Reporting Directive.
EFRAG: European Financial Reporting Advisory Group.
ESRS E5: European Sustainability Reporting Standard - Environmental 5.

Step 3 - Unification of the CE data requirements

Following their extraction, the CE data requirements are consoli-
dated through a unification process aimed at removing redundancies
and harmonizing terminology across sources. Semantically equivalent
or overlapping requirements are identified by comparing their mea-
surement intent, scope, and underlying variables, and are merged into a
single standardized formulation. Particular attention is paid to preser-
ving the original meaning of each requirement while ensuring consis-
tency with the SOI defined in Phase 1. To enhance robustness and limit
subjectivity, the unification process is conducted iteratively by two re-
searchers: coding decisions are regularly compared, and ambiguous or
borderline cases are systematically discussed and resolved through
consensus.

This procedure ensures consistency in interpretation and reduces the
risk of misclassification or loss of meaning across heterogeneous sources.
For instance, requirements such as “mass fraction of recycled materials
out of the total product mass (expressed in accordance with range 1
defined in 6.2)” (ISO 59040), “product percentage of recycled content”
(practitioner needs), “proportion of recycled materials” (call for ten-
ders), and “rate of injected recycled material in manufactured equip-
ment” (call for tenders) are considered semantically equivalent, as they
refer to the share of recycled material within a product. These are
therefore consolidated into a single requirement labeled “percentage of
recycled content in product”, where “product” refers to fully manufac-
tured radiology systems as defined in the SOIL.

As shown in Table 2, the process resulted in a final set of 281 unique
CE data requirements. Their distribution across all four CE assessment
resources is illustrated in Fig. 6.

4.1.3. Phase 3 — Breaking down c-indicators into c-data
Step 1 - Identification and selection of target c-indicators

From the unified set of CE data requirements, 170 c-indicators are
identified. These indicators are then classified before decomposition,
following data availability and ease of computation.

Indicators are assigned readiness levels based on explicit criteria,
including regulatory priority, data availability, and modeling
complexity. For instance, indicators stemming from regulatory re-
quirements such as the CSRD are assigned the highest readiness level,
p = 1, due to their mandatory nature. Indicators formulated qualita-
tively, or lacking a clearly defined measurement framework are assigned
a lower readiness level, as they introduce ambiguity in
operationalization.

For example, ISO 59040 refers to the “fraction of the product that is
designed to be cleanly removed from the assembly where it is fixed,” and
the CSRD requires disclosure of “the expected durability of the products

10

42

CSRD
1SO 59040
Consumer needs
Practitioner needs

|

|
Fig. 6. CE data requirement distribution across the four CE assessment re-
sources and their corresponding intersections.

placed on the market by the undertaking, in relation to the industry
average.” Concepts such as “design for” or “durability” can be computed
in multiple ways (e.g., through technical lifetime, warranty period,
failure rate, or design specifications), leading to methodological ambi-
guity. Similarly, indicators with high modeling complexity, such as
carbon emissions and environmental footprints, are assigned lower
readiness levels due to their higher implementation effort. Indeed, their
computation requires life cycle assessment modeling, making data
identification substantially more complex. Although essential, they are
postponed to later iterations of the approach. While this classification
remains context-dependent, it follows a structured rationale aimed at
ensuring feasibility and relevance in the initial implementation phase.
For the following phases of the approach, the readiness threshold is

set to Pmax = 1 thus, as shown in Fig. 7, 69 target c-indicators compose
I'. These indicators are listed in Table B.1.

Step 2 - Recursive decomposition of target c-indicators into data

dependencies

Each target c-indicator i € I" is decomposed to identify its underlying
data dependencies, thus represented as a directed acyclic graph G = (V,
E), capturing both the variables involved in its computation and their
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CSRD (42)

CSRD (45)

= Consumer needs (85)

Consumer needs (97)

1SO 59040 (85)

Practitioner needs (65) Practitioner needs (57)

CE Assessment Resource CE Data Requirements

——CSRD+ Consumer needs (1)
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Readiness > 1 (101)

== CSRD +150 59040 + Consumer needs (1)
== CSRD +Consumer needs + Practitioner needs (1)

Indicator (170)

Readiness =1 (69)

== |SO 59040 + Consumer needs (2)
== S0 59040 + Consumer needs + Practitioner needs (1)

. Consumer needs+ Practitioner needs (6)

Not Indicator (111)

C-indicator Identification C-indicator Readiness

Fig. 7. From CE assessment resources to target c-indicators: filtering and readiness assignment.

