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Abstract

This study proposes a novel framework for robust policy evaluation in material flow analysis (MFA) under deep uncertainty.
It is motivated by our observation that, under data scarcity, conventional uncertainty analysis methods may overstate the
available knowledge by attempting to characterize uncertainty beyond what limited empirical evidence can support. We
propose a shift away from identifying the most probable policy outcomes and their associated uncertainty, toward identify-
ing policies that remain reliable despite uncertainty. This is achieved by integrating MFA with exploratory modeling and
analysis, which (i) characterizes broad, plausible uncertainty ranges to incorporate extreme scenarios and (ii) assesses policy
performance across multiple robustness metrics to reflect diverse perspectives. In addition, the study presents methodological
suggestions for handling the sum-to-one constraint of transfer coefficients, including a constrained elicitation procedure for
defining uncertainty bounds, a sampling approach that preserves the sum-to-one property without requiring normalization,
and a vulnerability analysis method that remains applicable despite this constraint. An illustrative case study demonstrates
the operationalization of the framework and highlights its strengths and limitations under simplified conditions. Further
research is needed to refine the methodology and enable a systematic application in practice.

Keywords Material flow analysis - Exploratory modeling - Deep uncertainty - Data scarcity - Decision-making framework -
Policy

1 Introduction

Material flow analysis (MFA) emerged as an accounting tool
to describe city metabolism and pollutant pathways (Hen-
driks et al., 2000). Nowadays, it is increasingly used to eval-
uate the potential impacts of material efficiency and circu-
larity strategies (Lase et al., 2023; Pauliuk & Heeren, 2021;
Slotte et al., 2025). This expanding application, coupled
with the sparse, noisy, and diverse data typically underly-
ing MFA, makes uncertainty analysis crucial for supporting
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risk-informed policy decisions (Liao et al., 2025; Maxim &
van der Sluijs, 2011). Statistical approaches are regarded by
Laner et al. (2014) as the most rigorous, but a large variety
of uncertainty analysis methods have been applied to MFAs.
Statistical approaches characterize uncertain input variables
using functions such as probability distributions to repre-
sent likelihoods, or fuzzy membership functions to express
degrees of truth (Laner et al., 2014). However, the shape of
these distributions cannot reliably be inferred in situations
where data points are scarce, which are precisely the situa-
tions in which uncertainty analysis is most critical.

Kawecki et al. (2018) presented a workaround to this
problem in their analysis of European plastic flows, which
has since gained traction in MFA studies on plastic pollution
(Abbasi et al., 2023; Chen et al., 2023; Kawecki & Nowack,
2019). Their method defines probability distributions for
transfer coefficients and material imports based on data qual-
ity indicators from the pedigree matrix of one or a few data
points, followed by probabilistic uncertainty propagation
(Kawecki et al., 2018).
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However, the appropriateness of this probabilistic
approach remains on several grounds exposed to critique.
First, the probabilistic representation of uncertainty may
overstate the available knowledge when data are insuffi-
cient in quantity to justify a likelihood-based interpretation
(Clavreul et al., 2013). Second, the symmetric uncertainty
bounds for single data points, resulting from a single data
quality assessment, poorly reflect the typically skewed distri-
butions of highly uncertain variables (Limpert et al., 2001).
Third, data quality assessments are inherently subjective.
Translating them into probabilistic uncertainty is often
arbitrary, with key parameters left to the modeler’s discre-
tion (Laner et al., 2015a). Finally, this method may produce
distribution tails that exceed physically meaningful bounds
(i.e., 0—1 for transfer coefficients), necessitating truncation
and disregarding a portion of the estimated uncertainty
(Kawecki & Nowack, 2019).

Partial remedies exist to address these shortcomings. For
instance, fuzzy membership functions can be used in place
of probability distributions to avoid overstating the available
knowledge (Laner et al., 2015b). Similarly, log-normal dis-
tributions can substitute for normal or linear ones to address
asymmetric uncertainty (Laner et al., 2015a). However, in
both cases, the reliability of the analysis remains limited
by the quantitative arbitrariness of the data quality-based
approach. Bayesian inference bypasses the need for data
quality assessments by using prior distributions, based on
expert judgment or default assumptions, which are itera-
tively updated as new data become available (Dong et al.,
2023; Lupton & Allwood, 2018). Nevertheless, the appropri-
ateness of probabilistic framing remains questionable when
data is scarce.

This fundamental limitation, the inability to objectively
and consistently define probability distributions in data-
sparse settings, constitutes a form of ‘deep uncertainty’
(Lempert et al., 2003). Under such conditions, using a single
MFA model with weakly supported probability estimates
may misinform decision-makers. In response, Schwab and
Rechberger (2017) propose a dimensionless uncertainty
measure, enabling comparison of uncertainty levels across
different MFAs or stages of model development. However,
its abstract nature can hinder interpretation by stakehold-
ers and provides limited insight in the absence of a refer-
ence model. In addition, it does not capture non-parametric
sources of deep uncertainty, which arise when stakeholders
disagree on model structures, system boundaries, or out-
comes of interest (Lempert et al., 2003).

To address these limitations, this study proposes explora-
tory modeling and analysis (EMA), which systematically
evaluates a wide range of model parameterizations and
interpretive value systems (Agusdinata, 2008). Since EMA
is a central component of robustness frameworks (Herman
et al., 2015) and decision-making under deep uncertainty
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(Marchau et al., 2019), it is well-aligned with the increasing
application of MFA to policy evaluation. EMA has already
been applied in combination with simulation modeling
methods such as agent-based modeling and system dynam-
ics (Kwakkel & Pruyt, 2013, 2015). However, its integration
with MFA remains unexplored.

