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Achieving a circular economy requires not only quantifying material stocks and flows but also understanding the
dynamic processes that shape them over time. While Material Flow Analysis (MFA) is widely used to track
physical stocks and flows, MFA has limited capacity to represent behavioral feedback, endogenous system re-
sponses, and temporal delays. System Dynamics (SD), by contrast, is well suited to capturing feedback structures
and non-linear system behavior, but it does not inherently enforce mass conservation. Despite these fundamental
differences, the two approaches are often applied without a clear conceptual distinction. Here, we compare and
integrate MFA and SD to develop a modelling framework that is both mass balanced and feedback driven. Using
three simplified models (MFA, SD, and integrated SD-MFA), we demonstrate that the integrated approach can
simultaneously preserve mass balance and represent causal relationships, feedback loops, and time delays. The
combined framework offers a more robust basis for analyzing circular economy transitions, enabling the
assessment of not only how materials flow through systems, but also how socio-technical dynamics influence
those flows over time.

1. Introduction recycling, and recovering materials throughout the product lifecycle,

aiming to decouple economic growth from environmental degradation

Advancing sustainable development requires innovative strategies,
among which the Circular Economy (CE) has emerged as a trans-
formative model (Saidani et al., 2019). The United Nations Industrial
Development Organization (2025), for instance, has documented 99
published national CE policy frameworks and 4319 individual policy
actions. The proliferation of these regulatory frameworks creates a
direct need for quantitative and dynamic modelling tools capable of
evaluating transition pathways towards a CE and their implications for
material systems. CE goes beyond waste reduction, promoting the design
of products and systems that enable recovery and reintegration of ma-
terials into the economy, provided that such processes remain viable
across environmental, technical, social, and economic dimensions
(Millward-Hopkins et al., 2018). It emphasizes reducing, reusing,

and resource depletion (Linder et al., 2017; Zhang et al., 2024). How-
ever, the impacts and challenges of the CE are multi-dimensional, sys-
temic and inherently complex (lacovidou et al., 2021). Fragmented
interventions may therefore generate unintended consequences,
including rebound effects arising from feedback loops, time delays, and
interactions across multiple parts of the system (Abdoli et al., 2019).
Effective implementation of CE strategies consequently requires a
systems-level understanding that focuses on the relationships and in-
teractions among system elements rather than examining them in
isolation.

Material Flow Analysis (MFA) offers a basis for understanding the
material stocks and flows within defined systems, grounded in mass
balance principles (Baccini and Brunner, 2012; Brunner and Rechberger,
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2016). It is a widely accepted and well-used tool in the discipline of
industrial ecology (Islam and Huda, 2019) and is essential to quantify
and communicate the material limits to circularity (Zanon-Zotin et al.,
2026). For example, it has been used to quantify the constraints on
potential future steel recycling due to copper contamination (Daehn
et al.,, 2017) and plastic recycling due to the challenges of secondary
material use (Klotz et al., 2023). While this physical basis is essential,
successful implementation of CE strategies and effective policies re-
quires understanding the underlying causal relationships that determine
how material flows respond to changes in demand, policy interventions
and investment decisions (Miiller, 2006). System Dynamics (SD) can
provide such insights by modelling the structure of complex systems
through material and information feedback formed around stocks,
flows, and auxiliary variables (Forrester, 2017), capabilities that MFA
alone cannot provide. Notwithstanding their respective strengths, both
methods have fundamental limitations when applied in isolation. MFA,
whilst physically rigorous, relies on externally defined flow paths and
cannot capture how a material system adapts internally to policy in-
terventions, economic signals or social decisions. SD, whilst capable of
depicting complex feedback and non-linear dynamics, does not inher-
ently guarantee mass conservation: material flows may result from
behavioural rules that ignore the availability of upstream stocks, leading
to physically possible but nonsensical trajectories, which Coyle (2000)
described as ‘ghost accumulation’. These complementary limitations
motivate this work to consider their integrations.

Among the various approaches that have been combined with MFA
to represent socio-economic drivers, including economically extended
MFA (Kytzia et al., 2020) and broader social science modelling frame-
works (Binder, 2007), SD has attracted particular attention for its ability
to represent feedback dynamics, temporal delays and non-linear system
responses (Forrester, 1994; Sterman, 2000), capabilities which Binder
(2007) identifies as a key advantage in material flow modelling.
Several studies have attempted to couple MFA and SD to describe the
dynamic behavior of material systems, however, existing research has
predominantly focused on application-specific implementations rather
than on the fundamental structural construction of System Dynamics
models themselves. Pfaff et al. (2018) attempted to combine MFA and
SD by examining the dynamic interactions between mineral supply and
demand. More recent applications include Zhang et al. (2024), who
analyzed the impact of technological innovation on concrete systems,
and Teseletso and Adachi (2022), who investigated the supply-demand
balance for copper and iron using a coupled MFA-SD model. In the
context of the CE, Guzzo et al. (2022) combined both methods to support
transition efforts toward a CE. However, a review of these coupling ef-
forts suggests that the conceptual relationship between MFA and SD is
often not explicitly articulated, with most studies emphasizing
application-specific implementations rather than clarifying how mass
balance is maintained within structural boundaries (see Baars et al.,
2022; Choi et al., 2016; Pfaff et al., 2018).