dependency structure. An illustrative example is provided for the indi-
cator “percentage of recycled content in product”, which can be expressed
as:

percentage of recycled content in product =

The decomposition of the 69 c-indicators resulted in the identifica-
tion of 91 distinct c-data points required for their computation, which
are listed in Table B.2. This constitutes the first result of the approach,
allowing the organization to better understand what data they poten-

amount of recycled content in product

product weight

The “amount of recycled content in product” is not considered an
atomic data point, as it is a derived variable. Unlike “product weight”,
which is a property directly associated with the product and can be
directly retrieved from EIS, the amount of recycled content cannot be
obtained as a single value, as it requires knowing which are the
composing materials of the product, and whether they are recycled. The
following decomposition thus follows:

N
amount of recycled content in product = Z Wi X Lrecycea (i)
i=1

With:

e w;, the mass of material i contained in the product

® 1iecycled (i), indicator function equal to 1 if material i is from a recy-
cled source, and 0 otherwise

e N, the total number of materials composing the product

The associated graph of the c-indicator is represented in Fig. 8, with
the identification of the c-data points as the nodes with no outcoming

edges.

Result 1 - List of c-data points to collect within the organization

11

tially need to collect for the assessment.

Fig. 9 presents the distribution of c-indicators by their number of c-
data requirements, along with the most frequently used c-data points
across all c-indicators. As shown in Fig. 9 (A), CSRD c-indicators are
data-intensive, with 7 of them requiring at least 25 c-data points, sub-
stantially more than the other CE assessment resources, which never
exceed 4 c-data points. This reflects the broader, company-level scope of
the CSRD's requirements. Fig. 9 (B) shows that the most repeatedly used
c-data points are weight-related such as the weight of each material
composing the product, total product weights, and waste stream
weights, reflecting the mass-based nature of most c-indicators in the case
study, which are predominantly expressed as functions of weights. Such
disparities in data requirements across different CE resources could be
challenging for companies to meet. Hence, it is key to examine how data
collection strategies could be designed to facilitate their practical
implementation.

4.1.4. Phase 4 — Building a data collection strategy
Step 1 - Hypothetical mapping of c-data to EIS
Fig. 10 maps the distribution of c-data points across the organiza-

tion's EIS and their contribution to c-indicators. The height of each data
point indicates the number of indicators it contributes to (left y-axis),
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product material
source recycled

amount of recycled
content in product

percentage of

material

recycled content in
product

product material

weight

product weight

Legend
c-indicator

c-data

Fig. 8. Dependency graph of c-indicator “percentage of recycled content in product".

while the histogram's height represents the same information at the EIS
level (right y-axis). The results show a concentration of c-data in PLM
and ERP, which together support 94% of all indicators, i.e., 94% of all
indicators need at least one c-data point contained in these EIS. In
contrast, systems such as TMS, CRM, CAD, CMMS, SCM, and IoT
contribute only marginally. 82% of c-data points are hypothesized to be
accessible in more than one EIS, indicating redundant storage or cross-
system availability; the remaining 18% are each associated with a sin-
gle system, making their collection contingent on access to that specific
system. To reduce uncertainty in these mappings, the 30 most frequently
used c-data points, identified as those contributing to the highest

(A) Distribution of c-indicators by number of c-data points

across CE Assessment Resources
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number of c-indicators and therefore positioned highest on the y-axis in
Fig. 10, were reviewed and validated with a data engineer.

Step 2 — Modeling EIS access and c-data collection

The binary MILP model is applied to the case study inputs: |S| =8
EIS, |D| = 91 c-data points, |I| = 69 c-indicators, and |F| = 4 CE assess-
ment resources.

Result 2 — Choice of the optimal scenario

(B) Bar plot of the 20 most used c-data points
within the set of c-indicators
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Fig. 9. (A) Distribution of c-indicators by number of c-data points across CE Assessment Resources (B) Bar plot of the 20 most used c-data points within the set of

c-indicators.

12



L. Durivault et al.

i}

B 211 e

=

2 ®

=

Q

o °

£

9]

o

ol

5

v

(&)

o

£

S baad 0g0®

-g .:.. ® (] ®
o) o) :

e)

2 < | 09020

g o 5 - )

= D>

< e}

S e g0

S Qo P ®

£ e® —

I3

kS opo® L

@ 2900022% o0 ®

e} 14 %) 00, " “.

