
 
 

Delft University of Technology

Structural Sculpting: Making Inverse Modelling Generate and Deal with Variable
Structures

Schubotz, Lukas; Chappin, Emile; Scholz, Geeske

DOI
10.18564/jasss.5830
Publication date
2025
Document Version
Final published version
Published in
Journal of Artificial Societies and Social Simulation

Citation (APA)
Schubotz, L., Chappin, E., & Scholz, G. (2025). Structural Sculpting: Making Inverse Modelling Generate
and Deal with Variable Structures. Journal of Artificial Societies and Social Simulation, 28(4), Article 10.
https://doi.org/10.18564/jasss.5830

Important note
To cite this publication, please use the final published version (if applicable).
Please check the document version above.

Copyright
Other than for strictly personal use, it is not permitted to download, forward or distribute the text or part of it, without the consent
of the author(s) and/or copyright holder(s), unless the work is under an open content license such as Creative Commons.

Takedown policy
Please contact us and provide details if you believe this document breaches copyrights.
We will remove access to the work immediately and investigate your claim.

This work is downloaded from Delft University of Technology.
For technical reasons the number of authors shown on this cover page is limited to a maximum of 10.

https://doi.org/10.18564/jasss.5830
https://doi.org/10.18564/jasss.5830


Structural Sculpting: Making Inverse
Modelling Generate and Deal with
Variable Structures
Lukas Schubotz1, Emile Chappin1, Geeske Scholz2

1Energy Transition Lab, Faculty of Technology, Policy and Management, TU Delft, Jaffalaan
5, 2628 BX Delft, The Netherlands
2Department for Resilient Energy Systems, University of Bremen, Konrad-Zuse-Straße 8a
(NEOS), 28359 Bremen, Germany
Correspondence should be addressed to l.m.schubotz@tudelft.nl

Journal of Artificial Societies and Social Simulation 28(4) 10, 2025
Doi: 10.18564/jasss.5830 Url: http://jasss.soc.surrey.ac.uk/28/4/10.html

Received: 21-11-2024 Accepted: 13-10-2025 Published: 31-10-2025

Abstract: When dealing with Agent-Based Models (ABMs), calibration, sensitivity analysis, and robustness test-
ing are often limited to parameter space and seeding, while structural calibration is omitted. However, we know
that model structure necessarily also influences model outcome. Omitting structural calibration would thus
pose a significant hurdle to robust model-based decision support, policy evaluation, and behavioural insights.
Inverse modelling is an explorative modelling approach newly introduced for ABMs, aimed at directly inferring
the generative mechanisms underlying observed outcomes by iteratively posing forward problems to match the
ABM output with the desired patterns. We propose a method that leverages the inverse method on an ABM’s
building blocks to calibrate the model for generative insights structurally. We exemplify this through a case
study using a solar panel diffusion model with Dutch province-level data, for which we operationalise “struc-
ture” through the order and presence or absence of procedures called in the model iteration. Our method shows
that it is possible to vary and evaluate model structures automatically via inverse modelling. We find structures
that fit each province’s solar panel adoption curve well and others poorly, and that variations, structural or in
seed, significantly influence model outcome. We find multiple alternative well-performing model structures
that exhibit large deviations concerning order and even the presence of functions. We exemplify how these
structures can be made sense of and point directions for further real-life investigations and theory-building,
such as the effect of hassle factors or complexity perceptions on adoption rates. With this, we present not an
automated replacement of the participatory modelling process but an add-on to systematically reflect on the
structure, implementation, and validity of the ABM and the theory utilised.

Keywords: inverse Modelling, Structural Calibration, Sense-Making, Validation, Solar Panel Diffusion, Dutch
Energy Transition

Introduction

1.1 In all domains of application, Agent-Based Models (ABMs) display challenges to robust decision support, pol-
icy evaluation, and behavioural insights; this could be due to uncertainty concerning parametric settings, the
structural assembly of the model, or deterministic chaos due to seeding (Dam et al. 2013), but also behavioural
realism (De Vries et al. 2021) or interpretability (Wijermans et al. 2020) and validation (Collins et al. 2024). Much
work has been done on calibration and uncertainty quantification. For example, ten Broeke et al. (2016) and
Naumann-Woleske et al. (2022) discuss sensible ways to perform sensitivity and robustness analyses. Addi-
tionally, Reuillon et al. (2013) provides the cloud platform OpenMOLE for large-scale numerical experiments
and model exploration.

1.2 However, structurally scrutinising ABMs remains challenging to achieve methodologically (Grimm & Railsback
2012) as conceptual uncertainties are difficult to quantify (Hendricks Franssen et al. 2009), and the ABM body of
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knowledge currently lacks a methodological approach for assessing structural changes in a generally applica-
ble manner. Experiments to address this problem have been undertaken (cf. Muelder & Filatova 2018; Vu et al.
2023), however, broad systemic structural variation and validation would be a combinatorial problem yielding a
vast collection of rules, so from "a single model with no sense of how unique it may be [to] the opposite problem
of needing to make sense of a potentially vast collection" (Collins et al. 2024, p. 15) for which there is no gen-
eral approach or methodology either. In this research, we conjecture that – while an upper bound on possible
structural changes exists in principle – the effective upper bound is resource-related and pragmatic rather than
theoretical, and we propose a prototype to handle such a combinatorially large search and evaluation process.

1.3 In this work, we denote by “structure” the list of rules or function calls that make up one iteration of an agent-
based model; this includes the presence or absence of functions as well as their ordering.

1.4 While the “forward problem” of an ABM moves from cause to effect, from given initial conditions to an un-
known model outcome, the “backward” or “inverted problem” determines the unknown initial conditions that
produce a given model outcome. This we call “inverse modelling”, moving from effect to cause. Analytically in-
verting ABMs, however, is unlikely to be feasible1 and instead, multiple forward problems are iteratively posed.
Based on prior differences, the output data are compared to the data to be matched, thereby enabling data-
targeted model exploration. Inverse Generative Social Science (iGSS) has recently been proposed as a data-
driven methodology for such targeted macro-level pattern matchings for ABMs (Epstein 2023). Applications of
iGSS thus far range from opinion dynamics and flocking behaviour (Greig et al. 2023), residential segregation
(Gunaratne et al. 2023), irrigation (Miranda et al. 2023), and alcohol use (Vu et al. 2023). The concept itself has
been introduced similarly as Pattern-Oriented Modelling (POM) in the work of (Grimm et al. 2005; Grimm & Rails-
back 2012), or discussed in circles outside of ABM as more generally “inverse simulation” (e.g., Murray-Smith
2000; Hendricks Franssen et al. 2009; Zhang et al. 2024; Tian 2023).

1.5 The prototype we propose for a general approach and methodology to generate and assess structural changes
leverages the inverse data-driven approach – iteratively posing optimisation problems to minimise the differ-
ence between model output and given observation data – to guide the search process through the option space
of structural calibration. Thus, the research question that guides these efforts reads: How can inverse modelling
be made to deal with and evaluate variable model structures?

1.6 This research encompasses several novel elements. The main contribution is methodological, as a general way
of automatically generating and evaluating structural alternatives of a modularly set-up NetLogo (Wilensky
1999) model is proposed. Our code is openly available, reasonably fast, uses genetic and machine-learning-
based search techniques, and is designed to give the modellers insight into all model evaluations undertaken.
We illustrate the potential of our approach by demonstrating the structural exploration of a model to exem-
plarily match data on Dutch province-level residential solar panel adoption rates. We further present steps for
exploratory sense-making after modelling. While our focus is methodological, understanding these dynamics
is an important part of accelerating the energy transition, which urgently demands significant changes to the
complex energy system and is an important societal goal.

1.7 The paper is outlined as follows: The next section will review the literature on existing inverse approaches,
ABM validation, and structural ABM modifications. Thirdly, the methodology section will clarify notions used,
cover code and data availability, present the case, model, and data, and elaborate on the approach. Fourthly,
the analysis will present the results, including an analysis of the structures identified. The discussion will go
deeper into the core findings and reflect on the results, focusing on the case, the field, the inverse method, our
approach and its limitations. We conclude with an outlook on future work.

Literature Review

2.1 In this section, we first review existing inverse approaches with a focus on both model-based optimisation and
recent work on inverse modelling, followed by work on validation in ABM and the role that inverse modelling
may play. Thirdly, we discuss structural modifications within ABMs and reusable building blocks (RBB). Finally,
we position our work within the existing body of literature, integrating it while highlighting its distinct aspects.

Existing inverse approaches and in agent-based modelling

2.2 In model-based optimisation contexts, the “forward problem” denotes the problem where the input is given
and the system or model output is observed. “Inverse”, by contrast, denotes the process of iteratively guessing
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and refining the input of a system to match the observed output with given empirical data by minimising a
comparison metric.

2.3 Various disciplines operationalise the inverse principle to study non-linear problems, be it for external valida-
tion using historic temporal data and data gathered from corresponding experiments or gaining “insights about
model deficiencies which may not be so obvious from conventional output response comparisons” (Murray-
Smith 2000, p. 240).

2.4 “Modelling” is a broadly used term in many fields, so the same applies when adding the prefix “inverse”: Hen-
dricks Franssen et al. (2009) praise inverse modelling a “key step” and describe and compare seven methods
for equation-based inverse modelling that are – as Carrera et al. (2005) point out, fundamentally identical and,
thus, all – influenced by three factors contributing to uncertainty: conceptual, measurement, and parameter un-
certainties. On the latter, there is a predominant focus because it is believed that “parameter uncertainty is the
most relevant factor” and that “conceptual uncertainties are difficult to be formalised in a rigorous mathemat-
ical framework” (all quotes: Hendricks Franssen et al. 2009, p 851). Indeed, in their review, Zhang et al. (2024)
outline parameter estimation methods for agricultural modelling and provide a decision tree for selecting the
appropriate method based on model type, and Murray-Smith (2000) formalise the problem of and iterative so-
lutions to “inverse simulation” for aerospace engineering and aircraft applications.

2.5 As for agent-based simulations, early works on inverse modelling done by Kurahashi et al. (1999) (see also:
Kurahashi 2018; Terano 2007) discuss mathematical and conceptual frameworks for inverse simulation, the
latter being focused on genetic methods to deal with their large parameter space (which Payette 2024 terms
the “curse of possibilities”) and accepting multiple valid solutions. Their discussion of comparing model output
with observation centres around and combines the inverse approach with Pattern-Oriented Modelling (POM)
as introduced and discussed in the works of Grimm & Railsback (2012) or Grimm et al. (2005). POM means the
“multi-criteria design, selection and calibration of models of complex systems” (Grimm & Railsback 2012, p.
302) and is, as such, well separated and complementary to the inverse approach. Being multi-criteria-oriented,
POM acknowledges and stresses the multifacetedness or co-occurrence of phenomena in complex, dynamic
systems under study.