In deeply uncertain MFA models, EMA offers three main
advantages over probabilistic MFA for policy evaluation.
First, by avoiding probabilistic framing, EMA explicitly
acknowledges that probabilities may be unknowable (Her-
man et al., 2015). Second, by stress-testing policies across
broad, plausible uncertainty bounds, EMA helps identify
strategies that perform well under diverse and extreme con-
ditions (Bankes et al., 2013; Lempert et al., 2003). Finally,
EMA accommodates both parametric uncertainties, related
to numerical inputs, and non-parametric uncertainties. The
latter includes normative choices related to system definition
(Laner et al., 2014), such as the inclusion or exclusion of
specific material categories (e.g. rubber in a plastics-focused
MFA). They also include network structure uncertainty,
which concerns the inclusion or omission of processes and
material flows within the MFA system (Liao et al., 2025).
This addresses a key gap in MFA literature, where network
structure uncertainty is seldom considered (Liao et al.,
2025).

In this study, we developed a framework integrating
MFA and EMA to evaluate policies under conditions of
deep uncertainty. We tested a pilot implementation of the
framework in a case study on plastic pollution from poly-
ethylene terephthalate (PET) beverage bottles in the Nether-
lands. This case study was not intended to support decision-
making, but rather to exemplify the proposed method and
explore its strengths and limitations. Building on the MFA
developed by Schwarz et al. (2023), we assessed the robust-
ness of eight policy proposals addressing plastic pollution.
Following Lempert et al. (2003), a policy was considered
robust if it performed reasonably well relative to its alter-
natives across a wide range of plausible system behaviors
and value perspectives. In addition, we identified the uncer-
tain factors most responsible for a policy’s failure to meet
stakeholder requirements, also known as robustness controls
(Herman et al., 2015).

2 Methodology

To develop a framework merging MFA and EMA, we pur-
sued both a terminological and procedural integration of the
two methodologies. Terminologically, we classified model
components of MFA according to the XLRM framework,
where XLRM denotes four categories of model components:
external factors, levers, relationships, and performance
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metrics (Kwakkel, 2017; Lempert et al., 2003). This clas-
sification is illustrated in Fig. 1 and Table 1.

External factors encompass all uncertain numerical or
categorical inputs, such as material imports, transfer coef-
ficients, flow magnitudes, and product lifetimes. Conversely,
constants represent the model variables that are not treated
as uncertain, such as those fixed by the model structure or
based on precisely known values (Kwakkel, 2017). For
example, transfer coefficients inherently equal one when all
incoming material is assigned to a single downstream pro-
cess. Similarly, safety regulations may fix product lifetimes
at one year through annual replacement rules.

Relationships capture non-parametric uncertainty in MFA
and can be divided into scenario uncertainty, arising from
normative choices, and model uncertainty, stemming from
simplifications of the real-world system (Huijbregts et al.,
2003; Laner et al., 2014; Lempert et al., 2003). Both types of
relationships can be parametrized to enable sampling across
alternative normative and modeling choices. Each unique
configuration of external factors and relationships defines a
scenario (Lempert et al., 2003).

Levers represent numerical or categorical variables influ-
enced by policy (Lempert et al., 2003). However, unlike in
traditional EMA, they cannot directly correspond to inter-
ventions in MFA. For example, a policy promoting the
installation of reverse vending machines cannot directly
change an MFA variable. Instead, its effect could be mod-
eled by an increase in the share of collected bottles. Con-
sequently, policy levers in MFA act on external factors,
whereas in traditional EMA, levers and external factors are
distinct (Kwakkel, 2017). A specific configuration of levers
defines a policy alternative, while their absence represents
the business-as-usual case. Together, a policy combined with
a scenario constitutes an experiment.

Performance metrics are the indicators used to assess
policy outcomes (Kwakkel, 2017), which in MFA can be
classified into stock metrics (e.g., the accumulation of mate-
rials in sinks), flow metrics (e.g., the availability of second-
ary resources), and function metrics (e.g., recycling rates).
These provide the foundation for robustness metrics, which
summarize policy performance across scenarios using satis-
ficing, regret, or statistical measures (Kwakkel et al., 2016).

Levers (L)

MFA variables used to
model policy interventions,
acting on external factors

Alternatives:
Policies to be stress-
tested across scenarios

[

.

External factors (X)

MFA variables subject
to uncertainty, such as
transfer coefficients
and imports

Scenarios:

Variants of the MFA model
representing unique beliefs for the
behavior of the real world system

v

~

Relationships (R)
Structural and normative choices in
MFA, such as system boundaries, the
approach to lifetime corrections, the
inclusion/exclusion of processes, etc.

Performance metrics (M)

Outcomes of interest in MFA,

.

|
Constants
MFA variables based on
trivial or undisputable data

including flows, stocks, and
functions thereof

Robustness metrics
Summary statistics for policy
performance across scenarios

Fig. 1 Model structure of exploratory material flow modeling and analysis, based on the XLRM framework (Kwakkel, 2017)

Table 1 Examples of MFA model components, organized according to XLRM

External factors (X)

Levers (L)

Relationships (R)

Performance metrics (M)

m Transfer coefficients
m Material imports

the policy

m Product lifetimes
m Flow magnitudes

m Changes a subset of X, depending on

m Time horizon

m Inclusion/exclusion of certain pro-

cesses, flows, and materials

m Accumulation of material in envi-
ronmental sinks (stock metric)
m Availability of secondary resource

m Geographical and sectoral scope (flow metric)
m Time step m End-of-life recycling rate (function
m Material grouping and aggregation metric)
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Here, satisficing metrics count the number of scenarios
meeting a minimum performance threshold, regret metrics
compare policy performance to a reference performance in
the same scenario, and statistical metrics describe the dis-
tribution of performance across scenarios using summary
statistics (Kwakkel et al., 2016).