F | “REmORERs o

pd
PLM ERP ™S CRM

Journal of Cleaner Production 574 (2026) 149110

2]

w

tes 2

=

£

1)

=

%)

§2]

£

o)

a

©

8

©

o

1)

)

=

S

o

1)

1=

-

©

£

® 2

P

® B ]

® ©

1]

kS]

£

b

@] —

©

£

=

@

¢} ©

[ae) [¢] 5

@] e @ _ 6

Fo o

E

CAD CMMS SCM loT >
® 1EIS ® 2EIS 3EIS

Fig. 10. Illustrative diagram of hypothetical c-data location in the organization's EIS Acronyms — EIS: Enterprise Information Systems, PLM: Product Lifecycle
Management, ERP: Enterprise Resource Planning, TMS: Transport Management System, CRM: Customer Relationship Management, CAD: Computer-Aided Design,
CMMS: Computerized Maintenance Management System, SCM: Supply Chain Management, IoT: Internet of Things.

The optimization is first run at a = 0.5, reflecting equal weighting
between CE assessment performance and implementation effort. This
scenario is characterized as follows:

e Accessed systems: PLM, CRM, ERP (i.e., 37.5% of available EIS)

e Collected c-data points: 65 (i.e., 71.4% of all data points)

e Computable c-indicators: 58 (i.e., 84.1% of all indicators)

e Fully completable CE assessment resources: ISO 59040, consumer
needs, practitioner needs (i.e., 75% of resources)

This result highlights a non-linear relationship between data

% c-indicators

Scenario

Scenario 1

% c-data - % CEAR

’ Legend
% EIS

Scenario 1 (a=0.4)
Scenario 2 (a=0.5) EIS
Scenario 3 (a=06-1.0)

Scenario 2

Scenario 3

collection effort and indicator computability. Accessing only three of the
eight identified EIS is sufficient to fully compute over 80% of the tar-
geted c-indicators, suggesting the presence of highly informative data
sources and redundancy across enterprise information systems. This
finding indicates that organizations can prioritize a limited number of
high-impact systems to significantly improve assessment coverage while
limiting implementation effort.

To examine how alternative configurations evolve with the
performance-effort trade-off, a sensitivity analysis is conducted by
varying a across [0, 1]. Fig. 11 presents the results as a radar plot and
summary table, showing how the number of visited EIS, collected c-data

arange %c-indicators %CEAR %EIS %c-data

a=04 24.6% 25.0% 12.5% 13.2%

a=0.5 84.1% 75.0% 37.5% 71.4%
a=06 - 1.0 100.0% 100.0% 50.0% 160.0%

CEAR CEAssessmentResource

Enterprise Information Systems

Fig. 11. Sensitivity analysis of parameter alpha.
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points, computable c-indicators, and completion of CE Assessment Re-
sources vary across the range of a. The results yield 3 data collection
scenarios.

Additionally, it is notable that not all EIS need to be accessed in the
case study, as this indicator never exceeds 50% across all scenarios.
Given these results, under conditions of limited time and resources, the
organization may prioritize the most constrained scenario, which re-
quires collecting only 13% of the data, relies on a single EIS, and still
enables the computation of 25% of the indicators.

To examine how potential errors in the hypothetical mapping of c-
data to EIS affect these results, a sensitivity analysis is conducted.
Mapping errors are modeled as misplacements and parameterized by an
error rate € [0,1]: for each unvalidated c-data point, a proportion e of its
mappings is randomly reassigned to a different system, preserving the
total number of mappings in the matrix. The 30 most frequently used c-
data points, whose mappings were validated with a data engineer, are
kept fixed. Three error levels are tested: low (¢ = 0.15), medium (¢ =
0.50), and high (¢ = 0.75). For each error level, 100 Monte Carlo iter-
ations are run for each value of a, the weighting parameter balancing CE
assessment effort and performance. This number was determined
through a preliminary convergence analysis, which showed that the
mean metric values stabilized after 65 iterations. The mean values of the
four metrics are computed across iterations and reported in Fig. 12.

(A) Baseline (no error)

% c-indicators
1

% CEAR
100

c-data - 1 1 1 1
50 75

% EIS
(C) Medium error (¢ = 0.50)

% c-indicators
1

% CEAR

1
% EIS

% c-data -
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Fig. 12 (A) presents the set of baseline scenarios as depicted in
Fig. 11. The performed sensitivity analysis allows to investigate three
error levels — low, medium, and high — represented accordingly in
Fig. 12 (B), (C), and (D). At low error rates, the optimizer continues to
identify strategies in which not all EIS need to be accessed to compute all
c-indicators, a finding consistent with the baseline result. At higher error
rates, the number of EIS accesses increases substantially.