2.6 For inverse modelling for ABMs and, specifically, social simulation, we must list the special issue from March
2023 in the Journal of Artificial Societies and Social Simulation, which includes the works of Epstein (2023),
Gunaratne et al. (2023), Greig et al. (2023), Miranda et al. (2023), and Vu et al. (2023) discuss inverse Generative
Social Science (iGSS) in various fields of application. iGSS denotes leveraging inverse modelling for genera-
tive social science (Epstein 1999). Practically, iGSS resembles symbolic regression (Udrescu & Tegmark 2020),
combining model primitives with operators via genetic programming to fit the ABM output to a given set of em-
pirical targets. As such, iGSS forms one approach of utilising the inverse method for agent-based modelling and
is suitable for explaining various phenomena by growing them (Epstein 1999, 2023).

2.7 In the special issue, shared agreement is expressed that iGSS holds the potential to test many different theories
and feed back into social science. However, this conceptually novel approach also encompasses the following
teething problems: Epstein (2023) underlines the necessity for “suitable” data (cf. Epstein 2023, 6.13), and Greig
et al. (2023) and Gunaratne et al. (2023) discuss effective search processes that deal with complexity measures
of rules found and difficulties regarding their interpretability concerning overfitting. Their discussion connects
to that of Vu et al. (2023), who further raise questions about the comparability of theories found, the lack of
reusable building blocks, and the need for a “joint structure-parameter calibration” (cf. Vu et al. 2023, 7.3).

2.8 We further see the problem caused by the stochasticity inherent to ABMs and the resulting chaos it may cause.
In other words, ABMs involve randomness determined by the seed, giving the output not a deterministic but a
probabilistic character. Consider the agent task to “select one other agent within your vision radius” to exem-
plify this chaotic behaviour. Choosing an agent is random, yielding a distribution of outcomes. If vision radius
is a parameter, there is now a parametric dependency of this distribution. While Miranda et al. (2023) mention
stochastic elements in agent behaviour, they do not delve into the specific implications of deterministic chaos
or the role of random seeds. Indeed, the iteratively posed forward problems are based on prior assessments
that need to be trusted, e.g. when employing learning algorithms. Thus, the iterative nature of inverse mod-
elling may multiply the challenges inherent to ABMs.

2.9 Despite these challenges, the inverse approach is a way to handle a target-oriented model exploration of a
large space of options, thus worth considering and exploring. The challenge then presents itself in statistical
measures to handle the uncertainty and, as a result, in methods to evaluate and interpret the large amount of
data created.
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Validation in agent-based modelling

2.10 Indeed, a word on validation is necessary. Later in this article, we use the inverse method to assess valid and
alternative structures of the ABM. Validation is a key component to an ABM’s credibility, which Collins et al.
(2024, p. 1) define as the “the process of determining if a model adequately represents the system under study
for the model’s intended purpose (Erdemir et al. 2020; Grimm et al. 2020; Sargent & Balci 2017); this definition
could be simplified further as building the right model (Balci 1998)”. In their article, Collins et al. (2024) discuss
nine methods for validation, including iGSS, which, in our opinion, extends seamlessly to inverse methods in
general: As inverse methods require data to compare the model results to, “the process itself includes a ‘built-
in’ validation-support method in the form of the fitness function” (Collins et al. 2024, p. 15). Through this,
the modeller can present quantitative results about and statistical properties of the performance of the many
simulations undertaken, helping to build credibility. However, as large as the space of possible combinations
of primitives may be – posing yet another challenge in itself – no novel behaviours can be expected but only
combinations of those specified a priori (Collins et al. 2024, p. 15).

2.11 To aid this, automated search pipelines as inverse methods could be equipped with automatic statistical de-
bugging methods such as those of Gore et al. (2017). Their strategy is to perform trace validation, tracing being
“periodically collecting data from a simulation during execution” (Gore et al. 2017, p. 1), and statistical analysis
ex-post to relate the tracing result to the output. Therefore, they can identify the model characteristics that
cause the output. Such methods hint at the potential effectiveness of automated search methods in exploring
and analysing an ABM’s structure-parameter space.

2.12 This review is not an exhaustive representation of the work done on validation, but focuses on validation through
inverse methods. For a literature review-based framework to integrate validation and evaluation, we refer to the
work of Augusiak et al. (2014), who aim to assess quality and reality more comprehensively and transparently.
For a meta-theoretical framework for inter-model comparison, we refer to the work of Graebner (2018).

Structural modifications

2.13 Model structure or architecture, reflecting conceptual assumptions made and uncertainties therein (Hendricks
Franssen et al. 2009), is rarely tackled. Indeed, “structure” is a difficult concept to define and, thus, to formalise
and calibrate. One distinction between model parameters and structure is drawn in the essay of Payette (2024),
who notes that parameters are “scalar” values within a model – such as numeric, logical, enumerated, all to-
gether with their bounds and steps, whether they are fixed or free (cf. Payette 2024, p. 607) – while structure
involves the arrangement and interaction rules of agents. While parameters can be explored with automated
methods as laid out above, structural changes require a deliberate, formal approach. Payette (2024) empha-
sises this distinction as crucial, as adjusting parameters does not alter the model’s fundamental nature, but
changes in structure can significantly impact its behaviour and outcomes. We agree with this and call for think-
ing structure and parameters together as decisively outcome-influencing model components.

2.14 Few works notably investigate structural changes to ABMs: Muelder & Filatova (2018) show how three formali-
sations of the theory of planned behaviour lead to different outcomes in results, making ABM outcomes more
nuanced to interpret beyond parametric uncertainty and chaos. Meanwhile, Jensen & Chappin (2017), Vu et al.
(2023) connect the inverse modelling approach to structural model changes, whereas Vu et al. (2023) parame-
terise their model using three different social theories and discuss the challenges of joint structure-parameter
calibration, Jensen & Chappin (2017) lay out a more general way of selecting suitable models to run inverse
simulations and discuss four in depth. Thus, with only three or four structures discussed each, these efforts
on structural calibration are far behind the work done for parametric model calibration. While a few more au-
thors are moving in this direction, the number of works pales compared to those concerned with parametric
calibration, sensitivity, or robustness.

2.15 Related to structural modifications to ABMs, the efforts around reusable building blocks (RBBs) must be men-
tioned and reviewed next. Grimm et al. (2022) define building blocks as “submodels describing processes that
are relevant for a broad range of ABM in a certain application domain”, inferring a local generalisability and
reusability to them beyond an individual model. Such standardised or reusable building blocks may improve
the validity, scrutiny, transparency, and reproducibility of the ABM and its results (Lee et al. 2015), which are
crucial for the applicability and use of the ABM in, e.g. policy advice. As discussed above, experiments with
building blocks remain scarce because efforts to provide these in a standardised form and repository remain
nascent. RBBs have been discussed most recently through Berger et al. (2024), whose repository will be merged
with: agentblocks.org/.
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2.16 We have laid out how “structure” is an ambiguous, open-ended concept. We understand “structure” as the qual-
itative design, architecture, rules, and organisation of the model, building the frame of reference within which
the parameters are embedded and varied. In this research, we operationalise this definition by equating the
“(model) structure” with the list of rules or function calls that make up one iteration of an agent-based model.
Thus, given a base model, we can create variations, i.e., (model) structures that are alternative candidates to
explain the phenomenon studied, potentially revealing

1. structural redundancy by discovering unnecessary loops or, on the other hand, quintessential ingredi-
ents.

2. structural sensitivities or insensitivities which may point to a generalisability of the dynamic studied with
regard to case specificity

3. equifinalities, i.e. a set of distinct yet result-equivalent structures.

2.17 These may yield a richer discussion and scrutinise social theory building beyond parameter calibration. In-
deed, consider the case where two distinct structures give the same result. This equifinality would imply that
permutation has no effect on the outcome, and thus, the model’s variables would be independent. Investigat-
ing whether or not this is indeed the case according to the theory employed in an interdisciplinary setting opens
up areas for future investigation, reveals biases, or scrutinises model implementation and may significantly ad-
vance theory building.

Embedding and positioning

2.18 There is a need for and a lack of structural scrutiny and calibration in ABMs, and a targeted methodology is
necessary for navigating the vast space of options. To address this need and fill this gap, we provide a Python
wrapper based on PyNetLogo (Jaxa-Rozen & Kwakkel 2018) for modularly written NetLogo models. The wrapper
automatically generates and evaluates alternative ABM structures.

2.19 This effort connects to existing inverse modelling approaches by applying and extending the inverse approach
to model structures. To be precise, it lets learning genetic algorithms create structural variations and evaluate
them against real data iteratively. It is, however, distinct from the work of iGSS, which more resembles symbolic
regression with primitives combined by operators. In contrast, our approach does not discover new functions
but new function call orderings (which we term “structure”) that aim to reproduce a given empirical outcome.
Thus, while iGSS explores structural alternatives within a model by combining primitives with operators, our
method generates alternative models by reordering calls of existing functions. The two approaches differ in the
granularity and scope of their structural units but are similar in ends: generating model-based hypotheses to
inform underlying theory.

2.20 Furthermore, this effort relates to RBBs. While RBBs aim to standardise common functions or algorithms in ABM
research, theoretically equivalent building blocks may differ in formalisation (Muelder & Filatova 2018) and,
therefore, result. However, systematically allowing the testing of formally different but theoretically equivalent
building blocks in a model structure may scrutinise the building blocks further and allow testing of the robust-
ness of the result with respect not only to the underlying theory but also to the implementation. Our approach
is suitable for RBBs and individual lines of code written within a single block using a base alphabet (“primitives”
in the iGSS literature).

2.21 Thirdly, our approach represents another perspective on inverse modelling and search pipeline to reveal equi-
finalities rarely explored by modellers, offering a novel perspective on structural aspects and flexibility of ABMs.
More specifically, inverse modelling techniques such as iGSS or our approach can significantly advance theo-
retical understanding and (empirical) validation of ABMs.

Methodology

Glossary

3.1 Before continuing into the technicalities, it is worth defining the notions we will use.
• A “structure” is an ordered list forming an iterative rule that makes up one iteration of an agent-based

model.

JASSS, 28(4) 10, 2025 http://jasss.soc.surrey.ac.uk/28/4/10.html Doi: 10.18564/jasss.5830



• The notion “run” denotes one single evaluation of a rule over a fixed number of ticks or iterations.

