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ABSTRACT
Compartment models are widely used in system dynamics to analyze complex systems. However, determining an appropriate 
level of aggregation remains a methodological challenge. This paper explores how parallel and serial (dis-)aggregation affect a 
model's ability to reproduce dynamics of interest, using the beer distribution game (BDG) as a case study. We review existing 
aggregation guidelines that emphasize similarity of decision rules, flow purpose, and residence times, and assess their com-
pleteness through comparative simulations of (dis-)aggregated BDG models. Our results suggest that while these guidelines are 
generally useful, they are incomplete: symmetry of flows in parallel structures emerges as an additional, previously neglected 
criterion, and including fast dynamics in models focused on long-term behavior may add excessive detail without improving in-
sight. These findings provide an initial step toward guiding modelers in balancing model simplicity and usefulness and motivate 
further research on whether, how, and why they extend beyond the BDG.

1   |   Introduction

System dynamics (SD) models and simulations elucidate real-
world dynamic phenomena, aiming to develop theoretical in-
sights or to analyze the potential impact of policies, frequently 
achieving both. An SD model must include and adequately rep-
resent all relevant aspects of reality, capturing the dynamics 
of interest well enough that insights derived from simulations 
apply in reality. At the same time, to trust the results and draw 
conclusions from an SD model, users must have confidence that 
the model appropriately represents the problem of interest (J. D. 
Sterman 2000). Therefore, Roberts  (1977) points out that “you 
must provide the level of [complexity] that causes [the user] to be 
persuaded that you have properly taken into account his issues, 
his questions and his level of concerns. Otherwise, he will not 
believe the model you have built, he will not accept it and he will 
not use it” (Roberts 1977, 29). Of course, the level of model com-
plexity required to adequately mimic the dynamics of interest is 

fundamentally different from the level of complexity needed to 
give users confidence in drawing conclusions from the model (J. 
D. Sterman 2000). The former defines the foundation of techni-
cal model validation, ensuring that the model adequately gener-
ates dynamics of interest. The latter forms the basis of user trust, 
extending beyond technical validation to include the model's 
perceived legitimacy in addressing the user's concerns and un-
derstanding. Scope and level of detail are dimensions of model 
complexity. A model's scope is defined by the elements of reality 
that it incorporates. How detailed we model each incorporated 
element defines its level of detail (Robinson 1995).

Generally, phenomena related to dynamic systems can be 
studied at various levels of detail. J. Sterman (2018) outlines 
this with the example of the spread of infectious diseases. 
One could use an aggregated model with population stocks 
for susceptible, exposed, infectious, and recovered (SEIR). 
Those stocks could be disaggregated to represent any level of 
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detail required for the problem at hand. This might include, 
for instance, age, gender, or location. Alternatively, instead 
of assuming homogeneity within population stocks, the prob-
lem could be further disaggregated by modeling idiosyncratic 
agents, thereby allowing for heterogeneity across agents. 
While Sterman points out that “there is no correct level of ag-
gregation independent of model purpose” (Sterman 2018, 20), 
other factors also affect the appropriate level of aggregation 
beyond purpose alone.

Generally, the model's purpose determines the highest appro-
priate conceptual level of aggregation. Consider a model for 
planning hospital capacity during a pandemic. If the only de-
cisions concern total bed capacity and hospital-level staffing, 
it is sufficient to model the total number of patients, admis-
sions, and discharges per day without distinguishing indi-
vidual patients or detailed clinical pathways. In contrast, if 
the purpose is to design targeted interventions for high-risk 
groups, the model must at least be sufficiently disaggregated 
to distinguish those patient groups because their distinct risks 
and lengths of stay matter for the decisions the model should 
support. A higher level of aggregation would not serve the 
model's purpose.

Other considerations influencing the choice of an appropriate 
level of detail, beyond the model's purpose, include data avail-
ability, user trust, and the problem's structural properties.

Ideally, one should estimate parameters using data at a finer 
scale than the model's aggregation. When such disaggregated 
data are unavailable, parameters can instead be inferred by fit-
ting the full model to aggregate time series, accepting greater 
uncertainty (J. B. Homer 2012). Sometimes, a more aggregated 
representation than the model purpose requires may be neces-
sary when the data needed to identify the problem's structural 
properties and estimate parameters for a more disaggregated 
model are unavailable (J. Sterman 2018).

Naugle et  al.  (2025) suggest that the intended audience and 
purpose of a simulation model should drive the design of the 
conceptual and simulation model, including considerations of 
what constitutes a high-quality model. Naturally, these consid-
erations affect the model's overall complexity. For instance, a 
model intended to support workforce development decisions for 
a hiring manager will require a broader scope and greater detail 
than one intended to demonstrate a theory to students. Also, to 
gain trust in the model, users generally ask for twice as much 
detail as the modeler considers necessary, given the model's pur-
pose (Roberts 1977).

Finally, certain structural properties of the problem (e.g., ac-
curate representation of nonlinear feedback and delays) may 
require a higher level of detail than implied by the model's pur-
pose itself in order to generate dynamics of interest adequately 
(Forrester 1961).

This paper offers an initial, BDG-based exploration of how 
structural properties shape the appropriate level of aggrega-
tion in compartment models. This is motivated by persistent 
scientific calls for more research and a formal understanding 
of the effect of (dis-)aggregation in system dynamics (e.g., 

Featherston and Doolan  (2012) and Naugle et  al.  (2024)). 
While our analysis is based on the BDG, we discuss in the 
conclusion whether, how, and why we believe these findings 
extend to other models.

Numerous studies address (dis-)aggregation in system dynam-
ics, but focus on the choice of simulation architecture. For 
example, they compare simulation results and inferred conclu-
sions from agent-based models with those from compartment 
models, that is, models in which entities or elements relevant 
to the problem at hand are represented as a small number of 
aggregated stock and flow structures (J. Sterman 2018). While 
agent-based models are disaggregated, not all disaggregated 
models are agent-based. One can also build a highly disaggre-
gated model by employing an increasingly detailed compart-
ment model.

Support for choosing an appropriate level of aggregation in 
compartment models based on the problem's structural prop-
erties—whether in general discussions or in practical guid-
ance—remains limited, particularly when it comes to concrete 
case studies. Therefore, determining an appropriate level of 
detail for compartment models is based on “informal reason-
ing beyond formal methods” (Saysel and Barlas 2006, 241) and 
“modelers […] generally overestimate the detail necessary to 
capture the dynamics of interest.” (J. D. Sterman 2000, 217). 
To our knowledge, no scientific study has yet operationalized 
existing recommendations regarding the impact of structural 
properties on the appropriate level of aggregation for compart-
ment models within a single, systematically altered simula-
tion model. By comparing various versions of a compartment 
model of the BDG as a deliberately simple testbed, we explore 
how far existing recommendations appear conclusive and 
complete.

On the one hand, we identify in our BDG testbed a structural 
property we term the asymmetry of flow, which appears to ne-
cessitate a lower level of aggregation than that implied by the 
model's purpose to adequately generate the dynamics of interest.