To address this gap, we first clarify the conceptual differences be-
tween MFA and SD and explore the main sources that distinguish the
two methodologies. We then compare three different models: (i) MFA,
(ii) SD, and (iii) integrated SD-MFA to represent an industrial flow case.
The results of this research show that MFA and SD are structurally
complementary: MFA provides the laws of mass conservation, whilst SD
provides behavioural mechanisms endogenously. The integration of
these two approaches resolves the fundamental tension between phys-
ical consistency and realistic systems behaviour, which neither method
can resolve on its own. We demonstrate that integrating the two allows
for a more cohesive representation of physical consistency, dynamic
feedback, and time delays, thereby providing a stronger analytical
foundation for understanding and supporting the transition to a CE.

2. Concept review

MFA and SD are two distinct methodologies, yet they possess the
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capacity to complement each other in the comprehension of intricate
systems. We conduct a comparative analysis of these two methodolo-
gies, focusing on five aspects: roots, principles, objectives, time repre-
sentation, and scope. Collectively, these dimensions capture the
following: (i) the theoretical foundations (roots and principles), (ii) the
analytical intention (objectives), and (iii) the modelling implementation
implications (time representation and scope/boundary definition).
Collectively, these aspects encapsulate not only the functionality of each
method, but also the underlying rationale of its design and the mecha-
nisms that generate insights. Fig. 1 offers a visual representation of the
fundamental conceptual distinctions between MFA and SD.

Origin: MFA is rooted in industrial ecology, offering a systematic
framework for the analysis of material flows and the assurance of mass
balance. This method is widely used to systematically monitor the flow
and stock of materials through the economy and identify areas where
action is most needed. Conversely, SD, developed by Forrester (1994), is
rooted in systems thinking and control theory (Richardson, 1991;
Sterman, 2000). SD integrates qualitative mapping of system elements,
causal relationships and flow directions (including feedback loops)
alongside quantitative modeling to examine how system structures and
parameters influence system behavior over time (Morecroft, 2015;
Sterman, 2000).

Principle: According to Schwab and Rechberger (2018) and Laner
and Rechberger (2016), MFA primarily emphasizes data quality and
mass balance. MFA treats materials as entities that can be measured and
tracked across predetermined system boundaries (Graedel, 2019).
Accordingly, a core principle of MFA is systematic and comprehensive
quantification of pertinent material flows and stocks. Another key
principle is internal consistency, requiring that all flows within the
system comply with the law of mass conservation. Conversely, SD fo-
cuses on elucidating how system structures influence dynamic behavior,
including the effects of feedback loops, time delays and unanticipated
consequences, such as rebound effects (Gonella and de Gooyert, 2024;
Laner and Rechberger, 2016). As such, SD principles are the interactions
between variables and the ways in which these interactions shape
long-term behavior over time.

Aim: The fundamental aims of these two approaches lie in their
respective focal points. The primary aim of MFA is to track the physical
movement and accumulation of materials, revealing inefficiencies and
dominant flows within material systems. It has been widely applied to
measure material cycles at various scales and material types, including
metals (e.g., copper, zinc, iron, and aluminum), plastics, construction
minerals, fibers, and agricultural products, at regional, national, and
global levels (Graedel, 2019). The field of SD, in contrast, focuses on the
interactions between factors, feedback loops, and delays that drive
system behavior. It has been applied to model such nonlinear dynamics
that shape long-term trajectories across a range of complex systems,
including energy and climate policy, supply chains, healthcare, and
sustainability transitions (Sterman, 2018). This perspective is particu-
larly valuable in the context of CE transitions, where interventions often
produce unintended consequences (Metic et al., 2024).

Scope: As noted above, the scope of MFA includes only physical
flows and stocks of materials, typically bound at a predetermined global,
national or regional level (Bringezu et al., 2003). In contrast, SD en-
compasses broader economic, technological, and social dimensions
(Chen et al., 2024; Gao et al., 2020). The primary scope of SD extends
beyond physical flows to include how non-physical aspects (e.g., policy,
technological innovation and socio-economic) form an interconnected
structure that generates non-linear behavior.