• Such a run can be “dynamic” or, equivalently, “valid” if the output is changing2; in our case, the model
output is a curve in the form of a Python list, and a dynamic run would be a run for which the reported
values are changing over time.

• A “mutation” is a specific change applied to a structure that produces a new structure: The options for a
mutation are to either add a new function to the structure, remove one, or permute two functions. The
functions are those of the base model (see Algorithm 1). The range of mutations were restricted, e.g., the
maximum length could not exceed that of the base model, i.e. no function used twice, and similar for a
sensible minimum length. The space of possible mutations for a structure is called the “mutation space”.

• The terms “fitness” and “error” are used to describe the quality of a run. We are concerned with a min-
imisation problem, so a high error corresponds to a low fitness and vice versa.

• A “candidate” is, first of all, a candidate model and, as such, an alternative to the base model. In our code,
a candidate is a class instance that holds a structure (to be mutated) and a fitness score (to be minimised),
which is the comparison value of the model outcome and the data. At the start of the program, a popula-
tion of candidates is initialised with their structure (orself.actions in the code) being a random sample
of the original model’s functions, see Algorithm 1. The candidates are mutated in each generation, i.e., a
mutation is applied to their structure.

• This is done by the “mutator”, a higher-level instance that operates on the candidate instances. It eval-
uates the space of available mutations for a candidate’s current structure, selects one, and applies it
to change the candidate’s structure. The mutator can operate randomly or be “learning” (also: “non-
random”). In this case, a model is trained on the mutation selected and the fitness outcomes for improved
mutation selection. For more details on the internal workings, refer to the Approach Design subsection
and Figure 2 therein showing the distinction between random and learning mutators.

Code & model availability

3.2 You can find code and model used for this project in a repository on the TU Delft GitLab3. The code is available
under Apache 2.0 license or, together with the data generated during the experiments, on the 4TU Repository4,
also under Apache 2.0 license.

Case, model, and data

3.3 The energy transition in the Netherlands can be said to happen “on the ground” as residential solar panel adop-
tions have increased drastically (over 2600% from 2012 until 2021) as shown by Zhang et al. (2023, fig. 1). By
the end of 2022, a total of 7.2TWh of renewable energy had been generated with small onshore solar energy
projects, reaching the declared goal of at least 7TWh more than 7 years in advance (Willigenburg et al. 2023).
The Netherlands is not famous for its many hours of sunlight or good weather, making its success story a com-
pelling case for understanding the dynamics that drive residential solar panel adoption. Robust results may
well inform policy or adoption strategies in other countries. Therefore, while we do not present a fully fleshed-
out case study, we exemplify our approach with the real and relevant study of Dutch residential solar panel
adoption.

3.4 We operationalise this case using the NetLogo model of De Wildt (2014) for residential innovation diffusion and
adoption, which was developed for and applied to residential solar panel adoption based on Rogers’ Theory
of Innovation Diffusion (Rogers 2014). The model was chosen due to its fitness for the requirements, both case
and data-wise, but the code is also modularly written, meaning that the iterative rule of the ABM consists of
function calls. The model had to be modified in two instances (see Appendix A) to allow for smooth variation of
the building blocks, and the modified version is available in the repository. Figure 1 is an illustrative screenshot
of the model.
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Figure 1: Screenshot of the model of De Wildt (2014).

3.5 In the model, agents are households starting without a technology, of which there are two competing for adop-
tion: Solar panels and not solar panels as a conscious consumer choice. Through word-of-mouth of neighbours
and friends and random interactions, households communicate about the technologies and decide whether
to adopt them. Complexity, triability and observability, and compatibility of the technology are set as well as
population parameters like memory, learning rate, and, following (Rogers 2014), a division into innovators, early
adopters, early majority, late majority, or laggards (De Wildt 2014). The original model’s go function is described
in Algorithm 1. Our operationalisation of model “structure” was to equate it with a modified go function. Thus,
structurally calibrating the model means generating and testing variations of alternative combinations of this
go function by leaving out or permuting the elements of Algorithm 1.

Algorithm 1 Original Go Function of the model of De Wildt (2014)
1: update_status_product ▷ update products’ status (depending on development cyclus & learning curve)
2: update_awareness_list ▷ each household updates their memory of product awareness
3: update_complexity ▷ each household updates their knowledge of product complexity
4: update_compatibility ▷ each household updates their knowledge of product compatibility
5: update_relative_advantage ▷ non-adopters process new info and partially forget
6: update_households_with_without_product_encountered ▷ Track household encounters without product
7: update_memory_minimum_time_between_2_decisions_ON ▷ update memory list between 2 decisions
8: setup_interactions_neighbors ▷ update interactions with neighbors
9: setup_interactions_random ▷ update interactions with random other households

10: check_for_awareness_of_interactions ▷ evaluate if there are enough interactions to become aware
11: receive_information_from_interactions ▷ evaluate whether enough information is received
12: make_final_judgment_enough_information ▷ final judgement if there is enough information to decide
13: evaluation_relative_advantage_product ▷ households evaluate whether enough savings can be made
14: evaluation_complexity ▷ (if prospect theory is on) households evaluate purchase risk
15: evaluation_compatibility ▷ evaluate whether product is reliable enough
16: evaluation_observability_triability ▷ evaluate whether product could be observed and tried enough
17: final_judgement_evaluation ▷ final judgement whether characteristics of product are satisfying
18: for_monitoring ▷ variables are calculated for monitoring in the interface
19: neighborlinks_die ▷ Redraw neighbour interactions to distinguish between interactions per tick
20: randomlinks_die ▷ Redraw random interactions (friend interactions remain untouched)
21: tick

3.6 The data are Dutch province-level solar panel adoption rates extracted from the Central Bureau of Statistics
on a time frame from 2012 to 2019 (CBS 2019). This time frame is chosen due to, firstly, data availability and
data consistency, as after 2019, a new scheme for counting solar panel adoptions has been implemented, and,
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secondly, to provide a clear, homogeneously produced dataset that is not at risk of being perturbed by the
COVID-19 pandemic. The household data are on the province level and from the same time frame (CBS 2024) as
the PV adoption data. The PV adoption curves for each province are generated from the residential PV adoption
count CBS (2019) and the household data CBS (2024).

Approach design

3.7 This subsection elaborates on the Python-based wrapper we built and how it works.
3.8 Ta start, the Python wrapper initialises a population of candidates and evaluates each by running it, i.e. running

the alternative model and comparing the model output with the target data. Then, for every generation, the
mutator instance selects a mutation from the available mutation space, applies it to the candidate-held struc-
ture, and re-evaluates the candidate’s fitness. As noted in the glossary, a mutation can add a function to the
structure that is not already part of the structure (from the pool of functions, see Algorithm 1), remove one func-
tion from the structure, or permute two within the structure. Recall that these options for mutation constitute
a candidate’s mutation space. While random mutators select any mutation, learning mutators hold a model in-
stance (such as a random forest regressor) to select mutations. They do so by encoding the mutation space into
a machine-interpretable format and predicting the change in fitness, selecting the mutation that is predicted
to result in the largest reduction of the error value. The model’s internal prediction weights are updated when
the mutator is trained on the results of these runs. To kick off the learning process, learning mutators select a
random mutation. This workflow is visualised in Figure 2.

3.9 Since the space of possible or allowed structures for the chosen model exceeds 1020 model structures5 (not
including parameter space), genetic algorithms are chosen to modify the structure one step at a time, either
inserting or removing a function or permuting two. The new structure is evaluated using one fixed parameter
set over two runs, i.e. only the seed being varied; see Tables 1 and 2 for the parametrisation. While, naturally,
two runs do not provide enough data to determine meaningful statistical support for the analysis, this is a sim-
plifying choice targeted at showcasing the ability of the method we propose and at keeping comparability and
simplifying the analysis. The code is set up so that multiple parameter sets can be tested over many more runs,
too.

3.10 In our case, the model output is a curve as a Python list type. We report the number of households that
have adopted product 1 at each tick. The resulting curve is compared to the real data using fast dynamic time
warping (fastdtw) (Salvador & Chan 2007). Dynamic time-warping techniques are no metric in the mathematical
sense but measure the similarity of two curves by aligning their time axes to minimise their cumulative distance
(Tavenar 2021). This allows for the comparison of curves differing in length when point-wise methods cannot
be employed; indeed, this is the case, see Figure 5 for a side-by-side view of the data and model output. Other
time series alignment algorithms are possible, but fastdtw has been chosen for computational speed. The x
axis of the input data is in years, and of the model output in ticks that do not necessarily relate to real time
units. Thus, a low or high fastdtw-based error value merely means that the curves are dissimilar or similar.

3.11 Lastly, the model output was not pre-processed or modified before being compared with the PV adoption data.
This simplifying choice has important consequences: The model will run for a fixed number of iterations and
may reach 100% PV adoption. Meanwhile, the Dutch transition has not finished, and we yet lack data beyond
today’s adoption levels. This discrepancy makes the model output and data difficult to compare: In a scenario
where all available points are matched exactly by the simulation and then continued from there, we would
have a perfect fit over the observed range and then more data points from the simulation. Due to the resulting
dissimilarity of the curves and the metric chosen, this output would still be associated with a high error value.
This underscores the dependency metric chosen. One has three options to avoid this: First, select time series
alignment methods that allow partial fit. Second, trim the model output to fit the real data best by, e.g. cutting
off at the highest shared y-value. Third, novel approaches, e.g., a weighted metric, should be developed to treat
unobserved future data differently and navigate this difficulty regarding interpretability. Still, each option has
other implications and trade-offs, and we will return to these questions in the discussion.
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Figure 2: Conceptual visualisation of mutator workflow: The available option space is generated for each can-
didate’s structure. A random mutation is selected if the mutator is random; otherwise, the mutation space is
encoded, predictions are made, and the best-predicted mutation selected. In either case, the selected muta-
tion is applied to the candidate’s structure (variable self.actions in the code), and the fitness is re-evaluated.
In the case of a non-random mutator, these new fitness values are used to train the mutator, i.e. updating the
prediction weights.

Ex-post analysis and sense-making

3.12 The prototype presented serves as a sampler for structural variations of the model. Each iteration is recorded,
enabling the analysis of all the runs and thus extracting patterns or individual runs. For a dataset of 20.000 runs,
we select an exploratory K.I.D.S. (“Keep it descriptive, stupid!”) approach of Edmonds & Moss (2005) who argue
that an “anti-simplistic” way of dealing with the data may reveal more profound insights.