On the other hand, within this same setting, we find that re-
cent approaches that propose combining fast and slow dynamics 
within a single model—intended to enhance the model's ability 
to generate the dynamics of interest—may not contribute to gen-
erating the relevant dynamics when the analysis focuses on slow 
dynamics. Our examples thus illustrate both insufficient and ex-
cessive levels of detail, providing concrete cases in which the 
chosen degree of aggregation either fails to support or needlessly 
exceeds what is required for generating dynamics of interest. 
Notably, the testbed system, a compartment model of the beer 
distribution game, used in our analysis, is comparatively simple, 
yet even in this setting, existing guidelines on the appropriate 
level of aggregation based on structural properties of the prob-
lem fail. Within the BDG context, this study's methodological 
implications for modeling practice are threefold and should be 
viewed as an initial step rather than general prescriptions.

•	 First, the study's insights can deepen understanding of the 
formal criteria that may necessitate disaggregating existing 
stock and flow structures during model refinement, beyond 
data availability and user trust.



3 of 16System Dynamics Review, 2026

•	 Second, the study provides additional insights for modelers 
on the circumstances under which aggregation may lead to 
a loss of the dynamics of interest. This can reduce the effort 
required to select and test candidate structures for aggrega-
tion during the model simplification phase.

•	 Third, modelers are tempted to build large and overly de-
tailed models, resulting in a final product that is both com-
plicated and unrealistic. By guiding the use of aggregated or 
disaggregated stock and flow structures, the study supports 
the view that models should be developed with appropriate 
levels of complexity and realism. This can also help address 
the common criticism of unrealistically simple models, 
thereby increasing the perceived usefulness and credibility 
of the system dynamics method.

The remainder of this paper is structured as follows: first, we 
explore the notion of aggregation in system dynamics and 
examine general guidelines and comparative studies of ag-
gregated and disaggregated compartment models in the lit-
erature. Following this, we introduce a range of iterations of 
the beer distribution game model and compare simulation out-
comes to assess the completeness and robustness of existing 
aggregation guidelines. We finally discuss the implications of 
our findings, both regarding the BDG and their broader appli-
cability in system dynamics.

2   |   Basic Concepts and Literature Review

2.1   |   Defining Aggregation in System Dynamics

In a review marking the 60th anniversary of system dynam-
ics, J. Sterman (2018) argues for a broad definition of system 
dynamics that can be implemented with a wide range of sim-
ulation architectures, where quantitative models vary in how 
time is represented (continuous vs. discrete), how stochasticity 
is treated (deterministic vs. stochastic), and how aggregation 
is handled (from aggregate compartments to disaggregated 
agent-based models). Sterman suggests that this diversity 
of modeling architectures can all fall under the umbrella of 
system dynamics, provided they are designed to understand 
complex systems through feedback, accumulation, and en-
dogenous structure. This perspective represents a significant 
move away from the classical dichotomy that framed system 
dynamics and agent-based modeling as fundamentally sepa-
rate or even competing approaches to the study of dynamic 
complexity, as in earlier contributions such as Borshchev and 
Filippov (2004).

However, this broad view is not uncontested in current 
practice. Semi-structured interviews with 13 academics 
conducted by Pallaske  (2024) show that many experienced 
modelers of dynamically complex systems still favor a more 
classical definition of system dynamics. A substantial major-
ity of interviewees adhere to a view of system dynamics as 
continuous-time, aggregate-compartment models with ex-
plicit feedback, whereas only a minority explicitly endorses 
the broader definition proposed by Sterman. Moreover, in a 
recent contribution, Naugle et  al.  (2024) provide five defin-
ing characteristics of system dynamics: models are based on 

causal feedback structures; accumulations and delays are 
foundational; models are equation-based; time is treated as 
continuous; and analysis focuses on feedback dynamics. Some 
of these characteristics, explicitly or implicitly, contradict an 
interpretation of system dynamics that fully encompasses typ-
ical agent-based models as commonly practiced.

Given this lack of consensus, our aim is not to resolve the 
broader definitional debate about whether and when agent-
based models should be considered part of system dynamics. 
We therefore adopt a pragmatic distinction for this paper: dis-
aggregated system dynamics models are disaggregated com-
partment models within the classical SD paradigm, whereas 
agent-based models are disaggregated, individual-level, rule-
based simulations that may or may not satisfy the defining 
characteristics of system dynamics. Both classes of models 
represent heterogeneity, but we treat them as conceptually dis-
tinct: not all disaggregated models are agent-based, and not all 
agent-based models qualify as disaggregated system dynamics 
models.

The vast majority of research on aggregation in system dy-
namics focuses on comparing compartment and agent-based 
models. For instance, Rahmandad and Sterman  (2008) con-
ducted a comparative study exploring the diffusion of a con-
tagious disease. They developed corresponding models using 
a deterministic compartment model and a stochastic agent-
based model. While the compartment model assumed ho-
mogeneous mixing and produced a single average trajectory, 
the agent-based model could express a broad distribution of 
outcomes, reflecting stochastic interactions and agent diver-
sity. The authors' general conclusion is that compartment and 
agent-based models often generate similar results. However, 
while compartment models are efficient and insightful for 
average overall system behavior and broad policy analysis, 
agent-based models are essential for capturing agent hetero-
geneity across a large population, including agents' adaptive 
behavior (Rahmandad and Sterman 2008).

Despite these insights, Naugle et al. (2024) identify disaggre-
gation as one of four key research areas in system dynamics, 
suggesting that the systematic study of aggregation choices 
in system dynamics models remains in its early stages. Even 
with significantly relaxed computational constraints relative 
to the early days of system dynamics, compartment models 
remain an important quantitative implementation of system 
dynamics in practice. Yet the implications of the chosen level 
of aggregation within such compartment models for their 
ability to generate dynamics of interest are non-trivial and re-
main understudied (Featherston and Doolan 2012; Houghton 
et al. 2014).

2.2   |   The Two Types of (Dis-)Aggregation in 
Compartment Modeling

Forrester and Senge (1980) and J. D. Sterman (2000) discuss so-
called boundary- and structure adequacy tests, which aim to 
assess the appropriateness of scope and level of detail against 
the model's purpose. The general understanding among prac-
titioners of system dynamics is that “[…] the dynamics of a 
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system emerge from the interactions of the components in 
the system – capturing those feedback loops is more import-
ant than much detail in representing the components them-
selves.” (J. D. Sterman 2000, 81). According to best practice, 
an SD model should start small and grow in complexity by 
adding components to the model and/or detailing existing 
components (J. Homer 2019). One approach to detail existing 
components of the model is to disaggregate them. Consider 
the manufacturing process of an automobile. Initially, it might 
be modeled as material flowing from work-in-process (WIP) 
to finished inventory, based on production start and comple-
tion rates. In the first step of detailing, the WIP stock could be 
disaggregated into manufacturing stages, such as parts in pro-
cess, assemblies in process, and production testing, each gov-
erned by its own start and completion rates (see Figure 1). The 
process of disaggregating activities that occur sequentially is 
termed serial disaggregation (J. D. Sterman 2000).

The model could be further detailed as a next step by incor-
porating a representation of parallel manufacturing activities, 
such as the simultaneous production of engines and chassis 
(see Figure 2). This level of detail may be essential, as the man-
ufacturing of these components occurs across different parts 
of the factory, each with unique resources and constraints. 

This type of detailing is called parallel disaggregation (J. D. 
Sterman 2000).