2.1. Comparison of similar terminologies

Several terms, such as “dynamic”, “stocks”, and “flows”, are used in
both MFA and SD (Choi et al., 2016) but their meanings and applications
are different in each context. This section, therefore, aims to clarify such
terms to ensure conceptual accuracy in each methodology. Establishing
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Fig. 1. Concept clarification between MFA and SD. (1) Origins - MFA: derived from industrial ecology; SD: derived from systems science and engineering, where
system behavior is governed by feedback control structures; (2) Principle - MFA: the mass balance principle, which requires that all materials entering the system be
accounted for as stock accumulation or outflow; SD: the feedback principle, in which stocks influence their own rate of change through causal loops; (3) Aim - MFA:
quantifying physical material flows from extraction, use, to the end of life; SD: capturing the interactions behaviors among system variables; (4) Scope - MFA:
physical materials tracked within defined system boundaries; SD: physical and non-physical materials (e.g. social and economic behaviors, policy).

such clarity is essential for the consistent use of terminology and, ulti-
mately, for enabling effective model integration.

Dynamic: The term "dynamic" is used in both MFA and SD, yet it
embodies different meanings. In Dynamic MFA (DMFA), the term "dy-
namic" is used to denote the temporal evolution of material stocks and
flows. It captures how material inflows, accumulation, and outflows
change over time (Deng et al., 2023). For instance, simulate stock
accumulation and changes in inflows and outflows generated to main-
tain, expand, or replace stocks based on mineral stock accumulation (Liu
et al., 2022). This enables researchers to estimate, for example, future
waste availability or evaluate the impact of recycling policies (Streeck
et al., 2023).

On the other hand, within SD frameworks, the term "dynamic" sig-
nifies the behavior of a system that is subject to influence by internal
feedback, nonlinearity, and time delays (Wang et al., 2022; Xinfeng
et al., 2023). The SD paradigm not only tracks quantities but also pri-
oritizes understanding the interplay among system components and
environments, considering aspects such as technology adoption, market
reactions, regulatory changes, and user behavior. This interplay is
sometimes non-intuitive (Mutingi, 2014). The modeling process uses
cause-and-effect diagrams and stock-and-flow structures to simulate
long-term system trajectories and evaluate the outcomes of various
policy or behavioral interventions.

Systems: MFA delineates “systems” in concrete, geographical, and
process-based terms. For example, the system might represent a specific
facility, an industrial sector at a global scale or a defined set of materials
or products within a specific region. In each case, the system is defined
as a collection of physical components (or processes), the material flows
that connect them, and clear spatial-temporal boundaries that often
align with administrative regions to facilitate data access and policy
relevance (Brunner and Rechberger, 2016). In this context, a system can

be classified as open or closed depending on whether it exchanges ma-
terial with its environment.

Conversely, in SD, “systems” predominantly emphasize interacting
structures and behaviors, such as stocks, flows, feedback loops, and
delays, which generate dynamic patterns over time (Forrester, 1994;
Sterman, 2000). In this paradigm, systems are defined by the feedback
loops and accumulations that drive behavior, with boundaries set by
causal relevance. Accordingly, whereas MFA systems are based on
measurable physical realities, SD systems capture causal structures and
behaviors, enabling exploration of how system dynamics evolve over
time.

Stock: In the context of MFA, “stock” is defined as the physical
accumulation of materials within a defined system at a specific point in
time (Miiller et al., 2014). This can be expressed as stock at facilities (the
accumulation of materials at production, distribution, or waste man-
agement sites), or as in-use stock (the materials embedded in products
and infrastructure currently serving societal functions).

The concept of “stock” in SD extends that used in MFA, making it
more abstract and system oriented. More specifically, stock is defined as
the accumulated state variables that undergo temporal changes in
response to inflows and outflows (Ruth and Davidsdottir, 2008). For
example, variables such as desired capacity or expected demand can be
represented as stocks, as they evolve gradually over time without rep-
resenting physical material accumulation. Mathematically, the stock are
treated as a state variable whose dynamics are commonly governed by
differential equations, which may or may not be autonomous or coupled
with other state variables.

Flow: The term "flow" in the context of MFA refers to the physical
movement of materials into, through, and out of a system, such as
production, imports, recycling, and disposal (Miiller et al., 2014). This
movement is typically expressed in units of mass per time (e.g., tons per
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year). In SD, “flows” refers more generally to the rate of change that
alters existing stocks. It is driven not only by external inputs but also by
the system's internal dynamics (Sterman, 1984).

2.2. Potential benefits of integrating MFA and SD

Building on the methodological distinctions outlined above, inte-
grating MFA and SD helps address limitations that arise when physical
accounting and dynamic system behavior are treated separately. Such
integration enables a unified representation of CE transitions, in which
material stocks and flows remain physically consistent while system
behavior evolves endogenously over time.

Ensuring system behavior consistent to mass balance: every
stock-flow relationship is governed by the mass balance principle, a
tenet that is repeatedly emphasized in the literature (Brunner and
Rechberger, 2016; Cullen and Cooper, 2022). SD offers more flexi-
bility in representing complex dynamics and feedback loops, but it
places the entire responsibility for mass conservation on the model
designer. Without explicit constraints or systematic tracking of all in-
flows and outflows, SD models can suffer from inconsistencies or ‘ghost
accumulation’ when flows are omitted or inaccurately represented. As
Coyle (2000) posits, oversimplification in SD modelling has often led to
such failures. In theory, mass balance can be enforced for each indi-
vidual flow, for example, by adding constraints at each node. It is not
guaranteed by the method itself, however, and this piecemeal approach
can lead to inconsistencies.