Building on this terminological integration, we pro-
cedurally combined the MFA research cycle (Brunner &
Rechberger, 2016) with the taxonomy of robustness frame-
works described by Herman et al. (2015), consisting of (1)
the specification of policy alternatives, (2) the selection and
sampling of external factors, (3) the quantification of robust-
ness metrics, and (4) the identification of robustness con-
trols. Several methodological decisions shaped this integra-
tion, based on the options outlined by Herman et al. (2015).
First, we chose to prespecify policies rather than generate
them by automated search, since policies in MFA rarely
act directly on variables and must be translated into inter-
ventions with care. Second, we adopted global uncertainty
sampling across wide, plausible ranges, consistent with
exploratory modeling principles. Third, we left the choice of
robustness metrics open to context-specific selection, rather
than prescribing a universal measure, as recommended by
Kwakkel et al. (2016). Fourth, we chose to identify robust-
ness controls using a factor-ranking approach that evaluates
the influence of uncertainties on policy performance (Her-
man et al., 2015). Three further design choices concerned
the specification of uncertainty bounds, uncertainty propa-
gation, and vulnerability analysis, discussed in more detail
below.

For specifying plausible uncertainty bounds, we sought
a method that establishes wide ranges that capture all cred-
ible values, thereby avoiding the risk of overlooking impor-
tant vulnerabilities (Herman et al., 2015). In a data-scarce
context, we consider it inappropriate to rely on extreme
observed values or semi-quantitative methods. Instead,
we adopted expert elicitation, a practice well established
in MFA (Dong et al., 2023; Mathieux & Brissaud, 2010;
Montangero & Belevi, 2007) and extended it with a novel
procedure that respects the sum-to-one constraint of transfer
coefficients, which ensures that the outflows of each MFA
process sum to the total inflow. This ensured that uncertainty
bounds on transfer coefficients were internally consistent
without requiring post hoc adjustments, yielding a more
faithful representation of expert judgment (Supplementary
Information SI1 Section A).

For uncertainty propagation, uniform sampling was
unsuitable because it conflicts with the sum-to-one con-
straint of transfer coefficients. While normalization could
enforce this constraint, it risks distorting the underlying
uncertainty distributions (Kawecki et al., 2018). There-
fore, we adopted multivariate sampling from truncated, flat
Dirichlet distributions (Ng et al., 2011), which preserve
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uniformity within the uncertainty bounds while accounting
for the sum-to-once constraint. To approximate these distri-
butions efficiently, we applied a two-blocked Gibbs sampling
procedure (Park & Lee, 2022), as detailed in Supplementary
Information SI1 Section B.

Finally, for vulnerability analysis (i.e., the process of
identifying robustness controls), we adopted Spearman’s
rank correlation coefficient (Supplementary Information
SI1 Section C). Spearman’s rank correlation assesses the
strength and direction of monotonic relationships between
uncertain factors and policy performance. It is well suited
to the constrained structure of the MFA model but may
underestimate higher-order interactions (Cao et al., 2018;
Wiedenhofer et al., 2019). Theoretically, variance-based
methods could be adapted to accommodate the dependency
structure of transfer coefficients and capture higher-order
interactions. However, the interactions in MFA arise from
multiplicative chaining of transfer coefficients, leading to
network-wide interactions rather than low-order interaction
terms. Capturing these effects would substantially increase
methodological complexity while reducing interpretability
of the analysis. Therefore, we use Spearman’s rank correla-
tion as a simpler, more interpretable approach.

3 Framework

We now present the framework integrating MFA and EMA
(Fig. 2). Four of its stages are informed by the taxonomy of
robustness frameworks (Herman et al., 2015), namely: the
selection of decision alternatives (Stage 1), the selection of
uncertain factors (Stage 3a), the quantification of robustness
metrics (Stage 4a), and the identification of robustness con-
trols (Stage 4b). The remaining stages are primarily derived
from the MFA research cycle, covering the system definition
(Stage 2), data collection (Stage 3b), and the illustration and
interpretation of results (Stage 5) (Brunner & Rechberger,
2016).

3.1 Stage 1: Problem framing and policy definition

Stage 1 begins with formulating the problem statement in
collaboration with policymakers and stakeholders. The prob-
lem must concern anthropogenic or environmental material
flows and be characterized by deep uncertainty to ensure
the relevance of the framework. Next, the analyst and poli-
cymakers define policy objectives, such as reducing plastic
emissions, and translate these into MFA-type performance
metrics, such as the cumulative flow of plastics into the
ocean over a decade. Subsequently, they discuss appropri-
ate performance thresholds to distinguish successful from
failing policies and select robustness metrics to summa-
rize policy performance across the full range of scenarios.
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1| Problem framing and

challenges related to deeply
uncertain material flows

policy definition

Analysts, policymakers & stakeholders

2 | System definition
Analysts & experts

N

List of variables

> policy solutions

5| lllustration and
interpretation

f Robustness controls  Analysts, policymakers & stakeholders

3b | Data collection
Analysts

|

' 4b | Vulnerability

Feedback

/

3a| Uncertainty

characterization
Experts

analysis
Analysts

N

4a | Robustness

evaluation
Analysts

Fig.2 Overview of the exploratory material flow modeling and analysis framework

Because no single robustness metric is universally superior,
they should adopt context-relevant measures, apply multiple
metrics in parallel, and synthesize their results (Kwakkel
et al., 2016). This stage is concluded by specifying policy
proposals for the analysis.

3.2 Stage 2: System definition

In Stage 2, the analyst defines the MFA system by specifying
relevant materials, system boundaries, processes, and flows.
The geographic and temporal scope typically follows from
the problem statement, while the time step is selected to
smooth out short-term fluctuations, often resulting in annual
intervals for anthropogenic systems (Brunner & Rechberger,
2016). To identify key flows and processes, the analyst may
consult academic literature, national reports, and subject-
matter experts. Experts then review the qualitative MFA
system, while the analyst documents any disagreements
as uncertain relationships. In principle, all independent
variables in the MFA model are treated as external factors,
except those fixed by the model structure or known with
certainty, which are treated as constants. Experts conclude
this stage by estimating the expected effect of each policy
on the MFA system, enabling the quantitative integration
of policy levers into the MFA model. These estimates may

be based on expert judgment, empirical evidence, or more
detailed modeling approaches, such as system dynamics
modeling, depending on data availability and the intended
depth of analysis.