In addition to detailing the model through serial and parallel 
disaggregation, the model could be refined by decomposing the 
engine-related stocks into sub-populations distinguished by at-
tributes such as engine type (e.g., diesel vs. electric), so that each 
category follows the same production activities but has its own 
parameters. Disaggregation splits a model's structure into more 
detailed process stages or parallel activities, whereas decompo-
sition or cohorting splits an aggregate population stock into dis-
tinct sub-populations that share the same structure but differ in 
their attributes.

In general, we should continue detailing until our model cap-
tures all essential elements that drive the dynamics of inter-
est. To test the appropriateness of the model's level of detail, 
J. D. Sterman  (2000) suggests developing disaggregated sub-
models for suspect structures and then comparing their behav-
ior with that of the more aggregate model formulation. Saysel 
and Barlas (2006) state that selecting and testing such suspect 
structures for aggregation is based on “informal reasoning be-
yond formal methods” (Saysel and Barlas  2006, 241). In this 
context, informal reasoning refers to qualitative, intuitive, and 

FIGURE 1    |    Serial disaggregation based on Sterman (2000).

FIGURE 2    |    Parallel disaggregation based on Sterman (2000).
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experience-based judgment. It is used to simplify, assess, and 
adjust models in ways that cannot be fully captured by mathe-
matical methods.

How much detail is, after all, necessary to generate dynamics of 
interest adequately? There is no simple answer to this question. 
The relevance of this question has already been pointed out since 
the early days of system dynamics, “it is obvious that a model of 
a company or an economy cannot possibly represent every in-
dividual decision and transaction taking place in the system. 
We should not want to do so, any more than we should want 
equations that account for each molecule of water in calculating 
pressures and flows in a water supply system.” (Forrester 1961, 
109) Thus, more than 60 years ago, Jay Forrester emphasized the 
importance of aggregation as a prerequisite for successful model 
formulation and simulation. In his view, insufficient aggrega-
tion yields an overly complex and confusing simulation model, 
whereas excessive aggregation risks losing elements relevant to 
the dynamics of interest.

Although not the focus of this paper, aggregation also remains 
a challenge in qualitative system dynamics approaches like 
causal-loop diagrams. For instance, Deutsch et al. (2024) point 
out that, “there is little detailed information on practices for ag-
gregation or disaggregation of variables or subsystems for quali-
tative models, or the broader meanings of granularity in relation 
to populations […].” (Deutsch et al. 2024, 13).

2.3   |   General Guidelines and Comparative Studies 
for (Dis-)Aggregation in Compartment Modeling

Surprisingly, to date, only a few guidelines and recommen-
dations are available for choosing an appropriate aggregation 
level in quantitative system dynamics. This remains a per-
sistent challenge for researchers and practitioners that can 
only be addressed on a case-by-case basis, making it difficult 
for less experienced modelers to decide on aggregation without 
extensive trial and error. Thus, the field would benefit from 
more formal and teachable rules for aggregation (Featherston 
and Doolan 2012).

In his seminal work, Forrester (1961) devotes a small chapter to 
the structural prerequisites of aggregation in system dynamics 
modeling. He states that aggregation is possible (i) if stock and 
flow structures that are candidates for aggregation constitute 
the same decision functions, (ii) if the outflows of these struc-
tures are used for identical purposes in the model, and (iii) if 
they have the same time-response characteristics relevant for 
the dynamics of interest. Using the example of diverse catalog 
items ordered by distributors from a factory, Forrester argues 
that the first condition is met if distributors order these items 
using the same inventory control mechanisms and ordering 
procedures, and with the same delays, such as transportation 
times from the factory to distributors. The second condition is 
met if the dynamics of interest at the factory depend on the ag-
gregate flow of orders instead of individual item flows, for ex-
ample, to determine whether orders can be fulfilled. Assuming 
all items exhibit similar production lead times relative to the 
horizon of dynamics of interest, the third condition of identi-
cal time-response characteristics is met. Items with different 

time-response characteristics should not be aggregated together, 
even if their dynamics would be governed by similar decision 
functions (Forrester 1961).

J. D. Sterman (2000) builds on these considerations and pro-
vides guidelines for aggregation in system dynamics. He 
distinguishes between the aggregation of stock and flow struc-
tures that occur consecutively (serial aggregation) and those 
that occur simultaneously (parallel aggregation). Regarding 
serial aggregation, Sterman proposed “to determine whether 
activities taking place serially can be aggregated, consider 
the average residence time of items in each stock (the aver-
age time between entering and exiting the stock). Stocks with 
short residence times relative to the time scale for the dynam-
ics of interest generally do not need to be represented explic-
itly and can either be omitted or lumped into adjacent stocks” 
(J. D. Sterman 2000, 216). The guideline is based on the idea 
that models with significantly different residence times in 
the stock and flow structures exhibit different dynamics of 
interest across time scales and, therefore, lack a clearly de-
fined reference mode. The model could exhibit dynamics on 
timescales ranging from just a few days to many decades, 
while they barely influence each other. Naill (1992) provides a 
good example of these considerations. In government energy 
planning and policy analysis models, the author focuses on 
crude oil reserves, both undiscovered and known, over years 
to decades. Inventories of extracted oil in the supply chain or 
of gasoline in vehicles are not explicitly modeled because their 
stocks are assumed to fluctuate around their equilibria on a 
very different timescale. Alternatively, a model on short-term 
spot prices of gasoline does not need to include reservoirs of 
unextracted crude oil, as the dynamics of changing stocks in 
these reservoirs are much slower than spot price changes and, 
therefore, on a time scale not relevant for the reference mode 
of the model (J. D. Sterman 2000).

Ford  (2018) describes different methods developed to address 
models exhibiting dynamics across different timescales in the 
power industry. The strengths and weaknesses of each method 
are summarized, with emphasis on their general applicability 
to system dynamics simulations. The paper concludes by en-
dorsing a coupled system with a stand-alone model (SAM) of 
fast dynamics to support understanding of the slow-dynamics 
model. Ford argues that using the SAM approach for fast and 
slow dynamics is preferable because each operates in its own 
time domain and “reinforce[s] the other, making for a stronger 
modeling system,” thereby improving the model's ability to gen-
erate dynamics of interest adequately. It is important to note 
that this stands in contrast to Sterman's approach of omitting or 
lumping stock and flow structures with fast dynamics relative to 
the dynamics of interest.