In this respect, integrating MFA with SD has clear advantages. MFA
systematically ensures that all material flows and stocks adhere to the
principle of mass conservation, and SD provides the capability to explore
dynamic behaviors, feedback and policy impacts over time. Previous
integration efforts used MFA for static baseline measurements, which
were subsequently used as constraints SD for scenario exploration (see
Choi et al., 2016)). We propose a stronger integration in which MFA
principles are directly integrated into the SD stock-flow structure,
ensuring that each simulation step complies with conservation laws.

Understanding socio-economic drivers in circular economy
transition: The transition to a circular economy is shaped not only by
material availability but also by investment decisions, technological
development, market conditions, and regulatory interventions. These
factors often interact through feedback mechanisms and adjustment lags
that influence system performance. SD modeling complements MFA by
explicitly representing these endogenous drivers and their interactions.
Consequently, integrating these two approaches enables an analysis of
material systems that considers not only physical resource availability
but also the behavioral and organizational processes determining how
those resources are utilized over time.

Modeling time and dynamic aspects of policy intervention in
circular economy: The transition to a circular economy necessitates an
evaluation of policies and strategies whose impacts will only become
apparent over the long term. Although MFA can technically represent
flows associated with the circular economy, such as repair or reuse, MFA
studies typically treat the in use phase as an aggregate black box.
Consequently, the internal circulation of materials through circular
economy pathways remains invisible, not due to technical limitations,
but because of the most common choice of system boundaries made in
practice. Further, while MFA can quantify the changes in physical stocks
and flows, it cannot explore the socio-technical, or behavioral drivers
that produce these changes. SD, in contrast, explicitly considers time-
dependent behavior and the impact of policy interventions on the
evolving use and circulation of materials over time. Integrating MFA and
SD enables a simultaneous assessment of physical material circulation
and dynamic system responses, thereby providing a more comprehen-
sive basis for evaluating recycling strategies, resource recovery systems,
product life extension, and various other circular economy initiatives.
This integrated perspective assists decision-makers in assessing not only
whether the level of circularity is increasing, but also whether such an
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increase remains physically achievable and sustainable in the longterm.
3. Model integration

In this section, we demonstrate the integration of MFA and SD using
a simplified case. The main objective is to describe the key modeling
principles necessary to achieve a coherent and mass-balanced dynamic
representation of material systems. To implement an integrated model,
we consider common material cycles and propose a set of guiding
principles for integrating MFA and SD in a consistent and transparent
manner.

3.1. Principles for integrating MFA and SD

3.1.1. System definition alignment

In this study, system definition is aligned by explicitly distinguishing
between a physical accounting layer and an endogenous decision layer.
Material stocks and flows are defined following MFA principles,
ensuring that all life cycle stages (e.g., production, use, recycling, and
disposal) are represented in consistent physical units. SD is used to
model endogenous decision-making processes, including capacity
expansion and investment, which exert an influence on material life
cycles.

To integrate the two, we define a system boundary that includes: (i) a
sub-system I (physical stocks and flows) constrained by mass balance;
and (ii) sub-system II (model boundary; e.g., demand, prices, profits,
investment, capacity) that evolves through feedback (Fig. 2). This
modeling structure is explicitly defined: material stocks are treated as
the only “state variables” maintained in the physical layer, while socio-
economic variables are introduced only as auxiliary states that can in-
fluence processing rates (flows) but are not allowed to create or destroy
material directly. This set of system boundaries resolves the structural
incompatibility between the purely physical definition of MFA and the
behavior-based definition of SD. The SD sub-system is included within
the system boundary but only interacts with the MFA sub-system
through flow terms that transfer material between physically defined
stocks.

3.1.2. System constraints and causal relationship

In MFA, externally imposed assumptions drive change, rather than
modelling the internal mechanisms that cause those changes. Con-
straints are physical (stock availability), and capacity is often implicit
unless explicitly parameterized. In SD, causality is internal: flows are a
function of endogenous variables connected through feedback loops,
and constraints often enter through decision rules, adjustment delays,
and saturation nonlinearities. This difference creates the first integration
challenge: if SD generates high endogenous recycling throughput, it may
do so without respecting the physical availability of waste materials
unless the modeler explicitly constrains it.