3.13 While we circle back to the specifics of the case, “proper” sense-making is out of the scope of this paper and
will have to be left for future work. Furthermore, due to the lack of general approaches for sense-making, this
work approaches the data analysis through simple, conceptual two-by-two categorisation of fitness quality
and plausibility as sketched in Figure 3. For a discussion of the term “plausibility”, we refer to the discussion
and leave it as the working definition of “not implausible”. This categorisation is reflected on in the discussion
section.

Figure 3: Fit-plausibility framework for the analysis.

3.14 Each structure, “plausible” or not, will have a fitness score on the y-axis and a conceptual (unknown, difficult
to quantify) plausibility value on the x-axis. We can identify four quadrants:

• Structures with a high fit quality that (unknown to us) are plausible are the unicorn and the main interest
for further analysis. If we can find these and make sense of them with the help of domain experts, so-
cial scientists, and theorists, we have achieved the ideal of (inverse) generative social science and social
simulation.
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• Structures with high fit quality but (unknown to us) non-nonsensical are arguably dangerous to feed back
into social theory or policy advice. Sorting these out is crucial to avoid bias, (over-)fitting, and other
distortions.

• Structures with a poor fit, i.e. a high error, and (unknown to us) not plausible are termed “ridiculous”. The
blunt term is chosen to signal that these structures that hold the worst results in both content and fitness
are far from being of primary interest for serious investigation or discussion with domain experts.

• Structures, models with a poor fit but, again, unknown to us, high plausibility, are of interest, too. An-
swering why a model cannot grow a phenomenon it is supposed to grow allows insights into both the
implementation and the theory. However, this is of secondary interest due to the importance of the uni-
corns and is thus put into parentheses.

3.15 The analysis will aim to sort the values into these categories. First, an exemplary data analysis will be conducted
using a single candidate. Then, our attention goes to the entire dataset of all runs: A subset of the data produced
will be considered by sorting out runs and structures that do not produce any dynamics and are thus not of
interest. This is a simplifying choice that we take to make sure we perform our analysis only on valid models;
we ground this choice in the fact that the model in its original form has been validated by De Wildt (2014), and
now select the ones that are “fit-for-purpose” of performing a first, error-based analysis. We later turn towards
an integrative pluralistic approach (Mitchell 2009) that takes the stance that multiple models can be correct,
although their assumptions conflict.

3.16 For the remaining data, the error distribution has a heavy tail with very high error values, making up about
15-20% of the data. For this, pruning will take place using the method described in Appendix B. From a half-
violin scatter plot in Figure 9, see that even just the well-behaved, well-performing part of the data remains
chaotic, i.e. no clear distribution. We argue that non-standard methods would be necessary to deal with the
resulting complexity in the data. We then loop back to structures, identify the unicorn, ridiculous, dangerous,
and interesting runs, and visualise them in a dimensionality-reduced way that maintains their spatial distance.
We conclude by analysing a set of the most distinct unicorns.

Setup & runs

3.17 In total, 20000 different model structures have been evaluated. The computational setup used is the TU Delft’s
supercomputer DelftBlue (DHPC 2024). The parameter set used for all runs can be found in Table 1 for the
products and Table 2 for the agent population.

Category Product 1 Product 2

Switch True True
Learning_rate 0.88 0.96
Relative_advantage 1.6 1.0
Compatibility 1.0 1.0
Complexity 1.0 1.0
Triability_and_observability 1.0 1.0

Table 1: Model parameters for Product 1 and Product 2.

3.18 The parameters of Table 1 represent two technologies competing for adoption, solar panels versus not adopt-
ing solar panels. Both products are set equally for compatibility, complexity, and trialability and observability,
making them similarly viable, user-friendly, and observable within the social system. The differences in learn-
ing rate and relative advantage between the two products highlight the assumed adoption dynamics. Solar
panels (Product 1) have a lower learning rate to indicate a need for adaptation. In comparison, the status quo’s
higher learning rate reflects minimal learning as users are already familiar with conventional energy sources.
The relative advantage of solar panels showcases perceived benefits like cost savings and environmental im-
pact, whereas the status quo indicates no additional benefits beyond familiarity.
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Parameter Value

Random_interactions True
Friend_interactions True
Neighbor_interactions True
Normality_of_adopter_properties False
Memory 3
Variation_of_SD_normal_distribution_properties_of_adopters 0.5
Switch_all_same_category False
Duration_information_validity 30

Table 2: Population parameters aimed to, firstly, make a population not at the extremes of the designed param-
eter spectrum and allow all types of typical interactions between agents, i.e., neighbour, friends, and random
interactions.

Analysis

4.1 With no general approach or methodology for analysing structural variation, we have conducted an exploratory
analysis of the data created. Our exploratory analysis is split up into two parts: first, an analysis of one single
candidate over time, which will show key properties of the data, and then for the whole dataset that will fol-
low the same lines in more depth. We have selected this approach to inspire other researchers approaching
such kinds of data sets. Thus, we will investigate the error distributions using plots and, more informatively,
statistical tests.

Exemplary analysis of one single run

4.2 Candidate3f597636-e8a7-47f1-87d9-01117311f33fwas chosen because out of its 150 runs (one candidate
being mutated throughout 75 generations with two runs per structure each), it produced 37 valid runs, which
is a comparatively high value.

4.3 We compare its output against the data of the Dutch province Utrecht and visualise the errors over time in Figure
4 for two runs per structure; i.e. same setting but letting the seed vary. Note that the figure has a log-scale on the
y axis to give more detail to the lower values and less emphasis to the higher values. Orange markers indicate
“valid” runs, i.e. runs that produced a dynamic, and blue markers show invalid runs. Each structure is evaluated
twice, and the run number is indicated via the marker’s shape.

4.4 We see that most of the 150 runs did not produce a dynamic (indicated by blue markers), which may be due
to NetLogo errors or simply no dynamics. Those that create a dynamic (orange markers) can perform better or
worse than the flat line that invalid runs return. Interestingly, 37 runs produce a dynamic, meaning that at least
one structure once did and once did not produce a dynamic. This would suggest that for at least one structure,
it was dependent on the seed whether or not a dynamic was produced.
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Figure 4: Log-errors over time for the structures of one single candidate, i.e. family of structures, being mutated
over 75 generations. Note that we perform two runs per structure, i.e., the same setting but letting the seed
vary. The lowest and highest error values are encircled in red for reference in the text; their error values are 14.1
and 221.9, respectively.

4.5 Next, we aggregate the error values, i.e. drop the generation values and focus on the error value distribution of
the valid runs (i.e. the distribution of the y-values of the orange markers of Figure 4) as the invalid runs distort
the data and hinder further analysis. Contrasted to the Utrecht data (on the left), the right of Figure 5 displays
the model output curves that underlie the error values of the markers of Figure 4. The error distribution shows
the error distribution and is based on a symmetric kernel density estimate. We see that even after sorting out
the invalid runs, the distribution is still stretched by runs that produce a dynamic but with high error values.

Figure 5: Visualisation of the data points of the adoption curve of the province of Utrecht (left) and the curves of
one single candidate, i.e. family of structures (right), together with an error density plot based on a symmetric
kernel density estimate. An explanation of how the errors are calculated can be found in 3.10.

4.6 Indeed, these distribution outliers are worth investigating. For this, we visualise the quantile-error relation
in Figure 6 for the quantile ranges [0.0, 1.0], [0.0, 0.8], and, zooming in on the interesting part, [0.78, .0.91] on
the x axis, and the corresponding error cut-off on the y axis. We can see how the errors are in an exponential
relationship to the quantile. For our single candidate, i.e. a family of structures, and in the case of Utrecht, the
error value as a function of the quantile “takes off” just above 0.8. We select the “well-behaved” subset using
the pruning method described in Appendix B to continue the analysis.
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Figure 6: The relationship between quantile value and corresponding error value cut-off for the quantile range
[0.0, 1.0], [0.0, 0.8], and [0.78, .0.91].

4.7 Comparing these three datasets created using descriptive statistics, we get a breakdown of how the data is
structured. An overview is given in Table 3 and is now elaborated on.

Type Sample Mean Med MAD Std Var Min Max Range

Error (all) 150 52.6 54.9 0.0 20.4 4.2× 102 14.1 221.9 207.8
Error (only valid) 37 46.0 38.3 7.7 40.8 1.7× 103 14.1 221.9 207.8
Error (well-behaved) 30 32.8 34.6 9.5 10.3 1.1× 102 14.1 45.9 31.8

Type Skew Kurt IQR CV 10th %ile 90th %ile Jarque-Bera

Error (all) 5.3 40.6 0.0 0.4 34.6 54.9 1.1 × 104

Error (only valid) 3.3 10.5 18.7 0.9 19.5 63.2 2.4 × 102

Error (well-behaved) −0.3 −1.2 15.9 0.3 18.1 45.0 2.4

Table 3: Statistical summary of error types for one single candidate for the province of Utrecht. “Sample” refers
to sample size, “Med” to median, “MAD” to median absolute deviation, “Std” to standard deviation, “Var” to
variance, “Min” and “Max” to the minimum and maximum value, respectively, “Kurt” to kurtosis, and “IQR” to
interquantile range, so the range of the middle 50% of the data.

4.8 Naturally, the sample size decreases as we select a subset and a subset of that subset. Similarly, we select
better and better-rated values and mean and median shrink. It is noteworthy how the standard deviation first
increases and then decreases. A high standard deviation combined with a low median indicates that while the
bulk of the data is centred around a lower value, extreme outliers increase variability. This is strengthened
through a median absolute deviation (MAD) of zero at first and then showing more dispersion of the data.

4.9 As we sort out invalid and poorly performing runs, variance increases and decreases afterwards. The invalid
runs comprise a large portion of the initial distribution, giving outliers less relative weight. Focusing on the
well-behaved quantile, i.e. the top 83%, naturally reduces variance.

4.10 Similarly, both skew (asymmetry) and kurtosis (tailedness) values shrink and even turn positive to negative in
the last step as the outliers are cut off, leaving the distribution less dominated by its tail.

4.11 In the first step, the inter-quantile range (IQR) value is zero, which can be considered extreme, meaning that the
centre data is tightly clustered, as we have observed in the amounts of non-valid runs. Only the values of the
10th and 90th percentiles show variation. The 10th and 90th percentile values are the error values where the
10th and 90th percentiles begin, respectively.

4.12 Lastly, the Jarque-Bera value, testing for a normal distribution, decreases by an order of 102 each step, which
marks a significant reduction. A value of 2.4 suggests that the distribution is not significantly different from
normality. However, a sample size of 30 makes us cautious to assume this generally, and we will come back to
this when analysing the entire dataset.