Regarding the aggregation of activities that take place at the 
same time in parallel, J. D. Sterman (2000) like Forrester (1961) 
focuses on the similarity of the decision rules governing the 
stock and flow structures and emphasizes the relevance of 
similar time scales once more. Regarding parallel aggregation, 
Sterman proposed that “parallel activities can legitimately be 
aggregated together if the individual flows are governed by sim-
ilar decision rules and if the time the different items spend in the 
individual stocks is similar.” (J. D. Sterman 2000, 217).
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Beyond traditional system dynamics applications, similar 
questions about aggregation have recently gained prominence 
in the context of digital twins and multi-resolution model-
ing. Digital twins are typically conceptualized as dynamic, 
data-driven virtual replicas of physical or socio-technical 
systems that are continuously updated from high-frequency 
data streams and used for monitoring, diagnosis, and decision 
support (Wagg et al. 2020). System dynamics has increasingly 
been used as a simulation framework for such digital twins 
across domains, for example, to support operations and main-
tenance decisions for naval ships or to build population-health 
twins for chronic disease (Choi et al. 2022; Mishra et al. 2025). 
In such settings, the chosen level of aggregation becomes a 
critical design choice: overly aggregated models risk smooth-
ing out local patterns or short-term fluctuations that are visi-
ble in the data and relevant for operational decisions, whereas 
models that mirror every data stream at full resolution quickly 
become too complex and computationally demanding for 
near real-time use (Pyrialakos et  al.  2026). To navigate this 
trade-off, recent work increasingly adopts multi-resolution 
digital-twin architectures, in which coarse, system-level mod-
els—often including stock-flow or system-dynamics-type 
components—are coupled to more detailed sub-models, and 
the twin selectively switches or couples between low- and 
high-resolution representations depending on the decision 
task and uncertainty (Pyrialakos et al. 2026). These contribu-
tions effectively operationalize the idea, also emphasized by 
Ford (2018) and Naugle et al. (2024), that many problems are 
best studied at multiple levels of aggregation.

Based on a large compartment model built for long-term envi-
ronmental analysis of an irrigation project in Turkey, Saysel and 
Barlas  (2006) develop a general approach to model simplifica-
tion. In steps one to four, model elements with weak feedback 
structures are eliminated, and potentially suitable parameters 
and flow equations are simplified. In step five, suitable stock and 
flow structures for aggregation are selected through informal 
reasoning instead of formal methods. Suitable stock and flow 
structures are aggregated, and dynamic behavior is compared 
against the reference mode. Rahn  (1985) discusses the aggre-
gation of stochastic effects in system dynamics from a theo-
retical perspective and describes how they may differ between 
aggregated and disaggregated systems. Rahn  (1989) addresses 
the challenge of understanding how the aggregate behavior of 
a complex system emerges from the behavior of its components. 
In the context of public policy, Ghaffarzadegan et  al.  (2011) 
compare the implications of Forrester's original urban dynam-
ics model and an aggregated version adapted for educational 
purposes.

Moxnes  (2002) analyzes two ways to represent the dynam-
ics of a fish stock: a complex cohort model, which considers 
a fixed number of age classes (compartments) of fish, and a 
simple aggregate model, which only considers overall surplus 
growth. This comparison aims to determine whether the sim-
pler model is a suitable replacement for the more detailed one 
and whether the policy recommendations derived from each 
model are similar or different. Fiddaman and Yeager  (2017) 
provide an approach to work on dynamic number cohorts 
(compartments) and show that the level of aggregation can be 
treated as a tunable modeling choice. Starting from coarser 

compartments, their framework allows the modeler to system-
atically decompose compartments only where nonlinearities 
or heterogeneity materially affect behavior and to vary the 
number of compartments parametrically to empirically deter-
mine how much decomposition is actually needed to repro-
duce the dynamics of interest.

3   |   (Dis-)Aggregation in a Model of the Beer 
Distribution Game

In this section, we examine serial and parallel changes in the 
aggregation level within a compartment model, while adhering 
to the guidelines outlined above. Decomposition or cohorting, 
in which the stock–flow structure is replicated across multiple 
cohorts with different attributes and parameter sets, is not pur-
sued in this paper. As we have no data or context to vary the 
parametrization across cohorts, we would have to rely entirely 
on arbitrary assumptions.

Our base model represents the Beer Distribution Game (BDG), 
a role-playing board game developed by the Systems Dynamics 
Group at the Massachusetts Institute of Technology in the 1960s, 
which depicts a serial four-stage supply chain with exogenous 
customer orders. For a full review of the history and importance 
of the BDG, see Martinez-Moyano  (2024). The BDG model is 
particularly well-suited for research on aggregation in system 
dynamics, as it is widely recognized within the system dynam-
ics community and features a relatively simple structure that 
facilitates straightforward parallel and serial (dis-)aggregation. 
The system dynamics model for this paper is adapted and ex-
tended from Kirkwood (1998).

In total, we introduce seven model versions of the beer dis-
tribution game to test the implications of parallel and serial 
(dis-)aggregation in compartment models. Table 1 provides an 
overview of these versions, including their purpose and the type 
of (dis-)aggregation tested.

While the primary focus of this paper is on methodological as-
pects of (dis-)aggregation in compartment models, our work also 
contributes to the BDG literature by highlighting how decision 
heuristics for inventory control in different supply chain struc-
tures affect order variability amplification, in line with studies 
such as Roser et al.  (2021), Delhoum and Scholz-Reiter  (2009) 
and Van Ackere et al. (1993). Figure 3 depicts the basic structure 
of the BDG's supply chain.

Although the BDG is widely referenced in system dynamics 
literature, it is far simpler than most real-world supply chains. 
Serial supply chains, in which each entity has one upstream and 
one downstream connection, are rare. Supply chains generally 
comprise a network-like structure with multiple upstream and 
downstream connections (Chen et al.  2000). While this limits 
the direct applicability of our results to complex real-world sup-
ply chains, decision heuristics such as anchoring and adjust-
ment, which interact with information and material delays, are 
widely acknowledged as causes of order variability amplification 
in supply chains (J. D. Sterman 1989; Croson and Donohue 2005; 
Haines 2017). Thus, dynamic phenomena occurring in the BDG 
can be transferred to real-world situations.
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3.1   |   Parallel (Dis-)Aggregation

Figure 4 shows a possible parallel-disaggregated version of the 
BDG base model (M1.0), in which two independent retailers 
place orders with wholesalers based on exogenous customer de-
mand, and the wholesalers ship available inventory to the retail-
ers. Likewise, wholesalers place orders with distributors. Orders 
from wholesalers are placed at a single factory, where they are 
pooled.

Because our initial model already exhibits similar decision rules 
across all stages, it seems plausible to model the additional stages 
with identical decision rules and adjust the parameters and ini-
tial values accordingly. However, in the original BDG model 
(M1.0), beer cases are sourced from a single upstream entity and 
shipped to a single downstream entity. In the disaggregated ver-
sions M1.1 and M1.2, however, the factory receives orders and 
ships cases of beer to two distributors. In periods when total 
orders exceed inventory plus incoming production, the factory 

must decide how to allocate a scarce number of cases of beer 
across distributors. This logic is referred to as an allocation 
policy in supply chain management. Wang and Disney  (2016) 
provide an overview of seven commonly investigated allocation 
policies (see Table 2).

Because our simulation model does not incorporate profit or 
loss parameters or optimal ordering quantities, turn-and-earn, 
linear, Pareto, and competitive policies are not applicable. In 
the disaggregated model, the orders of both customers are de-
terministic and identical. In such a scenario, proportional and 
uniform policies are equivalent (Cachon and Lariviere 1999). 
Consequently, in our simulation model, we implemented only 
two distinct allocation policies: uniform (equivalent to propor-
tional in our context) and lexicographic. Under the uniform 
policy, both distributors receive an equal quantity of available 
supply (inventory plus incoming supply) per period, unless the 
sum of their current orders and backlog is less than this quan-
tity. This policy ensures a symmetric allocation between the 

TABLE 1    |    Model versions of the beer distribution game used to study the implications of parallel and serial (dis-)aggregation.