5. Discussion
5.1. Contributions of the proposed approach

This paper addresses the research question: “How can manufacturing
organizations operationalize and facilitate CE assessment in a data-
intensive environment?”. The proposed four-phase top-down approach
provides a structured framework, which may guide organizations from
clarifying their CE assessment objectives to selecting an optimal data
collection strategy within their information systems. To answer the
established lack of guidance concerning the data perspective for CE
assessment (Roos Lindgreen et al., 2022; Krasikov and Legner, 2023) —
the “what, where, and how?” — the framework and associated case study
illustrate how the approach may help organizations to identify what
c-indicators are relevant in their context, what underlying c-data points

(B) Low error (€ = 0.15)

% c-indicators
1

a range
a=0.4
1
% EIS a=05
. a=0.6
(D) High error (g = 0.75)
a=0.7
% c-indicators a=0.8
! =09
a=1.0
% c-data - 1 1 1 1 % CEAR
0 25 50 75 100
1
% EIS

Fig. 12. - Sensitivity of data collection scenarios to c-data to EIS mapping errors (A) Baseline scenario (B) Low error (C) Medium error (D) High error. Acronyms —

EIS: Enterprise Information Systems, CEAR: CE Assessment Resource.
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are needed, where the c-data resides within the EIS, and how to tackle
data collection. Beyond its core methodological contribution, the paper
introduced the c-data concept as a way of distinguishing collectable data
points from higher-level c-indicators. The notion of CE data has been
explored in the literature, most notably by Araujo et al. (2025), who
deconstruct 194 c-indicators from 26 reference frameworks into 334
distinct CE data points organized across eight typological dimensions.
Their multi-level structure — framework, indicator, CE data — is
conceptually aligned with the present approach. However, two impor-
tant differences distinguish the c-data concept introduced here from the
CE data points identified by Araujo et al. First, their research aims to
define a typology of CE data, it fails to provide a systematic method for
identifying such data or guidance on data collection in practice. Second,
a significant share of their identified CE data points are aggregated
values and are considered as c-indicators in the present research. For
example, the “Total weight of waste generated”, “Number of circular
economy jobs created or retained”, or “Total weight of recycled mate-
rials (secondary raw materials)” lack guidance to be directly computed
or reported. This limitation motivates the introduction of the c-data
concept, which focuses on granular, collectable data points within a
manufacturing supply chain, corresponding to measurable properties or
attributes of the products, components, or processes constituting the
system of interest.

5.2. Generalizability and scalability

Although the approach was demonstrated in a single industrial case
study, it shows several features that support its potential applicability
across different contexts. First, the workflow in Phase 2 is designed to
accommodate different CE assessment resource corpora (Durivault et al.,
2026), suggesting that it could remain applicable as regulatory and
organizational requirements evolve. Second, it is indicator-agnostic in
principle: the decomposition logic is not tied to any specific indicator
set, it may extend to other types of sustainability indicators, including
environmental, social, or economic ones, provided they can be decom-
posed into well-defined data requirements. Third, the optimization
model was solved to optimality in the case study, indicating that the
approach can be implemented with reasonable computational effort at
the scale of a large OEM. However, its applicability depends on several
contextual conditions, including the presence of enterprise information
systems, access to knowledgeable stakeholders, and the ability to define
a consistent system of interest. While the approach can be extended to
small and medium-sized enterprises or multi-organizational value
chains, such extensions may require adaptations to account for differ-
ences in data infrastructure, governance, and data-sharing capabilities
(Jager-Roschko and Petersen, 2022; Neri et al., 2023).

Given the suitability of the proposed framework to data-intensive
environments, the approach may also be relevant beyond
manufacturing, particularly for waste management organizations. Such
organizations play an important role in the CE as they collect, treat and
recover end-of-life material flows. In many manufacturing supply
chains, they are directly involved in the end-of-life processing of prod-
ucts, components, and materials generated during production and use,
playing a key role in reverse logistics and closed-loop supply chains
(Mallick et al., 2023). Their data can therefore contribute to circular
performance assessment at two levels: the waste management organi-
zation's own operations and the broader value chain to which it
contributes.