4.13 From this exemplary analysis, we learn that it is likely that a data analysis purely based on error values should
rely on non-standard techniques equipped to handle non-linearity and non-normality.
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4.14 Lastly, we selected two candidates that generated the minimum and maximum error of all the valid runs and
compared them to the original highlighted in Figure 4. The heat map Figure 7 visualises this, translating numeric
values of placement into a colour gradient and providing an intuitive representation of similarity: The harmo-
nious colour progression in the structure shows alignment with the original, while disruptions in the gradient
show deviations. This method facilitates easier detection and interpretation of differences between structures
by emphasising visual patterns rather than numerical values. Table 6 presents the tabular overview of what
functions the individual digits refer to.

Figure 7: Task sequence heat map comparison of original structure to minimum & maximum error structures
(as marked in Figure 4). This figure is to be read as follows: “Original” is the baseline ordering of the model
of De Wildt (2014), and each function is assigned a unique colour by its position in the structure. Below that,
alternative structures are visualised using that same colour map; in this case, the structures that produced the
minimum and maximum error, respectively. Thus, the colour shifts relative to the original show how and where
the order of functions differs. This rationale for visualisation is also used in Figure 14.

Analysis of all runs conducted

4.15 Of the 20.000 runs, 444 produced a changing curve, while all others remained flat. This suggests that most
structures tested produce internal NetLogo errors or compile but do not work. We move forward using only
the 444 structures that created a dynamic. These remaining, valid structures are evaluated against the data of
each province. Table 4 provides a comprehensive overview of the resulting error distribution and will now be
discussed.
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Province Sample Mean Med MAD Std Var Min Max Range

Drenthe 444 89.3 68.4 15.9 129.3 1.7× 104 18.1 1.9× 103 1.9× 103

Flevoland 444 80.3 48.5 14.5 151.4 2.3× 104 12.5 2.1× 103 2.1× 103

Friesland 444 84.4 55.8 17.0 145.0 2.1× 104 16.6 2.0× 103 2.0× 103

Gelderland 444 74.5 40.2 12.4 156.7 2.5× 104 10.5 2.1× 103 2.1× 103

Groningen 444 78.6 45.6 11.2 154.3 2.4× 104 10.9 2.1× 103 2.1× 103

Limburg 444 82.3 52.0 16.1 148.3 2.2× 104 13.9 2.0× 103 2.0× 103

Noord-Brabant 444 69.8 29.7 10.4 165.0 2.7× 104 8.7 2.2× 103 2.2× 103

Noord-Holland 444 70.9 23.6 8.8 178.1 3.2× 104 6.6 2.3× 103 2.3× 103

Overijssel 444 78.1 44.4 13.2 157.0 2.5× 104 11.1 2.1× 103 2.1× 103

Utrecht 444 74.6 34.9 12.6 165.3 2.7× 104 9.1 2.2× 103 2.2× 103

Zeeland 444 89.2 69.4 13.9 130.5 1.7× 104 15.0 1.9× 103 1.9× 103

Zuid-Holland 444 70.7 19.7 8.5 183.5 3.4× 104 5.5 2.3× 103 2.3× 103

Province Skew Kurt IQR CV 10th %ile 90th %ile Jarque-Bera

Drenthe 8.0 89.8 34.2 1.5 29.7 92.9 1.5 × 105

Flevoland 7.3 75.0 31.2 1.9 18.7 123.1 1.1 × 105

Friesland 7.4 78.7 35.2 1.7 22.5 114.7 1.2 × 105

Gelderland 7.1 71.3 25.5 2.1 15.1 128.3 9.8 × 104

Groningen 7.2 73.2 24.0 2.0 17.3 126.5 1.0 × 105

Limburg 7.4 76.9 33.9 1.8 20.8 120.0 1.1 × 105

Noord-Brabant 6.8 66.5 20.4 2.4 12.6 142.2 8.5 × 104

Noord-Holland 6.4 59.9 17.2 2.5 9.5 170.8 6.9 × 104

Overijssel 7.1 71.5 27.9 2.0 16.4 131.4 9.8 × 104

Utrecht 6.8 66.6 24.8 2.2 15.1 146.8 8.6 × 104

Zeeland 8.0 89.2 31.9 1.5 26.7 91.0 1.5 × 105

Zuid-Holland 6.3 57.2 16.6 2.6 8.0 182.0 6.4 × 104

Table 4: Statistical summary for each Dutch province.

4.16 Drenthe and Zeeland have the highest mean values, and Noord-Brabant, Zuid-Holland and Noord-Holland have
the lowest. A high standard deviation combined with a low median (like Zuid-Holland, with a median of 19.7
but a standard deviation of 183.5 and median absolute deviation (MAD) of 8.5) indicates that while the bulk of
the data is tightly clustered around a lower value, extreme outliers increase variability.

4.17 Meanwhile, as seen in Noord-Holland and Zuid-Holland, high variance values suggest that outliers in these
provinces are more spread out and heterogeneous, while the low MAD value hints at strong clustering.

4.18 All provinces show positive skewness, indicating a right-skewed distribution with outliers or high-value data
points. Meanwhile, all provinces show high kurtosis, suggesting the presence of extreme values or outliers,
resulting in heavy tails. Drenthe and Zeeland stand out with high kurtosis values, indicating an especially heavy
tail. This combination of high skewness and high kurtosis suggests that these distributions are asymmetric and
dominated by outliers. It indicates that the outliers are primarily on the upper end, significantly impacting the
overall distribution.

4.19 All provinces have enormous ranges, showing a significant spread between the smallest and largest error val-
ues. Meanwhile, the IQR values are consistently much smaller (by an order of two) than the range, showing
that the middle 50% of the data is very tightly clustered. This means the overall variability in the data is pri-
marily driven by outliers, not by general spread within the bulk of the data. Provinces like Noord-Holland and
Zuid-Holland show large ranges like all other provinces, but particularly small IQRs, indicating that a few high
outliers heavily skew their data.

4.20 The 10th and 90th percentile values show significant variation across provinces, but most provinces display
widespread in the central 80% of the data. The percentile values confirm the variability seen in other measures.

4.21 The Jarque-Bera test returns extremely high values across all provinces, suggesting that the data significantly
deviates from a normal distribution, congruent with earlier insights about skewness and kurtosis. Non-normality
complicates the analysis, but the test is known to be overly sensitive when dealing with large datasets.

4.22 In summary, the data across all provinces is characterised by significant skewness, high kurtosis, and substan-
tial variability driven by outliers, indicating heavy-tailed, asymmetric, and non-normal distributions. This is
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confirmed when looking at the relationship between quantile value and corresponding error value cut-off as vi-
sualised for various quantile ranges in Figure 8: Not only do the error values rise sharply in the worst-performing
parts of the data, but also does this rise occur at different points on the x-axis. As per the analysis above, these
outliers heavily obstruct the data analysis. Thus, we identify these province-specific points of interest, after
which the data only has outliers using the pruning method explained in detail in Appendix B. Table 5 presents
a statistical overview of the newly generated subset.

Province Sample Mean Med MAD Std Var Min Max Range

Drenthe 342 56.9 60.2 14.1 19.1 365.3 18.1 84.1 65.9
Flevoland 331 39.2 40.5 12.3 14.8 220.1 12.5 62.2 49.8
Friesland 335 45.8 47.1 14.6 16.9 284.3 16.6 71.8 55.2
Gelderland 326 31.4 32.5 11.2 12.2 148.3 10.5 49.7 39.2
Groningen 321 36.3 38.9 10.8 13.4 178.4 10.9 55.0 44.0
Limburg 332 42.3 43.2 13.2 15.8 248.7 13.9 67.2 53.2
Noord-Brabant 296 22.1 21.6 7.5 8.4 69.8 8.7 36.3 27.6
Noord-Holland 285 17.0 16.4 5.9 6.5 42.6 6.6 28.6 22.1
Overijssel 328 34.8 36.2 11.8 13.6 184.1 11.1 55.4 44.3
Utrecht 322 27.5 26.4 9.8 10.7 113.6 9.1 45.4 36.3
Zeeland 343 56.7 61.3 13.5 19.4 377.0 15.0 82.3 67.4
Zuid-Holland 277 13.7 12.8 4.3 5.3 28.5 5.5 23.7 18.2

Province Skew Kurt IQR CV 10th %ile 90th %ile Jarque-Bera

Drenthe −0.4 −1.0 29.7 0.3 27.3 80.4 23.8
Flevoland −0.1 −1.2 25.3 0.4 17.2 59.0 21.9
Friesland −0.1 −1.3 28.4 0.4 21.3 68.7 22.9
Gelderland −0.1 −1.3 22.0 0.4 14.4 47.4 24.9
Groningen −0.3 −1.2 22.5 0.4 16.1 53.2 24.0
Limburg −0.1 −1.2 26.0 0.4 19.2 64.0 20.6
Noord-Brabant 0.2 −1.3 15.3 0.4 11.4 34.6 21.9
Noord-Holland 0.2 −1.3 11.9 0.4 9.1 26.9 22.5
Overijssel −0.2 −1.3 24.3 0.4 15.1 52.3 24.2
Utrecht 0.1 −1.3 19.2 0.4 13.8 42.7 24.0
Zeeland −0.6 −0.9 30.6 0.3 25.1 79.0 29.8
Zuid-Holland 0.3 −1.2 9.1 0.4 7.3 22.1 21.7

Table 5: Statistical summary for each Dutch province (subset, well-performing quantile per province).
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Figure 8: The relationship between quantile value and corresponding error value cut-off for the quantile range
[0.0, 1.0], [0.0, 0.8], [0.78, .0.91], and [0.95, 1.0].

4.23 We observe that the means are generally lower, as expected, although not as much as a reduction to the (by
now) lowest 1-2% of the total dataset would make one think. Median and mean are, again, very close to each
other, while standard deviation decreased by an order of 10 and, consequently, so does variance by an order of
102. Median absolute deviation halves by a factor of 2 in the case of Zuid-Holland (4.3 from 8.5 before) and hardly
changes in the case of Drenthe (14.1 from 15.9 before). The minimum remains the same, and the maximum
shrinks together with the range as we expected.

4.24 The now negative skewness occurs because we have truncated the right tail (which pulls the distribution toward
high values), leaving the distribution dominated by the lower end. This, too, is as expected.

4.25 Kurtosis is also negative and decreased by an order of 10. This suggests that without the influence of extreme
values, the low quantiles are more “uniformly distributed”, i.e. data shows fewer extreme deviations and is
flatter than a normal distribution.