Model ID Model description Model purpose
Type of (dis-) 
aggregation

M1.0 BDG base To run the basic beer distribution game topology Parallel

M1.1 Uniform allocation To test the implications of a symmetric allocation policy Parallel

M1.2 Lexicographic allocation To test the implications of an asymmetric allocation policy Parallel

M2.0 BDG long-delay To test the implications of fast and slow 
dynamics in a single integrated model

Serial

M2.1 Omit To test the implications of omitting 
structure with fast dynamics

Serial

M2.2 Lump To test the implications of lumping structures 
with fast dynamics into slow dynamics

Serial

M2.3 SAM To test the implications of a stand-alone model for 
fast dynamics as input for slow dynamics

Serial

FIGURE 3    |    Structure of the BDG base model (M1.0). A four-stage serial supply chain structure with exogenous customer demand. Order infor-
mation flows upstream from the customer to the factory; material flows in the opposite direction.

FIGURE 4    |    Structure of the uniform allocation model (M1.1) and lexicographic allocation model (M1.2). A parallel disaggregation of the BDG 
base model (M1.0) with 2 entities per stage for customer, retailer, wholesaler, and distributor.
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two distributors. In contrast, under the lexicographic policy, 
the allocation will be based on predetermined priorities. This 
policy creates an asymmetric allocation: one distributor's or-
ders will be filled with higher-priority, while the remaining 
quantities are allocated to the lower-priority distributor. Thus, 
we created two versions of the disaggregated model that differ 
only in their allocation policies between the factory and the 
two distributors.

We adjusted the model parameters accordingly to enable a 
quantitative comparison between the BDG base model (M1.0) 
and the parallel-disaggregated model versions (M1.1 and M1.2). 
After disaggregating the different stages of the BDG, the initial 
inventories and anchor values for the anchoring and adjustment 
heuristics of retailers, wholesalers, and distributors are reduced 
from 12 to 6, in line with a reduction in the initial values of 
shipping delays and orders from 4 to 2. Anchor values, initial in-
ventories, and initial values of factory production delay remain 
unchanged at 12, 12, and 8, respectively. Moreover, we slightly 

modify the demand pattern across all three model versions by 
increasing demand in period 5 from 4 to 10, rather than from 4 
to 8 as in the original BDG. This results in a more pronounced 
backlog, highlighting differences between the model versions. 
Table 3 provides an overview of model parameters for the BDG 
base model (M1.0) and the parallel-disaggregated versions M1.1 
and M1.2.

3.2   |   Serial (Dis-)Aggregation

To detail our supply chain model, one could serially disaggre-
gate various stock and flow structures. For instance, the ship-
ping process across the various stages of the supply chain can 
be further decomposed into sub-processes such as outbound 
logistics, transportation, and inbound logistics. Such serial 
disaggregation should be considered if it enhances the model's 
ability to explain the reference mode, that is, weekly oscillation, 
amplification, and phase lag of orders. Another example is the 
decision-making process modeled to determine how many or-
ders each stage orders in each period. It is based on the anchor-
and-adjustment heuristic, a cognitive bias whereby individuals 
make estimates by starting from an initial value (the “anchor”) 
and then adjusting insufficiently from that anchor (Tversky and 
Kahneman 1974). We could, in principle, further disaggregate 
this decision-making process into smaller sub-processes, such 
as analyzing current inventory levels, calculating inventory 
discrepancy, analyzing on-order levels, and calculating overall 
net inventory discrepancy. The distinction between the sub-
processes of shipping and decision-making lies in the time scales 
over which they unfold. The time scale of the shipping sub-
processes aligns closely with the reference mode. In contrast, 
the sub-processes involved in decision-making likely occur on 
a timescale of seconds, which is significantly shorter than the 
reference mode. There are three approaches to dealing with dy-
namics on such varying time scales. Stocks with short residence 
times relative to the reference mode's time scale usually do not 
require explicit representation. They can be (i) omitted or (ii) 
lumped into adjacent stocks (J. D. Sterman 2000). Alternatively, 
(iii) a stand-alone model of stock and flow structures with fast 
dynamics as input for stock and flow structures with slow dy-
namics (Ford 2018).

TABLE 2    |    Overview of allocation policies based on Wang and 
Disney (2016).

Policy name Allocation procedure

Proportional Stock is allocated proportionally 
to customers' order quantities.

Linear All customers share the same 
number of unfulfilled orders.

Uniform All customers receive the same quantity 
unless they have ordered less.

Pareto Quantities are allocated to 
maximize supply chain profit.

Turn-and-earn Allocation according to 
past sales quantities

Lexicographic Allocation based on a predetermined 
customer priority

Competitive Allocation proportionally to the 
customer's economic order quantity.

TABLE 3    |    Overview of parameters for the BDG base model (M1.0) and parallel-disaggregated versions M1.1 and M1.2.

Measure BDG base (M1.0) Parallel-disaggregated versions (M1.1 and M1.2)

Customer demand 4 + STEP (6,5) Two times 2 + STEP (3,5)

Anchor factory 12 12

Initial inventory factory 12 12

Anchor retailer, wholesaler, distributor 12 Two times 6

Length of shipping delays 4 2

Length of production delay 4 4

Initial level orders 4 Two times 2

Initial level production orders 4 4

Allocation policy NA Uniform (M1.1) and lexicographic (M1.2)



9 of 16System Dynamics Review, 2026

We aim to use our initial model instead of serially disaggre-
gating existing components to ensure direct comparability 
with the BDG. In our initial model, however, the cases of beer 
remaining in individual inventories are relatively similar 
to those in the reference mode and therefore do not provide 
grounds for serial aggregation. To explore the implications of 
both approaches, we will therefore assume a supply chain in 
which the factory has a significantly longer production delay 
than the shipping and ordering delays across the various 
stages. One could envisage a whiskey distillery with a long 
production lead time. In this case, the increased production 
delay results in a substantial difference in the average stock 
residence times between the factory and the retailer, whole-
saler, and distributor sections of the model. Consequently, 
the model now exhibits dynamics across significantly differ-
ent timescales: the factory operates on a timescale of many 
years, whereas the retailer, wholesaler, and distributor sec-
tions operate on a timescale of a few weeks. Assuming the 
reference mode refers to the factory's long-term dynamics, 
we will compare four model versions to test the implications 
of the approaches outlined above. The BDG long-delay model 
(M2.0) is an amendment to the BDG base model (M1.0). In 
this version, the production delay was increased from 2 to 
520 weeks (10 years). Moreover, the factory's production delay 
was changed from a fixed 2-week delay with an initial fill of 
4 to a delay uniformly distributed across 520 periods, with an 
initial level of 2080. Finally, the simulation horizon was ex-
tended to 1560 weeks (30 years), with customer demand vary-
ing between 4 and 10 units per 100-week period (2 years).

Simulation results for M2.0 will be compared with the three 
model versions M2.1, M2.2, and M2.3, each representing a dif-
ferent approach to handling models with fast and slow dynamics. 
M2.1 is based on the above approach (i), that is, Sterman's “Omit” 
approach for serial aggregation (J. D. Sterman  2000). M2.2 is 
based on the above approach (ii), that is, Sterman's “Lump” ap-
proach for serial aggregation (J. D. Sterman 2000). M2.3 is based 
on the above approach (iii), that is, Ford's recommendation of a 

stand-alone model for short-term dynamics as input for the long-
term model (Ford 2018).