In the integrated SD-MFA model, each material flow is governed by
two simultaneous constraints: physical availability and processing ca-
pacity. Physical availability is determined by the material stock that is
present in the system and becomes available for processing over time,
consistent with mass balance. In this model, processing capacity evolves
endogenously through SD feedback mechanisms such as demand, in-
vestment, and capacity expansion. Processing capacity is represented in
the SD layer as a decision-driven variable and is not subject to mass
balance constraints. Material flows are therefore realized only when
both sufficient material stock and adequate processing capacity are
available. The modelling choice to represent processing capacity within
the SD layer reflects an assumption that economic and policy decisions
constrain processing capacity, rather than material flows. Formally,
processing capacity is defined as the maximum throughput of material
transformation node (ton/year). In this study recycling capacity Cr(t) is
modeled as capacity stock that evolves endogenuously through invest-
ment and depreciation processess represented as stock variables. Recy-
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Fig. 2. SD-MFA systems boundary for this analysis. Schematic of the MFA system, SD system, and their integration in this analysis, showing system boundaries and
interactions between subsystems. Grey arrows represent material flows, brown arrows represent SD causal relationships, and blue arrows represent interactions
between SD and MFA. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.)

cling capacity is governed by Equation (1).

dCre _
dt - grec (t) - 5"65 CVCC (t)

(Eq.- 1)

Where (.. represents investment in recycling, &.. is depreciation in
recycling and Cy. represents the installed recycling capacity at time t =
0. The capacity-investment decision {,, (t) is modeled as a feedback-
triggered response to perceived capacity gaps, introducing delays and
nonlinear behavior that are central to SD analysis.

3.1.3. Mass balance conservation as a structural constraint

In MFA, mass balance is enforced through an explicit stock accu-
mulation equation, in which the change in the amount of each material
is strictly defined as the difference between the amount entering and
leaving the system. This conservation relationship is a structural identity
and must hold at all times. In contrast, SD stock-flow formulations do not
automatically guarantee mass conservation when stocks represent non-
material quantities, or when flow formulations are driven by behavioral
rules rather than physical inventory. For this reason, the integrated
framework treats MFA-based mass balance equations as hard
constraints.

Therefore, we formulate the integrated model by starting from the
MFA stock accumulation equation for each material stock, then incor-
porating the SD-generated flow formulations into the inflow and outflow
terms. Each material stock is governed by the same conservation form

(inflow subtracted by outflow), and no socio-economic variables are
allowed to modify material stocks directly. Instead, socio-economic
variables can only influence flow terms by changing (i) desired
throughput, (ii) investment rates, and (iii) capacity adjustments. With
this structure, endogenous feedback efforts to promote higher recycling
or fabrication are automatically constrained by upstream availability
and processing capacity, and the model cannot generate physically
impossible trajectories. In short, SD provides behavioral causality for
flows, while MFA provides conservation laws that all flows must obey.

3.1.4. Time representation

The final integration concern is time representation. Most MFA
studies use discrete annual time steps, driven largely by data availability
rather than by the intrinsic mathematical limitations of MFA. Recent
research further confirms that continuous-flow representations can
improve the interpretation of discretised dynamic MFA models (Cencic
and Frithwirth, 2025). The underlying stock accumulation relationships
are continuous and can be formulated as differential equations. Whereas
SD treats time as continuous, thereby facilitating the modeling of
continuous changes and interactions. These differences reflect common
modeling practices. However, if these time representations are mixed
without careful consideration, the model can become inconsistent: de-
lays, dwell times, and capacity adjustments may be represented differ-
ently across layers, making it unclear whether the inconsistency stems
from the method or the implementation.
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To avoid this, we express the MFA accumulation relationship in
continuous time so that the physical layer and the decision layer use the
same time basis. Discrete stock change expressions are represented as
stock change rates, and the lifetime mechanism is implemented as an
explicit delay structure that governs the release of material from used
stock to recycling and disposal. This does not change the conceptual
representation of MFA but provides a continuous-time implementation
that is compatible with SD integration. The advantage is that mass
balance is applied at every simulation time step, while SD feedback and
capacity adjustments can operate consistently on the same timeline. The
conceptual drawing of the integration model proposed in this study is
presented in Fig. 3.

3.2. Quantitative evidence
3.2.1. Model development

Fig. 2 represents a generic industrial system, used here as a mock-up
scenario, with four physical process nodes: primary material production,

Material Flow Analysis
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in-use stock, recycling, and disposal. Three models were developed to
represent this system: an MFA model, an SD model and an integrated SD-
MFA model. These models share a consistent sub-system II (physical
flow), encompassing the same four material process nodes, but their
model boundaries differ by design. The MFA-only model excludes
endogenous drivers (e.g. economic), the SD-only model excludes mass
conservation constraint and the SD-MFA model operates within full in-
tegrated system boundary that enforce both. Fig. 4 presents this SD-MFA
integration model that has been translated into a stock-flow diagram.
The other two models are presented in detail in the supplementary in-
formation (Section S3). These models were designed to demonstrate the
capabilities of each standalone model and the integrated model.