4.26 The 10th and 90th percentiles decrease as one would expect. However, with significant inter-provincial vari-
ance: In Drenthe, the 10th percentile is 27.3, and the 90th percentile is 80.4, indicating wide variability across
the distribution (29.7 and 92.9 before, respectively). In contrast, Zuid-Holland has a much tighter percentile
range (7.3 to 22.1), reflecting the lower variability in other metrics (8.0 and 182.0 before, respectively).

4.27 The result of the Jarque-Bera test has decreased from an order of 105 to an order of 101, which marks a very
significant decrease. Still, all provinces largely differ from a normal distribution. This is backed by further re-
ducing this subset’s size as the Jarque-Bera test is now more reliable, and the prior test might have been overly
sensitive due to the extreme skewness and kurtosis driven by outliers, which are now removed.

4.28 The dramatic reduction in skewness and kurtosis suggests that parametric tests, previously unsuitable for the
whole dataset, could be more appropriate for the subset. Removing extreme outliers has made the subset
distribution more stable and potentially easier to model with standard statistical techniques. At the same time,
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the persistence of high Jarque-Bera values, even in the small subset, refutes the assumption of normality. We
will discuss this property further in the discussion.

4.29 The hypothesised, persisting non-normality is confirmed when plotting the error values of this well-behaved
subset, see Figure 9: On the x-axis, we have the 12 provinces, and on the y-axis the error value of the struc-
tures within the subset. For each province, we have two subplots: a violin plot showing the aggregated data
distribution and a scatter plot showing the scatter of the actual structures and their error values, together with
a boxplot with median (the line) and mean (the dot marker).

Figure 9: Half-violin plots of the error data for all provinces.

4.30 Overall, the data does not resemble a normal distribution, and it would be a similar stretch to call it uniformly
distributed. As could be read from the descriptive analysis, the distributions of Noord-Holland, Zuid-Holland,
and maybe Noord-Brabant are very low on the y-axis compared to other provinces and quite dense. Mean-
while, Drenthe, Zeeland, and maybe Friesland have, by comparison, long distributions with higher values over-
all. Overall, the model had trouble fitting Drenthe, Zeeland, and maybe Limburg, but it was comparably more
straightforward to fit Noord-Holland, Zuid-Holland, and maybe Noord-Brabant.

Looping back to structures

4.31 When considering Figure 8 and the subsets, it is unclear which structure is in which part, i.e. whether the same
structure made the cut for all provinces, for none, or merely for some. Merging the subset with the original 444
and filling in NaN where the structure did not make the cut gives a distribution as shown in Figure 10: The figure
visualises the probability of a structure not to fit x amount of provinces, i.e. how many fits a valid structure can
fail. Thus, the height of the bar denotes the probability in total, and the stacked colours indicate the contribution
of each province.
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Figure 10: Probability for the number of misfits for each structure with per-province contribution; organised in
perfect, partial, and completely flawed fit.

4.32 We see a high chance of almost 60% for x = 0, meaning a structure’s fit quality would be good enough to make
the cut for all provinces. For x = 12, meaning that a structure would not fit any province well enough, we
observe a probability of about 25%. In both cases, trivially, each province’s contribution is equal. For all partial
fits, the chances are slim, around less than 5% individually. Stacking them up, however, reveals that Zuid-
Holland and Noord-Holland, in particular, have a comparably large share of partial misfits. This is particularly
interesting in the face of the results of Figure 9, where these two provinces have dense, compact, and overall
low error value distributions. Their adoption curves are visualised and distinguished from all other curves in
Figure 11 where the x axis is the year and the y axis is the adoption rate in percentage. It shows that these
two provinces have the overall lowest and slowest rates of adoption. When we compare this to what we know
about the data from Figure 5 where we have seen that the majority of model output curves end at a relatively
low point on the y axis, this could be a possible explanation as to why these two provinces yield overall good
fits. This has various implications for data preparation for inverse modelling, which will be discussed further in
the next section.

Figure 11: The adoption curves of Zuid-Holland and Noord-Holland distinguished from the other provinces.
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4.33 The distribution of Figure 10 distinguishes three categories. This, in turn, allows us to sort the 20.000 runs into
four categories as our fitness-plausibility framework (cf. Figure 3) requires: Firstly, structures that only had
flawed runs, i.e. runs that do produce a dynamic but are evaluated with high error values, can be considered
not the primary interest but interesting for second-order data analysis. The second group holds structures that
fit every province’s curve well enough to make the cut. These perfect-fit structures are equated with the “uni-
corn” category. Thirdly, consider structures that only make a partial fit. We equate them with the “dangerous”
category as they only give an unreliable or partial fit. Lastly, most runs that produce no dynamic are labelled as
“ridiculous”; these are the ones we sorted out first.

4.34 Note that the choice between categories 2 and 3 is highly questionable! Equating high plausibility with the at-
tribute of fitting every curve is a choice made for being able to distinguish and move forward. Aiming “One struc-
ture to fit them all” has wide implications regarding overfitting, model-theory connection, and interpretability.
In other words: Are general, good-at-everything structures desirable or is one best structure per data point pre-
ferred? We postpone further discussion of this until the next section.

4.35 This distinction, however, allows for a visualisation based on the categories of Figure 3. Using the Damerau-
Levenshtein distance, we measure the pairwise distances between the individual structures and obtain a dis-
tance matrix of size 20.000 by 20.000. The Damerau-Levenshtein distance is the minimum number of permuta-
tions, insertions, and deletions necessary to get from one element to the other. This is a convenient choice as
this is the way the mutator changes one candidate in one generational update. Compressing and embedding
this into a 3D space that takes 30 neighbours into account to represent the pairwise distances as accurately as
possible, we get a visualisation as in Figure 12.

4.36 Both subfigures are three-dimensional plots where each marker represents one structure. Figure 12a holds
all structures, Figure 12b only the structures of the category “unicorn”, “interesting”, and “dangerous”. We see,
firstly, that the “ridiculous” category makes up the majority of points. Secondly, no clear, well-separated cluster
is visible for either category: Runs of all dynamic structures are well spread out over space, and no clear clusters
can be made out, either together or by colour. Producing a dynamic and yet being structurally distinct to a large
degree would indicate that, firstly, it is easy to break a model through only changes, and, secondly, it is possible
to find functioning models many changes away.

Figure 12: Visualisation of the embedding into a 3-dimensional space, maintaining spatial distance as well as
possible.

4.37 Lastly, recall that at least one structure produced one valid and one invalid output. This raises questions about
how much the structures overlap through these categories. The distinction we made allows us to create a
Sankey diagram that shows whether one structure is solely in one category or whether there is a significant
deviation and, thus, a large overlap between the categories. This is visualised in Figure 13.

4.38 Note that the figure is normalised, meaning that the bars for the categories have been scaled to be the same
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size. This choice has been made to aid visualisation since. Otherwise, category “ridiculous”, 19556 out of 20000,
runs would dominate the visualisation.

Figure 13: Sankey Diagram showing overlap between the categories.

4.39 The Sankey diagram shows that many structures remain in the same category for both runs. However, signif-
icant exchange between them suggests only partial stability in classification: Yet, the overlap from category
“ridiculous” into categories “unicorn”, “interesting”, and “dangerous” appears as tiny relative to the share of
runs that are shared between the latter three categories. This indicates that a considerable set of structures
had half of their runs producing a dynamic, and the other half did not. This could be taken as an indicator
that our assignment into these categories requires improvement for future work. An alternative interpretation
would be that seed and stochasticity are vital to consider, e.g. by picking individual structures that yield very
different outcomes and investigating what this is due to.

4.40 Note that this result comes from only two runs on the same structure. It raises questions about the seed-
robustness of the model, i.e. whether the same structure and parameter set for merely two different initial
conditions should have such an effect, once with and once without dynamic, on the model output.

Structural analysis

4.41 Finally, for our structural analysis, we select the largest subset of all runs that match everything well with max-
imum pairwise distance. Again, distance is the Damerau-Levenshtein distance.

4.42 From Figure 14, we can gather a set of observations. Note that the pattern at the end of [19, 20] was fixed ex-
ante. These clean-up functions in the original model were excluded from the variation to reduce the search
space.

Figure 14: Task sequence heat map with the original rule for comparison. This figure follows the same rationale
as Figure 7.

4.43 We observe that all candidates are similarly long and only Structure #1 is missing function 9, namely the one
responsible for setting up random encounters, setup_interactions_random.
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4.44 Regarding their commonalities, functions 17 (final_judgement_evaluation) and 18 (for_monitoring) are
always in the same position, indicating a key role in the model performance. Indeed, function 18 calculates and
updates the variable we ask PyNetLogo to report. Specifically, the overlap and order are noteworthy: 17 and 18
are the only overlaps that Structure #1 has with the original. Meanwhile, Structure #2 overlaps with the original
for functions 1, 11, 12, 13, 14, 15, 16, 17, and 18. Structure #3 has the same order of overlap with the original in
functions 7, 8, 17, and 18.

4.45 Recall that the candidates have been selected to have the maximum pairwise distance (calculated as 14). We
can further measure the difference from the original and obtain 16, 6, and 17, respectively. This variability
shows that both little and significant distances can lie between well-performing runs, i.e. the structure-fitness
landscape is not very smooth.

4.46 Mapping each of the four runs from the function names to the category they belong to (“Letter” column in Table
6), we obtain Table 7 as a categorical overview. While the end, as observed before, is similar for all sequences,
there are individual variations:

• Structure #1 alternates between several categories early on and continues with interleaved tasks. The
middle third is more varied, too, as it introduces the evaluation functions.

• Structure #2 remains closest to the original, with a slight early deviation as it introduces setup and inter-
action steps earlier.

• Structure #3 is the most shuffled and divergent, with alternating task types right from the beginning,
lacking any apparent clustering of updates or other task categories, making the early and middle sections
heavily rearranged, suggesting a significantly different execution path.

• Regarding commonalities, all three candidates have none of the evaluation functions in the first third.
Similarly, all sequences have at least some update steps in the first third. Lastly, all share a large diversity
of tasks in the middle.

Number Task Category Letter

1 update_status_product

update u

2 update_awareness_list
3 update_complexity
4 update_compatiblity
5 update_relative_advantage
6 update_households_with_without_product_encountered
7 update_memory_minimum_time_between_2_decisions_ON

8 setup_interactions_neighbors setup s9 setup_interactions_random

10 check_for_awareness_of_interactions interaction i11 receive_information_from_interactions

12 make_final_judgment_enough_information judgement j

13 evaluation_relative_advantage_product

evaluation e14 evaluation_complexity
15 evaluation_compatibility
16 evaluation_observability_triability

17 final_judgement_evaluation

other o18 for_monitoring
19 neighborlinks_die
20 randomlinks_die

Table 6: Table of dictionary of order, function name, and role in model iteration.