In model version Omit (M2.1), the distributor, wholesaler, and 
retailer stages of the supply chain will be completely omitted. 
The factory receives orders directly from exogenous customer 
demand. Production and ordering delays, as well as initial in-
ventory levels, remain unchanged compared to the base model. 
In model version Lump (M2.2), shipping, order delays, and 
initial stocks of the distributor, wholesaler, and retailer are ag-
gregated into the corresponding factory delays and stocks. As a 
result, the factory's ordering delay is 4 periods; the production 
delay is 526 weeks, with an initial fill of 2104, and the fill is again 
uniformly distributed across the 526 periods. The initial inven-
tory and anchor of the factory were accordingly changed to 48. 
In model version SAM (M2.3), the distributor, wholesaler, and 
retailer stages constitute an independent supply chain in which 
the distributor receives material after a fixed delay of 2 periods. 
This model part can be considered a BDG with only three stages. 
The distributor orders are used as exogenous customer demand 
for the factory, even though there is no actual shipping to the 
distributor. Shipping, production, ordering delays, and initial in-
ventories remain unchanged compared to the BDG base model 
(M1.0). Figure 5 provides an overview of the structures of the 
BDG long-delay (M2.0) model and the three comparison model 
versions: Omit (M2.1), Lump (M2.2), and SAM (M2.3).

4   |   Comparison of Simulation Results

In this section, we present the relevant dynamics of inter-
est, that is, amplification, oscillation, and phase lag of orders 
across the different model versions, and their implications for 
net inventories and supply chain costs. We do this by visual 
comparison of simulation graphs and quantitative comparison 
of cost. In the subsection on parallel (dis-)aggregation, we pres-
ent comparisons of simulation output from the models BDG 
base (M1.0), uniform allocation (M1.1), and Lexicographic 

FIGURE 5    |    Overview of the BDG long-delay model (M2.0) and the three alternative versions Omit (M2.1), Lump (M2.2), and SAM (M2.3), show-
ing the different approaches to deal with fast and slow dynamics in the context of serial (dis-)aggregation.
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allocation (M1.2). In the subsection on serial (dis-)aggrega-
tion, we present comparisons of simulation results for models 
BDG long-delay (M2.0), Omit (M2.1), Lump (M2.2) and SAM 
(M2.3).

4.1   |   Parallel (Dis-)Aggregation

First, we compare our BDG base model (M1.0) with the Uniform 
allocation model (M1.1), a disaggregated version with a sym-
metric allocation policy between the factory and the distributors 
over 100 simulation periods (weeks). We extended the simula-
tion horizon from 36 to 100 periods because it takes the sys-
tem almost 100 periods to return to a new equilibrium after the 
increase in customer demand from 4 to 10 in week 5. Because 
of the adapted stock and flow structures in the disaggregated 
model version Uniform allocation (M1.1), we cannot directly 
compare reference modes between M1.0 and M1.1. To enable a 
consistent comparison, we define aggregate measures of orders 
and net inventories at each stage (Dominguez et al. 2014). For 
each stage (retailer, wholesaler, and distributor), we define ag-
gregate variables by adding together the values of the two paral-
lel entities in the disaggregated model. Aggregate net inventory 
in a given period is the sum of the net inventories of entity 1 and 
entity 2 at that stage, and aggregate orders in a given period are 
the sum of the orders placed by entity 1 and entity 2 at that stage. 
For example, at the retailer stage, the aggregate retailer net in-
ventory in a particular week is obtained by adding the net in-
ventories of retailer 1 and retailer 2 for that week; analogously, 
aggregate retailer orders in that week are obtained by adding 
the orders placed by retailer 1 and retailer 2. These aggregate 
variables are compared with the corresponding stock and flow 
structures in the original aggregated BDG base model (M1.0). 
For the calculation of overall supply chain cost, however, we 

still use the individual net inventories of each entity at each 
stage, thereby preserving differences across entities while using 
aggregate measures only for comparing reference modes.

A uniform allocation policy between the factory and distrib-
utors results in a symmetric distribution of available supply 
during periods with factory backlog (negative net inventory). 
Since the orders of both customers are identical, this alloca-
tion policy yields identical beer-case flows between the fac-
tory and the distributor across both branches of the supply 
line. The BDG base model (M1.0) and disaggregated model 
Uniform allocation (M1.1) yield identical simulation results 
for oscillation, amplification, and phase lag of orders, as 
well as for declining net inventories following the demand 
increase. Figure  6 (left) illustrates these results. The cost is 
identical for both versions, with 6402 monetary units (MU) 
after 100 weeks.

Next, we compare the simulation results of the BDG base 
model (M1.0) with those of the disaggregated Lexicographic 
allocation model (M1.2), which employs an asymmetric al-
location policy. In this policy, one distributor has a higher-
priority than the other. In periods with factory backlog, one 
of the distributors receives all available supply until all of that 
distributor's orders are fully met. Only supplies that are not 
required to fill orders for the higher-priority distributor are 
allocated to the lower-priority distributor. This results in an 
asymmetric flow of beer cases between the factory and both 
distributors. Until approximately period 30, orders show iden-
tical behavior. After the increase in customer demand in pe-
riod 5, orders in all stages increase sharply before dropping 
to (near) zero. While orders in the BDG base model (M1.0) 
return sequentially over the 30–55 period to the new equi-
librium throughput of 10 cases per period, the disaggregated 

FIGURE 6    |    Orders (top) and net inventories (bottom) of BDG base model (M1.0) (left) versus disaggregated lexicographic allocation model (M1.2) 
(right).
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model shows different dynamics after period 30. Shortly after 
the sharp decline in period 30, orders of all stages increase but 
continue to fluctuate around 10 cases per week. The system 
does not return to equilibrium within 100 weeks. Net inven-
tories also exhibit similar dynamics until approximately pe-
riod 30; however, they decline sooner but less sharply in the 
lexicographic allocation model (M1.2) compared to the BDG 
base model (M1.0). Due to fluctuating orders, there are two 
additional backlogs across all stages during periods 65 and 90. 
In the disaggregated version M1.2, net inventories do not re-
turn to equilibrium within 100 weeks. See Figure 6 (right) for 
a depiction of the resulting dynamics.

Differences in behavior over time also impact supply chain costs. 
This aggregate measure of both models allows an economically 
meaningful comparison (Figure  7). The aggregated version 
yields a total cost of 6402 MU, whereas the disaggregated ver-
sion with a lexicographic policy yields a total cost of 7304 MU, 
a 14% difference.

More interestingly, the cost distribution across the supply chain 
stages changed. In the BDG base model (M1.0), costs increase 
upstream in the supply chain, as in the disaggregated Uniform 
allocation model (M1.1). This phenomenon is not observed in 
the simulation results of the disaggregated Lexicographic allo-
cation model (M1.2). With 2475 MU, the distributor stage now 
incurs higher costs than the factory stage (2180 MU). The re-
tailer still incurs a lower cost than the wholesaler stage, which 

in turn is lower than the distributor stage. This stems from the 
fact that the lower-priority distributor's backlog cost increases 
significantly under a lexicographic allocation policy. Table  4 
summarizes the differences in supply chain costs between the 
two model versions.