3.3 Stage 3: Uncertainty characterization and data
collection

In this stage, the analyst designs a survey to elicit plausible
uncertainty bounds for each external factor from subject-
matter experts. The MFA system may be divided into the-
matic subsystems, enabling elicitation with more specialized
experts and minimizing the time burden on each participant.
Preparing the survey involves translating external factors
into practical questions, such as: What percentage of con-
sumer PET bottles used in the Netherlands in 2024 was used
on the go? Experts are then asked to report the lowest and
highest values they find able to be believed (Stage 3a). To
elicit transfer coefficients under the sum-to-one constraint,
the analyst may use the Excel spreadsheet available on
GitHub (https://github.com/nweijenb2001/emfma/tree/main/
elicitation), which applies the constrained elicitation proce-
dure described in Supplementary Information SI1 Section A.

Before elicitation, the analyst should aim to gather high-
quality data to support more informed expert judgments
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(Stage 3b). However, this information should be withheld
until a second elicitation round to minimize anchoring bias
(Furnham & Boo, 2011). Data collection should focus espe-
cially on robustness controls if vulnerability analysis has
been conducted previously.

When multiple experts provide uncertainty bounds for the
same transfer coefficient, the analyst could aggregate them
by taking their union. This would align with EMA’s pref-
erence for broader uncertainty bounds, which may include
extreme scenarios where most policies fail, but lower the
risk of overlooking critical vulnerabilities (Herman et al.,
2015). However, this approach would demand post-aggre-
gation adjustments, such as trimming (Supplementary
Information SI1 Section D), to ensure compatible ranges
for transfer coefficients. These adjustments are undesirable
because they weaken the direct translation of expert judg-
ment into uncertainty bounds. We therefore recommend
employing group elicitation approaches such as the SHELF
protocol (Soares et al., 2024), which enable consensus esti-
mates for uncertainty bounds without aggregating individual
expert inputs.

3.4 Stage 4: Robustness evaluation
and vulnerability analysis

In Stage 4, the analyst generates a large ensemble of sce-
narios by sampling across uncertain relationships and within
plausible uncertainty bounds for external factors. Transfer
coefficients can be sampled using the two-blocked Gibbs
sampling procedure detailed in Supplementary Information
SI1 Section B to respect the sum-to-one constraint, while
independent external factors, such as material imports,
can be sampled uniformly or via pseudo-random methods.
Once the scenarios are generated, the analyst evaluates the
performance of each policy in each scenario by solving the
MFA system. Then, in Stage 4a, the analyst quantifies policy
robustness using the chosen robustness metrics. Finally, in
Stage 4b, the analyst applies Spearman’s rank correlation
coefficient to identify the vulnerabilities of each policy con-
cerning each performance metric.

The analyst typically determines the appropriate number
of scenarios through trial and error or by monitoring when
robustness and vulnerability scores stabilize as the sample
size increases (Kwakkel, 2017). If computational constraints
prevent such convergence analysis, a limited set of diagnos-
tics can be used as practical alternatives, though they do not
replace proper convergence testing. In particular, a t-dis-
tribution-based test can be used to filter vulnerability cor-
relations likely due to chance (Virtanen et al., 2020), while
agreement in robustness scores between a limited number of
duplicate model runs can be quantified using the Intraclass
Correlation Coefficient (Koo & Li, 2016).
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3.5 Stage 5: lllustration and interpretation

In the final stage, the analyst collaborates with policymakers
and stakeholders to visualize and interpret the results. This
process may uncover previously unrecognized challenges
or prompt policy refinements, potentially initiating a new
research cycle. Policy performance across the full range of
scenarios can be illustrated using strip plots, while parallel
coordinate plots can depict policy robustness across mul-
tiple metrics. Additionally, Sankey diagrams can visualize
the MFA model under best- and/or worst-case conditions for
each policy-performance metric pair. In these diagrams, flow
colors can represent the Spearman’s rank correlation coeffi-
cients of transfer coefficients or material imports, highlight-
ing vulnerabilities unique to each policy and performance
metric. Section 4.5 presents examples of these visualizations
from the illustrative application.

4 lllustrative application of the framework

We applied a pilot version of the proposed framework to the
plastic littering MFA developed by Schwarz et al. (2023) We
refer to this as a pilot application because the Schwarz et al.
model is extensive, not fully modularized, and actively under
development, which limited our ability to demonstrate all
aspects of the framework, in addition to constraints in expert
availability. Specifically, group elicitation was replaced by
elicitation with a single expert, policy effects were not elic-
ited from experts, and uncertainty analysis was restricted to
transfer coefficients.

Given these limitations, the case study is not intended
to inform policy decisions, but instead to highlight several
strengths and limitations of the framework, illustrate how
its results can be visualized and interpreted, and demon-
strate how it differs from conventional uncertainty analyses.
The Python script utilized in the execution of the case study
is available on GitHub (https://github.com/nweijenb2001/
emfma/blob/main/main.py).

4.1 Problem framing and policy definition

In Stage 1, we selected the littering of PET consumer bot-
tles in the Netherlands as the central problem. While the
Dutch government has taken steps to reduce beverage bot-
tle litter, the associated collection targets have not yet been
achieved, highlighting the continued relevance of, this
issue (Schep et al., 2025). Although policymakers were not
directly involved in the definition of policy objectives, we
designed them to align with the national targets for 2030.
The selected policy objectives were (1) reducing microplas-
tic emissions (Rijksoverheid, 2023) and (2) increasing PET
recycling (Rijksoverheid, 2021). Corresponding flow-type
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performance metrics were defined for the period from 2025
to 2030 in the Netherlands as: (1) cumulative environmental
microplastic emissions caused by consumer PET bottle con-
sumption, and (2) cumulative secondary material production
from used consumer PET bottles (i.e. macroplastic recovery
flows). The first metric represents a minimization problem,
where lower scores indicate better policy performance, while
the second represents a maximization problem.