JASSS, 28(4) 10, 2025 http://jasss.soc.surrey.ac.uk/28/4/10.html Doi: 10.18564/jasss.5830



Sequence Abstraction

Original uuuuuuussiijeeeeoooo
Candidate 1 uusuijeueueiuueoooo
Candidate 2 usiuuuusuuijeeeeoooo
Candidate 3 iusjueueeuuuusieoooo

Table 7: Abstraction of the sequences by category according to the “Letter” column of Table 6.

4.47 The only function missing is setup_interactions_random in Candidate 1. This would raise questions about
the necessity of additional random interactions between agents, which, in turn, adds more randomness overall
to an already chaotic system.

4.48 Regarding real-world and case-related interpretation, the model functions do not allow direct insight into the
theory used: The functions themselves represent the building blocks of the theory of Rogers (2014). They
describe population-specific processes, i.e., processes executed for the entire population, less than denoting
agent, agent-group, or agent-state-specific decision sub-processes or decision trees. This makes the theory
resemble large-scale, averaging, continuous models rather than granular, individual-specific models that let
phenomena emerge based on agent interactions. Thus, the model is more of an agent-based translation of the
original economic theory.

4.49 While this poses demands for the design of ABMs made for structural calibration, an indirect interpretation is
possible: For example, the function update_complexity is described in the model as “each household up-
dates their knowledge of product complexity”. Say this function was missing from a structure. This could be
interpreted as households having a fixed opinion about how complex a product is, so they do not change. This
would link to the hassle of obtaining solar panels, their marketing, and the service provided.

4.50 In this light, we can only conjecture that even very different but well-performing structures will always need
the same or similar building blocks and that more specification within the blocks is required. However, future
research will have to confirm this as a stable trend and not a variable observation merely produced by chance.
We believe that design demands for ABMs suitable for structural calibration would thus include a high degree
of specificity and modularity. This will be discussed further later.

Limitations & Discussion

5.1 This research presents a way to generate, select, and evaluate structural modifications to an ABM using the in-
verse method for real-world data matching. It has exemplified its capabilities in a Dutch province-level solar
panel adoption case study using a model of innovation diffusion. With this, the work presented connects to
and enhances methodological approaches in inverse modelling and structural calibration of ABMs. The result
is an open-source Python wrapper that coordinates the execution of this method on a NetLogo model. With this
not being a fully fleshed-out case study, parameter calibration or robustness checks have not been conducted
for this methodological contribution. Thus, the validity of what has been found and reliable behavioural inter-
pretability is not given. Still, the case selected and considered is real and relevant and can serve as a guide for
similar, more elaborate endeavours. Similarly, steps into case-specific interpretability have been taken by link-
ing structural differences to the real-world ecosystem beyond the model. Were this result – the absence of the
function update_complexity in a well-performing structure – achieved and validated through more extensive
simulation, it would point investigations toward the question of how much the perception of complexity is fixed
or can be influenced by external factors.

Our method in relation to the field

5.2 Our method needs to be contrasted with iGSS. We used iterative refinement of forward problems to match
model output to real data. As such, our approach can be classified as inverse modelling. Still, it must be dis-
tinguished from iGSS, which combines primitives and operators to build fitness functions and resembles more
symbolic regression. Meanwhile, we rearranged the order of and added or removed function calls to build new
structures that make up one model iteration, thereby creating alternative models. Thus, both our and iGSS’s
units are distinct in size, but the two methods are related in ends and goals: To discover new hypotheses and
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explain phenomena grown through the model. Thus, our structural inverse modelling approach is another take
on the inverse method applied for ABMs and a self-standing concept next to iGSS.

5.3 Lastly, the work presented here on structural modification is relevant to the efforts around reusable building
blocks (RBBs) and pattern-oriented modelling (POM). Grimm et al. (2022) define building blocks as “submodels
describing processes that are relevant for a broad range of ABM in a certain application domain”, inferring a local
generalisability and reusability to them beyond an individual model. Such standardised or reusable building
blocks may improve validity, scrutiny, transparency and reproducibility of the ABM and its results (Lee et al.
2015), which are crucial for ABM applicability and use in, e.g. policy advice. Experiments with building blocks
remain scarce because efforts to provide these in a standardised form and repository remain nascent. Most
recently, this has been discussed through Berger et al. (2024), whose repository will soon be merged with ag
entblocks.org/. Indeed, the Python wrapper we designed proved useful in identifying bugs qua inter-block
compatibility within the model utilised. Mutation options like “one-for-one exchanges” would enable effort-
reduced testing of multiple behavioural theories in exchange like Muelder & Filatova (2018) did; this we take
up in future work. Earlier, we advocated for size reduction and modularity as design principles. This may seem
contradictory to the bigger blocks (Grimm et al. 2022) envisions and, thus, as a trade-off between building block
variability through small, modular pieces and applicability through larger, comprehensive units. We think it is
possible to go about this in two ways: One way would be to use building blocks as the smallest interaction
pieces of a candidate model, similar to what we’ve done here. Another would be to use the approach laid out
here for the granular calibration of one large building block. Indeed, our method would also be applicable using
individual lines of code. In this way, the trade-off would be mitigated by explicitly focusing on the application
and its scope.

5.4 Secondly, regarding POM, the method presented exhibits clear potential for structural inverse POM, so the struc-
tural calibration of a model using multiple patterns on different levels using inverse modelling. This application
was not pursued in this study. This was decided for two reasons: the lack of suitable data (Epstein 2023) and
models that align with this approach, and a deliberate focus on presenting the core methodological contribu-
tions without diverging into ancillary applications. Future research could explore the use of structural inverse
POM on appropriate datasets, thereby expanding the applicability and robustness of the methods presented
here and strengthening the link between existing ones. Furthermore, the multi-facetedness of POM may inform
the debate on the structural sensitivity of the conclusions drawn. Multiple variables reported during structural
variation may prove beneficial compared to one single variable to report.

Reflecting on our method

5.5 Related to POM, we must discuss the sensitivity aspects of our method design. Recall that we reported one
single variable, the adoption of product 1, and used fast dynamic time warping to compare the similarity of
the two curves. With this, the results are by design sensitive to the metric, and another metric like Hausdorff,
local/global alignment, or shape-based similarity for time series or Lp for same-length arrays or functions may
yield different results. This is worsened if the metric employed is not a metric in the mathematical sense and
thus does not yield error-based comparability. Therefore, to decrease uncertainty, future work will have to
increase metric adaptability to confirm or disprove this conjecture. Furthermore, with POM and quantifiable
metrics, there is a chance of fixing the system in multiple variables and reducing uncertainty.

5.6 Concerning the nature of these error values generated by the metric, only time series alignment methods were
usable to calculate the similarity of the model output (30 ticks) to the eight yearly adoption values from 2012
to 2019. This became an issue when investigating the overall good fit of Zuid-Holland and Noord-Holland in
Figure 11. We hypothesised this to be due to these two curves being more shallow. Indeed, consider that the
model only runs for thirty ticks. After that, the model can be more or less “done” with its municipal energy
transition. The choice of 30 ticks was made to soft-code a cut-off point, i.e. avoiding merely partial but perfect
fits, which would, due to shape dissimilarity, be punished with a high error value. Secondly, this choice was
made due to the need to handle the computational and time constraints for evaluation. Based on this, many
fundamental questions can be asked: How can (or should) the scarce, yearly data points be compared to the
almost continuous model run? How do we deal with “predictive” fits beyond the real data? And why fast dy-
namic time warping, which does not satisfy the standardised definition of a metric like (pointwise) Euclidean
distance? How does one single tick in the model relate to time in the real world and the data we utilise? These
questions are key to real-world transfer and applicability, but also how to avoid overfitting of inverse modelling
(Gunaratne et al. 2023; Greig et al. 2023).

5.7 Furthermore, we found the mutator instances to have trouble navigating the space of possibilities and finding
suitable structures that produce a dynamic. Whether or not this is due to the abilities or design of the mutators
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(and if so, which) would need to be investigated more clearly in future work focused on hyperparameter tuning
and implementing alternative methods. These results would both inform and have to be informed by the debate
of how and to what extent to involve machine learning techniques in ABMs and social simulation in particular,
cf. the work of Dahlke et al. (2020) or Ale Ebrahim Dehkordi et al. (2023). Alternatively, we see a possibility of
leveraging a more exploratory and iterative use style that allows the balancing between structural exploration
and parametric calibration, similar to an exploration-exploitation dynamic. Future work will pick this up.

5.8 At the same time, with an order of 104 structures explored out of the 1020 possible ones, the exhaustiveness of
the search space can only be called timid. This points in three directions for future work: Bigger mutation steps
to increase possible coverage or smaller, well-thought-out experiments designed by the modeller and balancing
between exploration and exploitation. Multiple steps, however, exponentially grow the option space and would
therefore only be advisable if this came at a negligible cost. A third option, the application of adaptive genetic
or learning algorithms, could bring alleviation with respect to the quality and density of the sampled subset
within the search space. Still, given the computational costs of exploration, reducing the space to sample from
appears inevitable.

5.9 Given the immense size of the joint structure-parameter-seed space, large-scale computational approaches
seem inevitable even with the above workarounds. For this, using NetLogo has proved difficult, especially when
attempting to let the Python wrapper parallelise the Java-based application on a Linux-based high-performance
cluster. While follow-up work can solve the issues around parallelisation, this would still mean that future work
should consider taking computationally more feasible and integrative approaches like MESA (Kazil et al. 2020)
or Julia.

5.10 Lastly, to perform merely two runs is a choice made early in the project that inhibits our ability to provide mean-
ingful statistical support for deductions from the data we generated. However, the point was to show that it is
possible to vary and evaluate model structures and that doing this matters. The code is set up so the modeller
can easily add more runs per structure or more parameters to test from. This would be up to the individual
researcher if they apply our proposed methodology.

Generalisability and interpretability

5.11 Concerning methodological applicability beyond our case, we believe the methodology and approach pre-
sented here are not limited to the energy transition. Instead, we think it would apply to any ABM that would
benefit from structural exploration, regardless of the field. For a discussion on design requirements, we refer
to the following subsection.