4.2   |   Serial (Dis-)Aggregation

Assuming the reference mode pertains to the factory's long-
term production dynamics, we will focus on these in our dis-
cussion. After the first exogenous demand increase in period 
5, from 4 to 10 units, the factory begins increasing production 
in period 13. From there, the BDG long-delay model (M2.0) 
shows ever-increasing production quantities, reaching a max-
imum of 503 pieces in period 112, then decreasing to a mini-
mum of 8 pieces in period 212. Production increases from 213 
to 506 in period 312 and declines to 8 in period 412. Again, 
production increases from 413 to 506 in period 512, then de-
clines to 0 in period 548, and remains at 0 for the remainder of 
the simulation horizon. In extreme cases, the factory's net in-
ventory declines to −48,227 pieces in period 538 and to 99,002 
pieces from period 1068 to the end of the simulation horizon. 
Over 30 years, the factory's costs amount to 48,480,824 MU. 
Even in the first 100 weeks, factory costs reach 355,942 MU, 
compared with 2180 MU in the BDG base model (M1.0), a 
staggering 163 times increase.

In conclusion, extending the factory delay to 520 periods pushes 
the model well beyond its intended parameter range. The result-
ing behavior is so extreme and detached from reality that it of-
fers limited insights. Instead, it might serve better as a test of the 
BDG base model (M1.0) and decision-making heuristics under 
extreme conditions. One could argue that the fundamental pa-
rameter values used in Sterman's model (e.g., desired inventory, 
stock adjustment, etc.) need recalibration for such an extended 
production delay. Given the extreme nature of a 520-week fac-
tory delay in the BDG long-delay model (M2.0), adapting the 
model to focus solely on the factory with exogenous customer de-
mand is therefore necessary not only from a model-complexity-
reduction perspective (the focus of this paper) but also from a 
model-validity standpoint.

FIGURE 7    |    Comparison of supply chain costs for BDG base (M1.0) and disaggregated lexicographic allocation model (M1.2).

TABLE 4    |    Comparison of supply chain cost per stage for BDG base 
model (M1.0) and lexicographic allocation model (M1.2).

Stage/cost (MU)
BDG base 

(M1.0)
Lexicographic 

allocation (M1.2)

Retailer 802 980

Wholesaler 1397 1768

Distributor 2023 2475

Factory 2180 2082

Supply chain (sum) 6402 7304
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Figure  8 illustrates the order patterns over time for the fac-
tory, comparing the three model versions Omit (M2.1), 
Lump (M2.2), and SAM (M2.3) over the simulation horizon 
of 1560 weeks. Overall, all three model versions display the 
same reference mode of cyclical production. Remarkably, 
model versions Omit (M2.1) and Lump (M2.2) exhibit negligi-
ble quantitative differences. Initially, all models exhibit three 
peaks in orders every 100 weeks, with a period of 200 weeks, 
indicating a recurring cycle in exogenous customer demand. 
Model version SAM (M2.3), however, displays significantly 
more pronounced sets of peaks in amplitude and fluctuation, 
reaching up to 52 cases per week compared to a maximum of 
22 cases per week for M2.1 and M2.2. During the mid-period, 
from approximately weeks 550–1250, production ceases for 
all model alternatives. Later in the timeline, between weeks 
1250 and 1560, two additional sets of peaks emerge (again, 
every 100 weeks, with a period of 200 weeks). Across all model 
versions, these two sets of peaks have higher amplitudes than 
the first three sets, with a maximum of 30 cases per week for 
Omit (M2.1) and Lump (M2.2), and 58 cases per week for SAM 
(M2.3). Again, M2.3 exhibits significantly more pronounced 
peak sets in terms of fluctuation. Overall, M2.3 captures more 
short-term volatility due to its amplified and fluctuating re-
sponse to varying customer demand; M2.1 and M2.2 provide 
smoother long-term trends. This highlights the trade-offs be-
tween capturing detailed variability for immediate production 
planning on a short-term horizon and analyzing long-term ca-
pacity planning.

Figure 9 supports the conclusion that the reference modes are 
similar from a quantitative economic perspective across all three 
model versions. Both factory net inventories and costs show 
nearly identical patterns and absolute results despite differences 
in short-term order amplitudes and fluctuations of SAM (M2.3) 
versus Omit (M2.1) and Lump (M2.2).

5   |   Implications of (Dis-)Aggregation in System 
Dynamics and Discussion

The focus of our paper is methodological, examining (dis-)aggre-
gation techniques in system dynamics modeling with supply chain 
management for context. As such, we will focus our discussion 
on methodological insights into the effects of parallel and serial 
(dis-)aggregation in system dynamics modeling. To this end, we 
introduced seven model versions of the beer distribution game.

According to the aggregation guidelines provided by 
Forrester (1961) and J. D. Sterman (2000), no parallel disaggre-
gation of stock and flow structures is required to generate addi-
tional dynamic insights if the same decision functions govern 
the ordering of the stages, if flows are used for identical pur-
poses elsewhere in the model, and if residence times of items in 
stocks are similar. Both parallel-disaggregated model versions, 
that is, Uniform allocation (M1.1) and Lexicographic allocation 
(M1.2), meet all three prerequisites. Ordering at every stage is 
based on the same anchor-and-adjustment heuristic, parame-
trized identically. Orders are ultimately used for the same pur-
pose, that is, as input to determining how much to produce in 
the factory. Residence times of items in inventory do not differ 
significantly. However, one of the parallel-disaggregated model 
versions, namely the Lexicographic allocation model (M1.2), 
generates dynamics that are at least not identical and arguably 
considerably different from those of the BDG base model (M1.0).

The simulation results vary with different allocation policies, 
that is, the logic governing flows between distributors and the 
factory. While a uniform policy yields a symmetric material 
flow between the factory and the distributors, a lexicographic 
policy yields an asymmetric material flow between them. 
Compared with the aggregated base model, this affects the dy-
namics of interest. Instead of a single backlog phase in M1.0 

FIGURE 8    |    Factory production orders for the model versions Omit (M2.1), Lump (M2.2), and SAM (M2.3).
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following the initial increase in customer orders, the disaggre-
gated Lexicographic allocation model (M1.2) exhibits three pro-
nounced backlog phases. Also, orders and net inventories do not 
return to equilibrium within the simulation horizon. Only if the 
anchor value of the factory's adjustment heuristic is increased to 
16 instead of 12 does the system ultimately return to equilibrium. 
This indicates that, under the asymmetric lexicographic allo-
cation policy, inventory control requires a higher anchor value 
in the ordering heuristic to provide sufficient buffers, thereby 
supporting supply chain stability and ensuring that the system 
returns to equilibrium after disruptions. For M1.2, the quanti-
tative measure of supply chain cost indicates an overall differ-
ence of 14% over a 100-week simulation horizon compared to 
M1.0. Moreover, the distribution of costs in the supply chain has 

changed, with the distributor stage now accounting for the high-
est costs. The general assumption of increasing volatility and 
cost as we move further upstream in the supply chain (Wikner 
et al. 1991; Coppini et al. 2010) is therefore not supported by this 
disaggregated Lexicographic allocation model (M1.2).