For this mock-up scenario, we do not specify the materials because it
is meant to provide a generic representation. The scenario is modeled in
Vensim Professional 10.4.0, using the following parameters: 100 ton/
year primary input (constant, exogenous); fabrication scrap fraction of
0.25; end-of-life recycling fraction of 0.18 (capacity-constrained);
product lifetime of 10 years (first-order); initial recycling capacity of 20
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Fig. 4. Schematic of the SD-MFA model integration framework developed for this study.

ton/year; and a simulation horizon of 100 years (using 1 year time
steps). A full parameter and variable table information is provided in
supplementary information (SI Table 3). These models were designed to
demonstrate the capabilities of each standalone model and the inte-
grated model. Three models were developed: an MFA model, an SD
model and an integrated SD-MFA model. These models shared consistent
sub-system II (physical flow), encompassing the same four material
process nodes, while their model boundaries differed by design where
MFA model excludes endogenous drivers (e.g. economic), SD model
excludes mass conservation constraint, and the SD-MFA model operates
withins full integrated system boundary that enforce both. Fig. 4 pre-
sents the SD-MFA integration model that has been translated into a
stock-flow diagram. The other two models are presented in detail in the
supplementary information (Section S3).

In this mock-up scenario, the integrated SD-MFA model contains five
state variables in two layers. The subsystem I comprises one capacity
constraint; recycling capacity. The subsystem II comprises four material
flows and stocks: Primary input, Processing, In-use stock, Recycling, and
Disposal. The subsystem II interacts with the subsystem I exclusively
through flow constraint equations: material throughput at each node is
bounded by the minimum of material availability. We provide Equation
(2) as an example for calculating the flow of waste to recycling:

Fywy-_r =MIN (WTM X EOLR_R. RC) (Eq. 2)
Where Fypy_r represent the flow of waste to recycling, Wry is total
waste come to waste management, EOLRR is end-of-life recycling rate
and RC is recycling capacity. Even if investment has expanded recycling
capacity, recycling throughput cannot exceed physically available
waste.

3.2.2. Overview and methodological implication

The three models (SD, MFA and integrated SD-MFA) were simulated
over an identical 100-year horizon to ensure a consistent basis for
methodological comparison. Detailed trajectories of stocks, flows, and
capacities are reported in the Supplementary Information Fig. 5 presents
the comparative results across three modeling approach.

The top panel of Fig. 5 considers the physical consistency of the three
models. The SD model accumulates a steadily increasing mass imbal-
ance, reaching approximately 900 tons by year 100, reflecting the
absence of structural conservation constraints. In contrast, both MFA
and SD-MFA maintain perfect mass conservation throughout the simu-
lation. Therefore, the divergence observed in the top panel does not arise
from differences in satisfying mass balance, as both MFA and SD-MFA
adhere to the conservation principle. Instead, the difference stems
from the additional behavioral constraints introduced by SD-MFA,
which limit the extent to which physically feasible material flows can
actually be realized through endogenous economic processes.

The bottom panel of Fig. 5, the SD model represents endogenous
economic dynamics without physical material constraints. The appli-
cation of mass balance constraints is realized through MFA, where all
material flows adhere to the law of conservation. An integrated SD-MFA
model is then obtained by applying feedback constraints, whereby the
realization of endogenous feedback is further limited by physical ma-
terial availability. This sequential structure allows the contribution of
each modeling principle to be isolated and evaluated independently.

Both the SD and SD-MFA models represent the phenomenon of price-
induced demand rebound, an instance of what Zink and Geyer (2017)
term circular economy rebound, wherein a reduction in production costs
drives market demand (Metic and Pigosso, 2022), investment (Ferrante
et al., 2026), and processing capacity through mutually reinforcing
mechanisms. As production capacity gradually increases over time,
these feedback increase flows until balancing mechanism gradually limit
further growth. The distinction lies in the fact that the SD model allows
this feedback to translate directly into material flows, whereas the
SD-MFA model constrains this realization based on physical material
availability and endogenous processing capacity. Consequently, while
both models exhibit similar behavioral patterns, the output trajectory of
the SD-MFA model consistently remains below that of the SD model. In
contrast, MFA does not represent endogenous demand responses or
economic feedback. Material flows evolve solely based on stock accu-
mulation, residence times, and predetermined recycling fractions, gov-
erned by mass balance principles. Consequently, MFA follows a
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Fig. 5. Simulation results comparing the SD, MFA and SD-MFA models over a 100-year timeframe. The top panel shows mass balance verification. The middle
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balance constraints into SD, whilst SD-MFA further incorporates feedback constraints by limiting the realization of endogenous feedback in accordance with the
availability of physical materials. The bottom panel presents the resulting trajectories of primary inputs, use and recycling, illustrating how these structural dif-

ferences lead to distinct system behaviour and material flow outcomes.

physically determined trajectory rather than a feedback-driven system
behavior.