To evaluate policy robustness, we selected five robust-
ness metrics based on Kwakkel et al. (2016), including one
satisficing, one regret, and three statistical metrics. Each was
designed with two variants to match the direction of the
performance metric (minimization or maximization) and
enhance clarity when plotting multiple metrics in a single
figure. One of the metrics, the domain criterion, required
threshold values to distinguish successful policies from
failing ones. For environmental microplastic emissions, we
defined success as cumulative emissions remaining below
70% of the business-as-usual level. This reflects the national
target for 2030 (Rijksoverheid, 2023), though applied here
specifically to PET bottles. For secondary material produc-
tion, we defined success as achieving a secondary material
production greater than 30% of PET bottle consumption,
aligning with the national recycled content target for 2030,
assuming closed-loop recycling (Rijksoverheid, 2021).
Supplementary Information SI1 Section E provides a more
detailed overview of the metrics.

To identify viable policy options, we consulted the study
by Quik et al. (2024), which included an expert workshop
to estimate the feasibility and effectiveness of various miti-
gation measures targeting plastic pollution in the Nether-
lands. We included all measures relevant to macroplastic
emissions, excluding those unrelated to the context of PET
bottles (e.g., banning EPS plastics in packaging) and those
that would produce equivalent effects in the MFA model.
For example, both a broader rollout of deposit systems and
increased return system incentives would be represented in

the model as an increase in the flow of consumer bottles
to the deposit refund scheme. As these measures target the
same transfer coefficients within the model and thus produce
equivalent insights, we included only one of them, select-
ing the option with the higher combined average score for
feasibility and effectiveness. This resulted in the selection of
eight policies for evaluation alongside the business-as-usual
case, as detailed in Table 2.

4.2 System definition

In Stage 2, we defined the qualitative MFA system, selected
external factors, and specified policy levers. The MFA
system was based entirely on the Python-based model of
Schwarz et al. (2023), tracing yearly plastic flows from con-
sumption to grave, including releases to the environment
and subsequent dispersion and degradation. The model used
an annual time step and distinguished between macroplas-
tics (>5 mm) and microplastics (<5 mm) (Peano et al.,
2020). We defined the geographic and temporal scope as
the Netherlands for the period 2025-2030 to align with the
performance metrics, and we focused exclusively on PET
pathways from consumer beverage bottles within the model.
Since PET bottles are single-use with an average estimated
lifetime of one year, no lifetime corrections were necessary,
consistent with a static MFA approach (Laner & Rechberger,
2016). We used a throughput approach without exports,
meaning that all material entering the system accumulated
in the model’s sinks.

Since the Schwarz et al. model is not fully modularized,
incorporating model uncertainty in addition to parametric
uncertainty would have required substantial modifications
to the original code. In addition, the elicitation burden
on experts would have been too high without simplifica-
tions, given the large number of MFA processes involved.
Therefore, model relationships, material import, and a sub-
set of transfer coefficients were treated as constants in this

Table2 Overview of policies included in the illustrative application, including scoring on feasibility (1-Easy to 3-Difficult) and effectiveness
(1-High effectiveness to 3-Low effectiveness) as rated by 7-10 experts (Quik et al., 2024)

Policy Description Feasibility (1-3) Effective-
ness (1-3)
BAU Business-as-usual, continuing system behavior of 2024 - -
Reduce Further restrict single-use disposable plastic packaging and items 1.78 1.11
Capture Capture MP at production and recycling plants 1.33 1.56
Clean Litter clean-up (roadsides, parks, woodlands) 1.50 2.00
Return Return systems, incentives/Increase deposit systems 1.89 1.67
Homogenize Reduce material complexity to reach more true circularity 2.67 1.44
Manage Proper waste management systems/Improved waste management 2.22 1.89
Redesign Redesign polymers to minimize shedding of MP 2.71 2.00
Extract Extraction of plastics from landfills 2.80 2.40
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demonstration. These simplifications limit the completeness
of the analysis and would not be appropriate in a case study
intended to inform policy insights.

The material import to the MFA, representing PET
consumption levels, was taken from the original model
(Schwarz et al., 2023). Some transfer coefficients were fixed
because they were fully determined by the model structure
(i.e., processes with a single inflow and outflow). Where
transfer coefficients fulfilled equivalent roles, they were
modeled as separate external factors but elicited only once
to avoid redundancy. For example, the distribution of waste-
water across treatment processes was assumed to be identical
for wastewater containing microplastics and macroplastics.
Lastly, a small number of transfer coefficients were treated
as constant due to their presumed limited influence given
their position in the MFA model, which is a limitation of this
case study (see Supplementary Information SI1 Section F).

After defining the qualitative system, we hypothesized
which external factors would be affected by each policy
listed in Table 2. In the absence of expert input or detailed
policy specifications, we applied a uniform + 10% adjust-
ment to the affected factors. This assumption was not
intended to represent policy effectiveness realistically, but
to enable a simple assessment of how changes in transfer
coefficients affect system behavior. For example, the Return
policy was modeled as a 10% increase in the deposit rate of
on the go and at-home PET bottles relative to the business-
as-usual case. Note that this reflects a proportional change
in the transfer coefficient, not an absolute increase of 10
percentage points. To maintain mass balance, we offset
increases in one coefficient with proportional reductions
across others within the same process. Furthermore, we con-
strained adjusted coefficients to lie between 0 and 1, ensur-
ing mathematical consistency. A complete overview of the
policy levers is provided in Supplementary Information SI1
Section G.