Similar to the focus of the present research, waste management or-
ganizations face important data-related barriers (Salmenpera et al.,
2021; Zhang et al., 2026). Classification systems record where waste
originates and what it is made of, yet omit the quality and contamination
attributes that determine whether a material can be recovered, so they
reveal little about recovery potential. This shortcoming is reinforced by
inconsistent terminology, uneven data quality, and weak interopera-
bility between datasets. The four-phase approach could therefore be
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adapted to this context. The industrial diagnosis would characterize the
organization's SOI: waste streams, treatment facilities, operational pro-
cesses, and information systems. The sense-making phase would trans-
late relevant regulations, such as the EU Waste Framework Directive
(European Commission, 2008) or the CSRD's ESRS E5 (EFRAG, 2024)
waste-related disclosure requirements, into structured CE data re-
quirements. Phases 3 and 4 would, in theory, remain similar to the
present case study.

Such an extension would require adaptations to reflect the specific
features of waste management. These include the multi-actor nature of
waste data governance, as they might not have dedicated internal EIS,
and have a greater reliance on external data sources, making stakeholder
data sharing more critical than in the present case study.

Beyond waste management, the proposed approach may be of in-
terest to a broad range of stakeholders involved in value chains where
material and resource flows are managed. Other actors, including re-
manufacturers, recyclers, and service providers, may also benefit from
the ability to link data requirements to c-indicators.

More broadly, the framework may also be valuable for third-party
organizations that support circularity assessment and reporting, such
as consulting firms and certification bodies. As corporations face
increasing reporting obligations toward governmental authorities and
policymakers, these intermediaries are becoming increasingly involved
in identifying, collecting, and validating the data required for compli-
ance. Applying the approach may facilitate the systematic identification
of the data needed to support regulatory reporting while maintaining
traceability between data points and reporting requirements. This
approach could thus serve as a foundation to develop tools facilitating
the anticipation and operationalization of new reporting requirements
by leveraging indicators and associated data that are already collected
and reported within the organization.

5.3. Limitations and future research

The proposed approach has several limitations that need to be
addressed in future research.

Concerning the optimization model, it includes some simplifications
that limit its ability to fully capture the complexity of the data collection
process. First, the final scenarios rely on data availability assumptions,
as the mapping between c-data and EIS is in part hypothetical and may
not hold when systems are actually queried. These hypotheses rely on
business knowledge but could be enhanced with a hybrid LLM-based
approach that leverages context reasoning, considering the names of
the data points and detailed descriptions of the organization's EIS.
Strengthening the assignment of data points to the EIS would increase
the accuracy of the data collection strategy and reduce additional costs
and effort.

To assess the effect of this first limitation, the mapping uncertainty
analysis conducted in Section 4.1.4 studies how sensitive the resulting
scenarios are to errors in the c-data to EIS mapping. At low error rates, c-
indicator and CEAR coverage remain consistently high across all values
of a, and the optimizer continues to identify strategies in which not all
EIS need to be accessed to compute all indicators, a finding consistent
with the baseline result. At higher error rates, the number of EIS accesses
increases substantially. However, this increase should be interpreted
with caution, as the perturbation model does not constrain mis-
placements to plausible system-data combinations, which may artifi-
cially scatter data points across systems and inflate the number of
systems the optimizer needs to access. Since the mappings are grounded
in structured stakeholder interviews, EIS documentation, and partial
validation with a data engineer, lower error rates may better reflect the
case study conditions. Therefore, under the current model formulation,
mapping uncertainty should be reduced by validating as many mappings
as possible before implementation. This can be reinforced by consulting
system owners, or by directly querying the EIS to inspect available data
fields. This would increase the reliability of the resulting data collection
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strategy and provide an empirical basis for defining confidence levels in
future probabilistic formulations.

Nevertheless, this analysis suggests directions for future model
development. First, the binary mapping assumption could be replaced
by a probabilistic formulation, where each mapping is associated with a
confidence level based on expert knowledge or system documentation.
This would allow the model to account for mapping uncertainty directly
in the decision process and generate data collection strategies that
consider uncertainty. This formulation could also restrict possible
mappings to realistic combinations of systems and data. For example,
design-related data is unlikely to be found in a logistics system. This
would ensure that uncertainty is modeled within plausible boundaries
rather than across all possible system assignments. The model could also
be extended using risk-averse models, where the objective function pe-
nalizes solutions that are highly sensitive to mapping errors (Cotton and
Ntaimo, 2015). This would favor data collection strategies that remain
robust under different possible mapping scenarios.