5.12 However, our approach to analysing the outcomes must be examined more critically. We showcased an ex-
ploratory analysis of the dataset created, pointing out key features of the data, and sorted the data into a rudi-
mentary two-by-two arrangement based on fitness and plausibility. This was done for two reasons: Firstly, to
show what other researchers employing this method might look out for when facing large amounts of data with
no idea how to make sense of it (Collins et al. 2024). And secondly, the lack of general methods for sense-making
prompted us to develop something to move forward with. The fitness-plausibility diagram has proven to work,
enabling us to filter and sort the data into manageable subsets. For this, we have developed the pruning method
in Appendix B, a reliable quantification of the cut-off point for the fitness values. However, this two-by-two dis-
tinction cannot be considered sufficient for a general methodology. Much groundwork will have to be done
to enable sense-making, from analysis criteria for sorting and filtering the data to methodologies for qualita-
tively analysing and interpreting structures of interest. We see the sense-making process as an interdisciplinary
effort, and we cannot stress the role of domain experts enough.

5.13 Lastly, we must discuss how assessing the structural components of a model provides better support for decision-
making from an ethical perspective. Our approach is part of a paradigm shift where instead of having one “single
model with no sense of how unique it may be” (Collins et al. 2024, cf. 3.71) to multiple models. This shift has eth-
ical implications, too. Such multi-model decision support with structural scrutiny could improve transparency
about the underlying assumptions and workings and allow quantifiability of related uncertainty. Despite the
lack of a general methodology for these potentials, they are not at all enabled by advice given based on one
model at a time, which may contain unchecked biases.

Meta discussion and implications

5.14 Firstly, we have hinted at requirements for model design, and we must return to this to discuss how inhibited
our method is by the modeller’s skills, potentially introducing a layer of subjectivity and inconsistency. This
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research used a modularly set-up model with mere function calls in the iteration. However, as described in the
paragraph on RBBs, our method would theoretically also be applicable to individual lines of code. Thus, with lit-
tle restrictions on the architectural setup, the model must be designed to handle inevitable errors that certain
structures may raise gracefully. Naturally, as with any model, the research result depends on the modeller’s
programming skills. We find that proper variable initialisation, handling of data types and edge cases, func-
tion compatibility, and modifiability are essential ingredients in any programming endeavour. As such, they
do not necessarily only apply to our approach but to modelling in itself. Thus, applying our method would not
aggravate the layer of subjectivity and inconsistency.

5.15 Next, consider the distribution of the error values obtained. We observed the data as chaotic and non-normal,
even in the well-behaved parts after pruning. For future research, this potentially demands non-standard meth-
ods like non-parametric tests or value transformations that could bring the distribution closer to normality.
However, transformations have limitations and may not fully address the issue if the deviations are due to
complex underlying structures, as may well be the case with ABMs. However, this point must be taken with
two grains of salt: The data analysed are synthetic and not obtained through a real-world measuring process
that would introduce normally distributed errors. This poses the question of how much normality, regularity,
or what kind of overall distribution can be expected at all. Secondly, suppose the data indeed display the hy-
pothesised level of complexity. In that case, one must ask whether purely error-based analysis alone is really
the holy grail or merely one part of the puzzle.

5.16 Returning to complexity, consider the outcome robustness under seed variation. In the Sankey diagram (Figure
13), we observed that for each quadrant, there was at least one structure that produced one run in that quadrant
and, in the other run, no dynamics at all. While such overlaps have yet to be investigated further and their
probability quantified, it sheds yet another light on the prior discussion: It is important to ask what we want
from an ABM regarding regularity, reliability, normality, or control when varying the computational seed. The
possible range of displayable “deterministic chaos”, i.e., a large variety of unpredictable outcomes through a
deterministic process, has deep connections to the model’s purpose and control, e.g. whether we aim to predict
where the system goes or strive to understand the dynamics and respond to it. It is easy to dismiss a model
that produces behaviour that is unreliable or can seemingly go anywhere as chaotic and, thus, not suitable for
study; consider the double pendulum as an example of an equation-based system that can be “moulded” and
controlled into each state and yet produce seemingly irrational curves.

5.17 Relating to that, we’ve also seen the closeness and sharp discontinuity of the structure-fitness landscape. While
it is evident that particular minor changes could produce an utterly nonsensical structure, it is not absurd to ex-
pect other minor changes to yield no noticeable effects. In other words, while it is highly doubtful that structural
modification should be well-behaved, the extent of discontinuity observed was surprising. The inability to dis-
criminate between such changes of “equal distance” points to a need for either distance measures between
structures in more context-informed ways or requirements on model design, see also Epstein (2023, 4.18 or
footnote 55) who raise similar issues about distance between rules. Indeed, the model at hand proved chal-
lenging to utilise. This difficulty may have been caused by its functions being set up as big blocks of code that
encompass many variable changes and updates. This, in turn, would point to a smaller, chunk-sized, more
modular model setup that also makes the theory more explicit.

Conclusion

6.1 To conclude, an answer to the research question “How can inverse modelling be made to deal with and evaluate
variable model structures?” has been proposed. This has been done by putting forward a Python wrapper that
varies the structure of the model, i.e. its iterative rule. To embed this research in the broader context, consider
the following points:

6.2 Firstly, we have shown that large-scale structural calibration is possible within our working definition of “struc-
ture”. We have connected this effort to and thus driven forward the inverse method for ABMs. This underscores
the applicability and relevance of the inverse method as a tool for ABMing efforts, validation, and theory build-
ing.

6.3 Second, the method proposed here relates to reusable building blocks as both the code and the analysis allow
for comparing same-purpose building blocks with different formalisations. However, instead of a top-down
plug-and-play, the method presented here goes bottom-up from the model, as it merely utilises the building
blocks of the model. Connecting structural calibration with the effort to provide and scrutinise reusable build-
ing blocks is a most promising future outlook.
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6.4 Thirdly, insights into models relating to sensitivity and uncertainty have been gained, and a gateway has been
opened to multi-modelling. Sense-making techniques must be developed further to be successfully applied for
robust multi-model decision support and hypothesis generation in social science.

6.5 To conclude, much work remains to incorporate structural calibration with parameter tuning and seed varia-
tion, conceptually and computationally. Future work and efforts will involve adding joint structural-parametric
calibration and robustness to unlock and enable a deeper focus on sense-making. Indeed, it is essential to
realise that this is not just a computational self-purpose but to allow a generative transfer back into social sci-
ence. After generating such an unobservably large amount of uncertainty-infused data, pattern mining may be a
way forward to complement qualitative sense-making to make the process more reliable, replicable, and valid.
However, future research must decide to what extent agent-based modelling will become a big-data science,
as this opposes traditional parsimoniousness and self-limitation in ABM development.
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Appendix A: Changes Made to the Original Model by De Wildt (2014)

This section contains a list of changes that have been made to the model of De Wildt (2014). The modified model
is available in the repository that accompanies this publication. The original code is in the comments above the
changed lines and can be restored by reverting these changes.
Firstly, the functions neighborlinks_die and randomlinks_die have been created. This was done to re-
place the lines ask neighborlinks [ die ] and ask randomlinks [ die ], respectively. While this did
not prove to be necessary ex-post, this was kept in to provide a harmoniously functionalised go function.
Second, within the function check_for_awareness_of_interactions, there was a while-check whether the
length of the temporary list of friends, neighbours, and random links was greater than zero. However, in some
instances, that list was set to 0, which did not have a length. As a consequence, an additional is-list? check
has been added.
Similarly and thirdly, the function for_monitoring had a similar issue. For the variables c1 to c5, the length
of the list households_with_whom_interacted was used without an is-list? or is-string? check. Adding
these checks to the function resolved the errors.
To the best of our knowledge, these changes do not affect model outcomes and are thus comparable with the
original model and with each other.

Appendix B: Finding the Quantile Cut-Off Point per Province

Figure 8 shows that the extreme error values begin at a different quantile value for each province. This section
elaborates on how this cut-off point is found.
By taking the derivative of the quantile curve, we can see where the rate of change is increasing drastically or,
mathematically speaking, less or greater than a certain threshold. We can combine these points into intervals
where the derivative is below or above the threshold. Because we want to know the cut-off point where the
error value becomes too large, we take the first point of the intervals where the derivative exceeds the threshold.
These are the x values that are returned.
The process is described as a pseudo-algorithm in Algorithm 2. Its results are showcased in Figure 15 for the
provinces Drenthe and Zeeland, where the quantiles from 0.0 to 1.0 are put on thex-axis and the error values (in
yellow) and the derivative values (in blue) on the y-axis. The cut-off points identified are marked with dashed
vertical lines.
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Figure 15: Visualisation of the cut-off points found for two exemplary provinces.

In the case of Drenthe, the choice is straightforward as it finds merely one point where the quantile curve
“plateaus” before shooting up. In the case of Zeeland, the quantile values and the rate of change are so high to-
wards the end that the curve appears almost flat. Yet, with the same threshold, we can identify three potential
cut-off points. In such a case of multiple cut-off points, we have defaulted to taking the lowest cut-off point to
remove the extreme outliers at the tail of the error distribution.

Algorithm 2 Identifying Plateau Points in Quantiles
Require: Error Values: error_values, Quantile Value: qv, Fixed Threshold: threshold
Ensure: Cut-Off Points, Quantile Ticks, Quantiles, Derivatives

1: quantile_ticks← linspace(0.0, qv) ▷ evenly spaced quantile ticks between 0.0 and qv
2: quantiles← quantile(error_values, quantile_ticks) ▷ quantile values at each tick
3: derivatives← gradient(quantiles, quantile_ticks) ▷ Compute derivatives of quantile curve at tick
4: cut_off_indices← {i | derivatives[i] > threshold} ▷ Find where derivative exceeds the threshold
5: intervals← split(cut_off_indices by gaps > 1) ▷ Group consecutive indices into intervals
6: cut_off_points← {quantile_ticks[interval[0]] | interval ∈ intervals} ▷ Select first of each interval
7: return cut_off_points

Notes

1ABMs can hardly be formalised as a function capturing the dynamics and even if, only reversed with signifi-
cant effort that we consider not economic. Indeed, for such a function f , injectivity would be a logical necessity
for reversibility: a function f is called injective if for anyn,m in the domain of f there holds that if f(m) = f(n),
one can conclude n = m. This may not be given were the ABM formalised as a function.

2For a discussion on how this notion relates to validity, we refer to the discussion.
3GitLab link: gitlab.tudelft.nl/lschubotz/structural-sculpting/
44TU Repository doi: 10.4121/2792c03f-16a1-43a8-8150-111b0f91ec26
5Algorithm 1 shows 21 distinct functions that serve as the base ingredients for building a go function. We

restrict ourselves to structures of lengths 15 to 21 to avoid go functions that are too short to be meaningful. The
number of ways to arrange k distinct items out of 21 in order and without repetition is given by the permutation

21!
(21−k)! . Summing these up would give

∑21
k=15

21!
(21−k)! ≈ 1.4× 1020 possibilities.
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