4.3 Uncertainty characterization and data
collection

In Stage 3, we designed an Excel-based survey to elicit plau-
sible uncertainty bounds for the external factors. Following
the procedures in Supplementary Information SI1 Section
A, the survey ensured expert responses adhered to the sum-
to-one constraint of transfer coefficients from the outset. It
comprised 117 questions grouped into 43 MFA processes,
asking participants to specify the lowest and highest plau-
sible values for transfer coefficients under the business-as-
usual case. Due to the limited availability of plastic pollution
experts during this research, the survey was conducted with
a single methodologically knowledgeable expert. This was
acceptable for demonstrating the approach but not sufficient
for policy-oriented analysis, which should involve a broader
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and context-dependent range of domain experts. Although
data on external factors were available from the original
model (Schwarz et al., 2023) and a similar study focused on
the Netherlands (Quik et al., 2024), we deliberately with-
held this information from the expert due to their frequent
reliance on single measurements, proxies, and assumptions.
Still, approximately 74% of the elicited bounds encompassed
the original values used by Schwarz et al. (2023). The sur-
vey response is provided in Supplementary Information SI1
Section H.

4.4 Robustness evaluation and vulnerability
analysis

In Stage 4, we used two-blocked Gibbs sampling to generate
near-uniform samples within the bounds of the 136 exter-
nal factors. The number of external factors is smaller than
the number of survey questions because some factors recur
in different parts of the system and were therefore elicited
only once, as described earlier. To address the computational
demands posed by running the full Schwarz et al. (2023)
model, we limited the sample size to 500 scenarios. We then
applied each of the nine policy alternatives to the scenarios,
producing 4500 experiments. We determined policy perfor-
mance in each experiment and quantified policy robustness
according to the preselected metrics. Subsequently, we com-
puted Spearman’s rank correlation coefficients to explore
the relationship between external factors and policy perfor-
mance, applying a t-distribution significance test (a0 = 0.05)
to exclude correlations likely due to chance. To ensure
stability, we repeated the sampling and analysis twice and
quantified agreement between runs using the intraclass cor-
relation coefficient (ICC), following the guidelines of Koo
and Li (2016). The results of this agreement test are included
in Supplementary Information SI1 Section I.

4.5 lllustration and interpretation

In Stage 5, we visualized the results of the first model run in
terms of policy performance, robustness, and vulnerability.
As stressed earlier, these results should not be interpreted as
guidance for plastic pollution policy, but rather as an illustra-
tion of how the proposed framework can be applied, visual-
ized, and interpreted.

Figure 3 illustrates policy performance with respect to
reducing environmental microplastic emissions (Fig. 3a) and
increasing secondary material production (Fig. 3b). The dots
represent different scenarios, and a few lines are shown to
indicate that policies were evaluated across the same set of
scenarios. Lower scores indicate better outcomes in Fig. 3a
but worse outcomes in Fig. 3b. Both plots show a wide
range of plausible outcomes: approximately 10—130 tonnes
for microplastic emissions and 50-550 tonnes for secondary
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Fig. 3 Policy performance across scenarios in terms of a cumulative
environmental microplastic emissions and b cumulative secondary
material production, related to consumer PET bottles in the Neth-

material production. Distinct skew patterns are also evident:
for example, microplastic emissions are more dispersed
in the undesirable range than in the desirable range. The
figure also enables preliminary policy comparisons. For
instance, the Return policy, featuring deposit-refund incen-
tives, achieves the best best-case outcome for microplas-
tic emissions. Conversely, the Reduce policy produces the
best worst-case outcome for microplastic emissions but the
worst best-case outcome for secondary material production.
This trade-off is expected, as reduced consumption limits
the material available for recycling. The substantial over-
lap in policy outcomes reflects our use of broad uncertainty
bounds, which aligns with the study’s aim to assess robust-
ness across diverse conditions.

Figure 4 presents policy robustness with respect to micro-
plastic emissions (Fig. 4a) and secondary material produc-
tion (Fig. 4b). Lower scores indicate greater robustness
in Fig. 4a but lesser robustness in Fig. 4b. The ICC test
indicated good to excellent agreement between robustness
scores across the two model runs, but only after min—max
normalization (Supplementary Information SI1 Section I).
In other words, the relative robustness of policies remained
consistent between two runs, whereas their absolute scores
were unstable at a sample size of 500 scenarios.

The intersecting lines highlight trade-offs between poli-
cies related to the choice of robustness metric. For micro-
plastic emissions, the Return policy achieved the lowest
failure rate but exhibited a more severe worst-case outcome
than Reduce, indicating that Reduce may be more risk-
averse despite its higher failure rate. For secondary material

b secondary material
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erlands from 2025 to 2030. The Python script used to generate this
figure is provided on https://github.com/nweijenb2001/emfma/blob/
main/main.py

production, Return was consistently the most robust across
all metrics, while Reduce was the least robust. This pattern
arises because lower PET consumption directly reduces the
volume of end-of-life material available for recycling. The
Capture policy, focusing on recovery at recycling plants,
demonstrated moderate robustness for both policy objec-
tives. In contrast, the Extract policy, targeting landfill
recovery, achieved moderate robustness for microplastics
emissions but ranked among the least robust for secondary
material production. This is explained by the relatively small
PET flow to landfills.

Figure 5a, b depict statistically significant vulnerabilities
in the material flow system for environmental microplastic
emissions and secondary material production, respectively.
Insignificant correlations are shown in gray, appearing
visually similar to non-correlations. The ICC test indicated
good to excellent agreement between vulnerability scores
across the two model runs. As vulnerabilities were largely
independent of policies, only the business-as-usual case is
presented, depicting the worst-case scenario for each perfor-
mance metric in 2025. Environmental flows beyond human
control, including transport processes such as water trans-
port, burial or sedimentation, are omitted to improve the
clarity of the figure. In the diagrams, red indicates outflows
where transfer coefficients improve performance when large,
while blue indicates outflows where larger values worsen
outcomes.