These structural differences are directly reflected in the simulation
results. Over a 100-year simulation period, the SD model consistently
yields the highest values for primary input, usage, and recycling, as the
feedback mechanisms operate without physical material constraints. By
year 100, primary input reaches approximately 95 tons/year in the SD
model, compared to about 87 tons/year in MFA and 80 tons/year in SD-
MFA. Consumption stocks follow the same order, reaching approxi-
mately 830, 770, and 700 tons respectively, while recycling amounts to
around 16.5, 15.0, and 14.5 tons/year. The difference between SD and
MFA reflects the contribution of the mass balance constraint. In the SD
model, demand driven by rebound effects and capacity expansion can
generate material flows exceeding the supply from physically available
stocks, as the law of conservation is not incorporated into the underlying
equations. Applying the mass balance constraint eliminates these
physically impossible flows, thereby reducing material flow rates across
the system. The subsequent difference between MFA and SD-MFA re-
flects the contribution of feedback constraints. Unlike MFA which as-
sumes that physically available material is processed according to
predetermined allocation rules, SD-MFA retains the same endogenous
feedback mechanisms found in SD but limits their realization based on
physical material availability and endogenous capacity adjustments.
Consequently, circular economy rebound (Zink and Geyer, 2017)are not
eliminated but only partially realized, resulting in lower material flows
while maintaining the same underlying behavioral patterns.

4. Discussion
4.1. Why stand-alone MFA and SD are not enough

The comparison results presented in Section 3.2 confirmed obser-
vations that already exist in the literature on industrial ecology and
system dynamics. As shown in Fig. 5, the SD model presents the absence
of physical stock constraints allows feedback mechanisms to drive ma-
terial flows beyond physically feasible levels. With feedback operating
without physical constraints, the resulting trajectories are behaviorally
plausible yet physically inconsistent. This limitation has been implicitly
acknowledged in previous applications, where physical consistency is
assumed rather than structurally guaranteed (Coyle, 2000; Sterman,
2000). In contrast, MFA excels at ensuring physical consistency
through mass balance but relies on externally determined trajectories
(Pauliuk and Miiller (2014) and fails to capture how the behavior
dynamically responds to changes in material availability and economic
feedback.

The SD-MFA model, by integrating feedback with physical stock
constraints, produces the most controlled and physically credible tra-
jectories, as demonstrated in Fig. 5. The divergence in results between
MFA and SD-MFA, despite both satisfying mass balance, demonstrates
that the principle of mass conservation alone is insufficient, the
behavioral mechanisms governing flow evolution are equally critical. In
the modeled example, the difference was small but this could be more
significant, for example, in systems subject to rebound effects (Lifset and
Eckelman, 2013).
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4.2. Mass balance as a structural constraint in SD

Mass conservation is a structural prerequisite that allows the dy-
namics of integration behavior to be interpreted in physical terms. In the
SD-MFA framework we developed, material conservation is applied at
each time step as a governing constraint to ensure that all simulated
flows remain physically feasible. Both the MFA and SD-MFA maintain |A
M| = 0 throughout the simulation, as presented in Fig. 5 (bottom panel)
confirming that mass balance is successfully implemented in both.
However, the SD model accumulates a mass imbalance of approximately
900 tons by year 100, confirming that endogenous feedback loops
lacking physical stock constraints produce flows that violate the prin-
ciple of conservation. This finding effectively addresses a gap identified
in SD literature, where the law of mass conservation is not systematically
integrated as a governing constraint (Sterman, 2000). Our integrated
framework formalizes mass balance as the backbone of the system
structure while allowing behavioral dynamics to shape the system's
evolution within those constraints. This combination bridges the classic
conflict between behavioral realism and physical feasibility.

4.3. Interpreting stock-capacity and delayed adjustment

One of the key insights emerging from our integrated model is the
appearance of stock-capacity mismatches and delayed adjustment dy-
namics. In the SD-MFA model, system behavior is jointly governed by
demand feedback loops and material availability constraints that limit
realized demand to the level the physical system can supply. This joint
constraint implies that even when economic signals call for increased
production, the model appropriately limits flows, as shown in Fig. 5 (top
panel). The delayed adjustment dynamics, visible in the initial decades
where the three models briefly converge before diverging, reflect the
adjustment times embedded in the capacity equations of the SD and SD-
MFA models. This confirms that the divergence is not merely an artifact
but a consequence of the interaction between feedback and physical
constraints over time. This finding is conceptually related to prior work
that highlights the role of stocks in shaping material system dynamics
(Miiller, 2006; Pauliuk et al., 2017), however, our study extends it by
demonstrating how such dynamics emerge from the interaction of
feedback mechanisms and physical constraints rather than from exog-
enous assumptions. Whereas stock-driven models emphasize how in-use
stocks determine future material demand, the present results show how
the timing and amount of material released from stocks, once physically
available for processing, interact with capacity constraints and delayed
adjustment to shape feasible system behavior over time.