Our methodological conclusion is that the three prerequisites 
for parallel aggregation, namely, similarity of decision rules, 
identical purpose of flow elsewhere in the model, and similar-
ity of residence times, as provided by Forrester (1961) and J. D. 
Sterman (2000), are incomplete. Comparison of the BDG base 
model (M1.0) and the Lexicographic allocation model (M1.2) re-
vealed significant simulation differences that should not occur if 
all three prerequisites are met. Formally, by disaggregating the 

FIGURE 9    |    Factory net inventory (top) and factory cost (bottom) for the model versions Omit (M2.1), Lump (M2.2), and SAM (M2.3).
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BDG structure, we increased the level of structural detail of the 
model's incorporated elements. At the same time, this increased 
level of structural detail necessitated revising the existing deci-
sion rule for factory shipments to account for potential alloca-
tion across two distributors. Depending on the type of allocation 
policy, this creates either a symmetric or an asymmetric flow of 
material between the two distributors. An asymmetric flow sig-
nificantly alters the model's overall dynamics. Similarly, asym-
metric flows require a more disaggregated model. Alternatively, 
to express it as an additional fourth prerequisite for success-
ful aggregation in system dynamics modeling, there must be 
symmetric flows so that parallel activities can be legitimately 
aggregated. By neglecting the prerequisite of symmetric flows, 
the model's level of detail is potentially insufficient to generate 
dynamics of interest adequately.

To explore the implications of serial aggregation, we modified 
the BDG base model (M1.0) to represent a supply chain in which 
the factory has a significantly longer production delay than the 
shipping and ordering delays among the distributor, wholesaler, 
and retailer. With a production delay of 520 weeks (10 years) 
and retailer, wholesaler, and distributor sections operating on a 
timescale of a few weeks, the BDG long-delay model (M2.0) now 
exhibits both fast and slow dynamics. Assuming the reference 
mode captures the factory's long-term dynamics, we examine 
how structural details exhibiting fast dynamics contribute to 
the factory's slow dynamics. We compare three different ap-
proaches: (i) Omit and (ii) Lump based on J. D. Sterman (2000), 
and (iii) SAM (stand-alone model) based on Ford  (2018). For 
each approach, we created a different model version: Omit 
(M2.1), Lump (M2.2), and SAM (M2.3).

While the SAM approach of model M2.3 allows combining 
model structure with both fast and slow dynamics, its addi-
tional level of detail compared to Omit (M2.1) and Lump (M2.2) 
does not contribute to the factory's overall slow dynamics. 
Nevertheless, it reveals strong weekly demand fluctuations that 
are not obtainable in models M2.1 and M2.2 and could there-
fore help design factory inventory control, which is essential for 
managing short-term demand fluctuations. Sometimes, clients 
give “good reasons for including both fast and slow dynamics 
in a model with the clarity and speed needed for group demon-
strations.” (Ford 2018) The SAM approach can be an enabler in 
group model building, engaging experts and decision-makers of 
both fast and slow dynamics. As Roberts  (1977) outlined, the 
client's issues, questions, and concerns must be addressed for 
the model to be accepted and used. In some cases, this simulta-
neously involves problems, questions, and concerns of fast and 
slow dynamics. However, from a purely methodological stand-
point (which is the focus of this paper), the fast dynamics of the 
retailer, wholesaler, and distributor in the SAM approach do not 
influence the factory's slow dynamics and can therefore be re-
garded as an excessive level of detail regarding the dynamics of 
interest.

Although these results have been developed using the BDG as 
a contextual model, the methodological implications extend 
beyond this specific case. The observed effects of asymmetric 
flow and the resulting limitations of parallel aggregation are not 
unique to supply chains but reflect a broader phenomenon ob-
servable in many domains where parallel flows are present. The 

presence of logic governing the flow of material, information, 
finance, or energy in divergent or convergent network structures 
recurs across disciplines. Hence, the implications of symmetric 
versus asymmetric flow for (dis-)aggregation are not confined to 
the BDG context.

As Forrester (1961) illustrates with the example of a water dis-
tribution network, asymmetries in flow can arise from differ-
ences in pipe diameter, elevation, or distribution line design, 
altering system behavior. Similar dynamics occur in power 
grids, where uneven electricity demand caused by differences 
in population density creates asymmetric energy flows, and in 
financial systems, where disparities in capital access, for in-
stance, between developing and developed countries, produce 
uneven flows of financial and material resources. Symmetry 
of flow thus represents a general methodological prerequisite 
for legitimate parallel aggregation across diverse modeling 
contexts.

The insights into serial aggregation are similarly generaliz-
able. In systems comprising subsystems that operate on differ-
ent timescales—such as fast operational processes embedded 
within slower strategic dynamics—the relevance of structural 
detail depends on the degree to which interactions across these 
scales influence the dynamics of interest. Beyond the BDG, in 
models of ecological, economic, or organizational systems, fast 
dynamics are therefore assumed not to propagate to or alter slow 
dynamics in a meaningful way and, from a purely methodologi-
cal standpoint, represent an excessive level of detail.

Figure 10 illustrates the relationship between a model's ability 
to adequately generate the dynamics of interest and its level of 
detail in an exploratory model, that is, a model that aims to en-
hance understanding of a general theory, method, or phenom-
enon. For exploratory models such as our BDG permutations, 
this highlights the commonly observed 80/20 rule (Pareto prin-
ciple). According to this rule, approximately 80% of the model's 
dynamics is generated by incorporating only 20% of the details. 
Detail below this level is insufficient, while detail beyond it is 
excessive. Between these extremes lies a narrow band of an ap-
propriate level of detail. Of course, recent advances in AI and 
machine learning show that, for some predictive models, abun-
dant data and increasing detail can substantially improve pre-
dictive accuracy, and such developments are beginning to be 

FIGURE 10    |    A model's ability to generate dynamics of interest 
based on its level of detail. Own figure adapted and extended from 
Robinson (2004).
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integrated into system dynamics through data-driven parame-
terization, calibration, and analysis (Chen et al. 2011).

In our exploratory model permutations, the BDG base model 
(M1.0) demonstrates an example of insufficient detail, assuming 
a lexicographic allocation policy, as neglecting the prerequisite 
of symmetric flows results in an inadequate representation of 
the dynamics of interest (oscillation, amplification, and phase 
lag of orders in a multistage supply chain). Conversely, for serial 
aggregation, the SAM model (M2.3) exhibits excessive detail. 
The inclusion of fast dynamics adds structural elements that do 
not noticeably improve the model's ability to generate the fac-
tory's long-term cyclical production behavior compared with a 
simpler formulation that omits or lumps these fast-dynamics.

While the adequacy of model detail will always remain “a mat-
ter of judgment to be made by considering the model purpose 
and the needs of the client” (J. D. Sterman 2000, 216), our study, 
using permutations of the BDG, advances a more formal under-
standing of how the appropriate level of detail can be determined 
based on model purpose and structural properties. Our findings 
also speak to prior work on disaggregated system dynamics and 
its core research questions: in line with the question of how 
problem characteristics should drive the selection of the aggre-
gation level (Naugle et  al.  2024), our systematic permutations 
of the BDG structure show, for a concrete supply chain setting, 
how model purpose and structural properties jointly determine 
the appropriate level of detail. Building on these results, future 
research should apply this detail-selection approach to other 
supply chain games and real-world case studies, replicate the 
permutation experiments with structurally different compart-
ment models from other domains, and investigate how different 
model validation aspects interact with model detail choices.
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