The results indicate that the uncertainty in the share
of deposited PET bottles strongly influences perfor-
mance. Additionally, the proportions of plastic recycled,
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Fig.4 Policy robustness across robustness metrics for the policy
objectives of a reducing environmental microplastic emissions and b
increasing secondary material production, related to consumer PET

incinerated, and lost during packaging recycling are key
vulnerabilities, particularly for secondary material pro-
duction. Additional significant vulnerabilities specific to
microplastic emissions include: (1) the location of PET
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bottles in the Netherlands from 2025 to 2030. The Python script used
to generate this figure is provided on https://github.com/nweijenb20
01/emfma/blob/main/main.py

bottle consumption, (2) aerial emissions from on-the-go
use, (3) dispersion from indoor air, (4) the application of
large-scale, PET-contaminated compost to agricultural
soil, (5) uncollected mixed waste entering surface waters,


https://github.com/nweijenb2001/emfma/blob/main/main.py
https://github.com/nweijenb2001/emfma/blob/main/main.py

Journal of Industrial Ecology

a
Deposit refund scheme Incineration
Elimination
Consumer bottles on-the-go Packaging recycling p
: Second. material —Incineration (MP)
Consumer bottles on-the-go non-deposit :
i i ) Elimination (MP
Consumer bottles L!tter (roa.ds) . Roadiside Mixed waste collected 4 (MP)
Litter (residential) - A . Sanitary landfill
Consumer bottles atL,l]tgﬁ{e(nature) Mixed waste collection Riadential sl Subsurface (MP) Sanitary landfill (MP)
. Secondary WWT (MP
Packaging Consumer bottles at home non-deposit Not collected WWT (MP) ' S?udge (MP) =Sludge collection (MP)
Packaging collection Tertiary WWT (MP)
Packaging collected Industry water (MP) Surface water (MP)
ackaging collecte Secondary WWT lvr&lat?d \éva(ﬁ;)(MP)
i WWT etlan
Dumping Tertiary WWT —Sludge —Sludge collection
Compost collection (small) Surface water Inland water
—Compost collection (large) Storm water S p—— Wetland
Natural soil égricﬁltugal 5;|,§| Outdoor air (MP) iesidelntiallsoill(MMP’z
. - rassland soi ricultural soi
Floors (MP) Waste water (MP) Bare soil : Indoor air (MP) —Human (lungs) Ggrassland e (I‘SlP) )
Forest soil Air precipitation (MP) Bare soil (MP)
Steppe soil —Forest soil (MP)
Steppe soil (MP)
Spearman's rank correlation coefficient
EE T
-1.00 0 1.00
b
Deposit refund scheme Incineration
Elimination
Consumer bottles on-the-go
= i Incineration (MP)
Consumer bottles on-the-go non-deposit Second. material o
Consumer bottles Litter (roads) —Road side 5 Elimination (MP)
5 2 2 Mixed waste collected A o
Litter ((re5|den)t|al) PGl Sanitary landfill
Litter (nature Mixed waste collection esidential soi —Subsurf MP .
Consumer bottles at home Geokiaiy V:/J\A/S'Il'j(l‘:? (MP) Sanitary landfill (MP)
Packaging Consumer bottles at home non-deposit ~Not collected WWT (MP) S?udge (MP) =Sludge collection (MP)

Packaging collection
Packaging collected

Dumping

Compost collection (small)
Compost collection (large) 5
~Naturalsoil  _gorueland sl
Waste water (MP) ggﬁgsslgnd soil
Forest soil
Steppe soil

—Floors (MP)

Spearman's rank

|
-1.00

Fig.5 Policy vulnerability in the business-as-usual case, depicted
under the worst-case scenario, for the policy objectives of a reduc-
ing environmental microplastic emissions and b increasing secondary
material production, related to consumer PET bottles in the Neth-

and (6) direct incineration of collected packaging. These
robustness controls highlight critical areas where improved
data quality could reduce uncertainty and enhance the reli-
ability of policy decisions. However, they do not neces-
sarily represent leverage points for intervention, because
system components that appear low-impact under cur-
rent variability ranges may still become highly influential
under policy-driven changes that move parameters outside
those ranges.
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erlands from 2025 to 2030. The Python script used to generate this
figure is provided on https://github.com/nweijenb2001/emfma/blob/
main/main.py

5 Discussion

The case study illustrated how applying EMA to MFA
introduces a distinct conceptual orientation compared to
conventional approaches to uncertainty analysis in MFA.
The focus shifts to identifying policies that perform reli-
ably across diverse conditions and despite uncertainty
instead of identifying the most probable outcomes (Abbasi
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et al., 2023) or reducing uncertainty (Dong et al., 2023).
This shift can support more precautionary and robust
decision-making when probabilities are poorly understood.
Despite their conceptual differences, the two approaches
remain methodologically similar. As in several probabilis-
tic MFA studies, we used expert elicitation for uncertainty
characterization (Dong et al., 2023; Mathieux & Brissaud,
2010; Montangero & Belevi, 2007) and applied a form
of Markov Chain Monte Carlo sampling for uncertainty
propagation (Gottschalk et al., 2010; Lupton & Allwood,
2018). We also conducted sensitivity analysis using Spear-
man’s rank correlation coefficient, following Cao et al.
(2018) and Wiedenhofer et al. (2019), to identify robust-
ness controls within the system.

One distinguishing feature of our framework is its use
of diverse robustness metrics derived from descriptive sta-
tistics of model experiments. While scientific advice often
aims for definitive conclusions, multiple perspectives are
needed for objective, science-based policymaking (Bschir
& Lohse, 2024; Cimorelli & Stahl, 2005; Stirling, 2010).
This approach contrasts with probabilistic MFA studies that
often report means and standard deviations, implying a cer-
tain level of confidence around central estimates (Abbasi
et al., 2023; Chen et al., 2023; Kawecki & Nowack, 2019).
Under conditions of data scarcity or expert judgement, such
confidence may be misleading, as the choice of probability
distribution is almost arbitrary (Clavreul et al., 2013) and
standard deviations may fail to capture the spread of skewed
distributions.