Beyond uncertainty in the mapping matrix, other simplifications
concern the objective function. It assumes equal importance across CE
assessment resources, although, in practice, organizations may give
priority to some requirements over others. For example, assessing
circularity in the context of regulatory compliance - for example under
the CSRD (European Commission, 2022) — is mandatory, whereas in-
ternal practitioner requirements or certification initiatives are
voluntary-based. Future versions of the model could introduce priority
weights based on regulatory context, time sensitivity, or strategic
importance.

On the definition of “effort”, EIS access and data collection are
weighted equally, although they involve different types of costs.
Accessing a new EIS usually involves a one-time organizational and
technical cost, while data collection effort depends on the volume and
complexity of the extracted data.

Additionally, the model does not account for data ownership or ac-
cess rights. In practice, data collection depends on who generates, owns,
and is authorized to use the data. IT governance constraints may prevent
access to certain EIS, even when the data technically exists within them.
This limitation is especially relevant in large multinational organiza-
tions, where EIS ownership may be distributed across business units, and
where data sharing may require formal interdepartmental agreements or
legal clearance (Silvola et al., 2011; Vilminko-Heikkinen and Pekkola,
2019). Future work could refine the effort function by distinguishing
fixed EIS access costs from variable data collection costs, and by intro-
ducing role-based access constraints. In such an extension, the model
could distinguish between “data owners”, who generate, manage, or
control access to a given dataset or EIS, and “data users”, who need
access to this data for CE assessment.

Regarding decision variables, data collectability is modeled as bi-
nary. In practice, however, the existence of a relevant field in an
accessible EIS does not guarantee that the required data is available or
reliable. The field may be empty, incomplete, inconsistent, or populated
only for a subset of products, sites, or time periods. For example, product
weights may be recorded for only part of the product portfolio, material
composition may be known for more recent products but not for legacy
products, and data manually entered by field operators may contain
errors or inconsistencies. A further extension could include simulation-
based methods to estimate missing data points, allowing c-indicators
to be computed even when data is incomplete (Zargar et al., 2022). This
would move the current collect-or-not formulation toward a probabi-
listic one, where the decision to access a given EIS depends not only on
the data it contains, but also on how much of this data is available and
how reliably missing values can be estimated.

Further limitations concern the approach as a whole. First, it is
demonstrated through a single case study in a large OEM. While this
provides realistic industrial complexity, it limits transferability to small
and medium-sized enterprises or other sectors with different EIS matu-
rity, regulatory context, or resource constraints. Second, Phase 3 focuses
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on a subset of c-indicators based on a certain level of readiness, which
contains a level of subjectivity. While the “readiness-to-assess” of a c-
indicator may have high variability depending on the implementer's
knowledge and may lead to the exclusion of critical c-indicators, it is
important to note that the remaining ones are equally important to
consider in future iterations of the approach, as noted in Section 3.1.3. In
fact, a single iteration of the approach would not be sufficient to guar-
antee that the organization has assessed the most relevant c-indicators
for their context. In this regard, although organizations have an
increased interest in measuring CE due to sustainability reporting obli-
gations (Roos Lindgreen et al., 2022), the resulting assessment should be
linked with concrete CE strategies to identify hotspots and facilitate
decision-making, contributing to reducing environmental impacts and
sustainable manufacturing.

6. Conclusion

This paper explored the challenge of operationalizing CE assessment
in manufacturing organizations through the proposal and demonstration
of a structured, data-driven approach. The four phases link CE assess-
ment objectives to data collection within EIS, providing a clear pathway
from regulatory and organizational requirements to computable in-
dicators. Applied to a radiology system manufacturing case, the case
study demonstrated how the approach can be used to systematically
identify data requirements, decomposing 69 target c-indicators into 91
collectable data points, while the optimization model identified efficient
data collection configurations, showing that a limited subset of infor-
mation systems can support a large share of indicator computation. The
main contribution is the proposal of a workflow intended to help bridge
the gap between organizations’ growing interest in conducting CE
assessment and its practical implementation. By combining sense-
making, graph modeling, and optimization, the approach offers an in-
tegrated method to support and structure data sourcing practices for CE
assessment. However, the approach relies on assumptions regarding
data availability, which may limit direct applicability without further
validation. Future work should focus on the latter, reinforcing and
validating the link between c-data and EIS, and refining the optimization
model to better represent implementation constraints, and extending the
approach to multi-organizational supply chains where data governance
becomes critical. Future research could also explore how the resulting c-
data inventory can support the development of internal databases to
structure the data, facilitating c-indicator computation, and reducing
effort for future assessments.
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