4.4. Implication for CE transition strategies

The quantitative differences between SD, MFA, and SD-MFA shown
in Fig. 5 have direct implications for how circular economy strategies
should be assessed and designed. If recycling performance is evaluated
using an SD model without physical constraints, the projected recycling
flow of 16.5 tonnes/year at the 100-year mark would overestimate what
is physically achievable, in this example being about 10% higher than
MFA and 14% higher than SD-MFA. Policies formulated based on SD
projections risk setting recycling targets that are physically unachiev-
able because they exceed the carrying capacity of material stocks. If the
MFA is used, the recycling projection of approximately 15 tons per year
is indeed physically consistent, however, because this method relies on
an exogenous recycling fraction, it cannot capture how investments in
recycling capacity respond dynamically to price signals and profit-
ability. Meanwhile, the SD-MFA projection provides the most credible
results because it reflects the actual outcomes that can be achieved by
recycling infrastructure when physical stock constraints and behavior-
based investment dynamics simultaneously influence the system. For
circular economy (CE) transition planning, this implies that strategies
need to be designed in an integrated manner, an integrated assessment
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which can be structurally provided by the integrated SD-MFA frame-
work we developed in this study.

4.5. Limitations and future research directions

This study deliberately employs a simplified illustrative case to
maintain methodological clarity. While this abstraction facilitates
comparison across modelling approaches, this may limit direct appli-
cation in the real world. Consequently, further model development is
required before applying the framework to application-specific case
studies. Further research can be conducted on different industrial sys-
tems with different characteristics by incorporating user behavior, ma-
terial quality degradation, changes in life cycle distribution, and the
impact of technological advances. In addition, we note that further
research is necessary to explore systematic validation strategies and
uncertainty analysis in integrated SD-MFA models.

4.6. Managerial implication

The integrated SD-MFA framework developed in this study can be
implemented using several existing software platforms; each has
different capabilities and practical considerations that practitioners
should take into account before adopting it. For companies with pro-
gramming expertise, Python offers a completely free implementation
path. Libraries such as PySD enable the execution of SD models within a
Python environment, and integration with MFA stock-flow equations
can be programmed directly. However, the need for programming pro-
ficiency poses the greatest barrier for practitioners without a computing
background, and maintaining or modifying models requires ongoing
programming effort. Another option is to use a software platform spe-
cifically designed to run dynamic system simulations, such as Vensim
(Ventana Systems), which was used in this study, or Stella which provide
graphical environments for developing stock-flow models and support
integration with externally defined material flow equations. Various
software packages offer different capabilities in terms of data connec-
tivity and simulation features. For example, some free editions have
limited support for importing external datasets, such as Excel files,
whilst commercial versions generally provide more comprehensive fa-
cilities for handling empirical data and large-scale industrial models.
Consequently, for applications involving large-scale industrial systems
with empirical datasets, a software platform that provides advanced
data management and external data integration may be more suitable.

Regardless of the platform used, data requirements remain the most
significant limitation. This framework requires physical material flow
data (typically available from MFA studies) as well as estimates of
behavioral parameters such as investment payback time, price sensi-
tivity to demand, and profitability thresholds. These behavioral pa-
rameters are often not systematically recorded within an organization
and may require calibration based on sector-level studies or expert
elicitation. For sectors that already have a well-established MFA data
infrastructure, implementation can proceed more quickly.

5. Conclusion

This study examines the benefits of integrating MFA and SD to model
complex industrial systems, while maintaining mass balance and feed-
back loops. Three models (MFA, SD, and integrated SD-MFA model) are
systematically compared under identical data and boundary conditions
to provide evidence-based insights into the methodological benefits of
integration. The results show that the standalone MFA and SD ap-
proaches, while each robust, are insufficient to fully capture the
behavior of material systems characterized by stocks, capacity con-
straints, and delayed adjustment. The MFA model alone ensures physical
consistency but relies on exogenous flows, for example, raw materials
availability or end-user demand. This limits the representation of
delayed adjustments generated by endogenous feedback and internal
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behavioral dynamics within the system. The SD model alone captures
such internal dynamic responses, but has difficulty enforcing mass bal-
ance, which limits the physical interpretability of results. By integrating
MFA and SD, the proposed framework resolves this tension. Mass bal-
ance is enforced at each time step, while endogenous decision-making
governs how the system evolves within these constraints. An illustra-
tive case study demonstrates how the integrated framework can be
implemented in practice. Although this case study is deliberately
simplified and would need detailed sector-specific development for
sectoral inference, it provides a transparent example of how mass-
balanced dynamic modeling can be implemented and interpreted. The
methodological insights generated from this case study can be applied to
various industrial and resource systems, contributing to ongoing efforts
to bridge industrial ecology and systems dynamics. Rather than posi-
tioning MFA and SD as mutually exclusive approaches, or even some-
times overlapping, the integrated SD-MFA framework demonstrates how
their complementary strengths can be combined to avoid misleading
system interpretations and support more robust analysis of CE
transitions.
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