Our study also highlights several practical benefits of
combining EMA and MFA. First, it reduces dependence on
highly precise input values by relying on plausible uncer-
tainty bounds that do not need to be narrowly defined. This
tolerance for imprecision lowers participation barriers in
elicitation, particularly for stakeholders who may be unwill-
ing or unable to provide exact estimates due to confidential-
ity concerns or limited knowledge. Second, applying poli-
cies to the same set of scenarios enables direct performance
comparisons. Even when policies exhibit similar outcome
distributions, grouping results by scenario can reveal con-
sistent relative differences, as observed in the horizontal
lines of Fig. 3. Finally, the framework’s use of mass-balance-
constrained elicitation, combined with two-blocked Gibbs
sampling, avoids the need for truncation, normalization of
uncertainty distributions (Kawecki & Nowack, 2019), or
least-squares fitting of expert judgments (Dong et al., 2023),
thereby preserving the integrity of expert judgment.

Nevertheless, combining EMA and MFA has several
limitations. First, the applicability of the framework is con-
strained by the scale of the MFA model. As the number of
processes and parameters increases, the elicitation becomes
increasingly time-demanding, which can substantially
reduce expert participation. In this study, the 117 survey
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questions already approached the limits of practical feasi-
bility, with contacted experts citing the considerable time
burden as the primary reason for non-participation. In addi-
tion, the computational burden associated with large-scale
models restricts the number of samples that can be feasi-
bly generated and evaluated, further limiting the depth of
uncertainty exploration. However, it is important to note that
many MFA studies operate at smaller scales, involving fewer
than 10 processes, which makes the approach more manage-
able (Allesch & Brunner, 2015). Secondly, the framework
does not account for uncertainty in policy levers or second-
ary policy effects unless explicitly modeled. For example,
it does not capture uncertainty in the magnitude of policy
effects, such as the extent to which filter installation at a
recycling facility would reduce microplastic release under
the Capture policy. It also does not model indirect effects,
such as how improved filtration might indirectly alter the
amount of plastic sent for recycling. Finally, the reliance on
Spearman’s rank correlation restricts the detection of higher-
order interactions among uncertainties, limiting the identifi-
cation of robustness controls (Cao et al., 2018; Wiedenhofer
et al., 2019).

Various strategies could be employed to address these
limitations. For example, the time burden of elicitation
can be reduced through an iterative approach in which the
analyst defines intentionally wide uncertainty ranges for all
external factors and experts are engaged only to refine the
ranges of the robustness controls (Fig. 2). Alternatively, Al-
based tools may offer potential to support the elicitation pro-
cess by suggesting initial uncertainty ranges. However, their
reliability is likely to depend on the specific MFA domain.
Second, the computational burden could be addressed by
investigating more efficient sampling strategies that preserve
the sum-to-one constraint of transfer coefficients without
distorting uncertainty bounds. Third, uncertainty in policy
levers can be explicitly incorporated by introducing noise
factors or varying lever values, while secondary policy
effects can be explicitly discussed and modeled. Finally, iso-
metric log-ratio transformations could be applied to decor-
relate transfer coefficients, thereby enabling variance-based
sensitivity analysis and the detection of higher-order inter-
actions (Filzmoser et al., 2010). These examples illustrate
potential directions for improving the current framework, but
alternative approaches may also be possible.

Overall, combining EMA with MFA appears particu-
larly well suited for policy analysis under conditions of data
scarcity or deep uncertainty, provided that the model scope
remains sufficiently limited to keep both elicitation and
computation feasible. When sufficient data is available to
construct empirical probability distributions, probabilistic
approaches may be more appropriate. Similarly, if policy-
makers are primarily interested in estimating most likely
outcomes rather than ensuring robustness across a wide
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range of conditions, probabilistic MFA may be the preferred
option.

6 Conclusion and future work

The exploratory material flow modeling and analysis frame-
work developed in this study presents a novel approach to
policy evaluation in MFA under conditions of deep uncer-
tainty, which is characterized by limited information on
probability distributions and a lack of consensus regarding
system boundaries, model structures, and evaluation criteria.
Unlike probabilistic MFA, which aims to identify the best
policy under probable conditions, our framework focuses
on identifying the most robust policy under plausible con-
ditions by stress-testing policies across a broad spectrum
of scenarios and value systems. The pilot demonstration of
the framework showed the effectiveness of the procedures
in generating nuanced policy insights that do not over-
state the available knowledge nor risk overlooking critical
vulnerabilities.

Several aspects of the framework could not be fully tested
due to limited expert involvement and the computational
burden associated with the large-scale MFA model used in
this study. Future research could strengthen the framework
by exploring strategies to reduce both computational and
elicitation demands, incorporating policy uncertainty and
secondary policy effects, and exploring methods capable of
capturing higher-order interactions in vulnerability analysis.
Additional validation of the framework’s practical usefulness
would benefit from case studies involving deeper stakeholder
engagement, the inclusion of material imports and model
relationships as sources of uncertainty, and more rigorous
quantification of policy levers to improve the robustness of
the analysis. Future work could also investigate policy syner-
gies through the combined evaluation of multiple interven-
tions rather than isolated policy measures. Finally, integra-
tion of the framework with existing modeling platforms such
as the DPMFA package (Kawecki et al., 2021) or the EMA
Workbench (Kwakkel, 2017) could support more systematic
application in practice.

7 Summary:

Supplementary Information SI1: This supporting
information provides (1) additional detail for the methods
used in the manuscript and (2) supplementary data
for the case study. We describe our novel elicitation
procedure for transfer coefficients that accounts for mass-
balance constraints, contrast it with the need for post hoc
adjustments, and introduce our uncertainty propagation
method for preserving elicited uncertainty bounds. We

also discuss vulnerability analysis methods considering
the mathematical characteristics of MFA models. For the
case study, we describe the robustness metrics, modelling
simplifications, policy levers, elicitation results, and
sensitivity analysis results.

GitHub (https://github.com/nweijenb2001/emfma): This
Supporting Information provides (1) Python scripts
facilitating the explanation of methods described in
Supplementary Information SI1, (2) Excel and CSV files
containing case study data and demonstrating the elicitation
of uncertainty bounds, (3) Python scripts and modules
used to run the case study, and (4) model results and
visualizations.
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