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Participatory inverse modelling for 
behavioural insights into Dutch EV 
charging dynamics
Lukas Schubotz1 , Emile Chappin1,3, Geeske Scholz2,3 & Gerdien de Vries1,3

This paper presents a general epistemic workflow for behavioural inference in agent-based models 
under structural-parametric uncertainty by combining participatory and inverse modelling. This 
replicable computational pipeline enhances model realism, results explainability, and interpretability 
by integrating domain expertise. We apply our method to study Dutch EV charging behaviour. Using 
behavioural domain expertise, we co-design experiments and interpret alternative behavioural 
dynamics evaluated through inverse modelling in a structural-parametric pipeline. Public EV charging 
demand over a week in Den Haag is matched by simulating demand in an existing model of EV 
charging behaviour. Our method reveals that EV charging is largely driven by range anxiety or a lack 
of consideration for the availability of excess energy in the grid. While our behavioural findings are 
case-specific, the workflow is applicable to any agent-based model with ambiguous behavioural 
mechanisms and suitable for feeding back into theory, scrutinising formalisation, identifying areas for 
model improvement, and raising considerations for policy.

Keywords  Inverse modelling, Participatory modelling, Behavioural theory, Structural calibration, Dutch 
energy transition, EV charging behaviour, Sense-making

Electric vehicles (EVs) are central to the Dutch strategy for reducing transport emissions, reflected in policies 
at all administrative levels1. The transition to EVs hinges on a successful energy transition and vice versa: on 
average, EVs are connected but not charging 73% of the time2, displaying potential for load-shifting3 through 
vehicle-to-grid setups4. Indeed, as public charging infrastructure expands to match the EV adoption rates, EV 
charging behaviour emerges as a key social practice in shared urban contexts5. While EV charging behaviour 
has received attention with respect to typecasting of user profiles6,7 or its cognitive dimensions8,9, technical 
or modelling studies are typically system-focused10 or use stylised assumptions11,12. Meanwhile, realistic 
behavioural dynamics remain understudied. In this paper, we address this gap through participatory inverse 
modelling.

Agent-based models (ABMs) are versatile modelling tools that aid the study of complex, dynamic systems 
such as the energy transition toward fossil-fuel abatement or mobility13–15. Key to an ABM’s applicability 
– decision support, policy evaluation, or behavioural insights – is its validity16, scrutiny of its mechanisms, 
behavioural grounding17, and interpretability that allow for deriving qualitative insights18. While ABMs 
are gaining increasing attention, initiatives for their reuse are comparatively underdeveloped19, and their 
behavioural grounding and realism are often limited20. For EV charging behaviour dynamics, ABMs would 
enable studying of emergent patterns through a set of agent-agent and agent-grid interactions, and the challenge 
lies in scrutinising interaction rules as well as interpreting the results.

Indeed, the potential of integrating psychology and behavioural factors into ABMs and transition research is 
large17,20, and the lack of behavioural grounding or realism is discussed in many modelling articles. Particularly, 
habitual or repetitive behaviour is understudied in favour of one-time adoption behaviour21. Participatory 
modelling is a loose umbrella term for forms of stakeholder engagement in modelling endeavours that might 
rise to this challenge: Participatory modelling approaches form “second generation”22 or counter approaches 
to the secluded, scientists-only analysis of systems and models22: “if such models are representations of aspects 
of reality, how can it be possible to build them without inputs from people who interact with the system in 
reality?”23
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Decisions derived through participatory modelling are “generally”24 of higher quality and less contested. 
Involving stakeholders early on refines problem scope and formulation ex-ante and increases (confidence in) 
the realism of the model “rules” as well as the relevance of the outputs23. Indeed, the benefits are clear and 
undisputed; however, replacing the paradigm of “employing mathematical optimization algorithms”22 with 
participatory methods is “both refreshing and frustrating”23: First of all, participatory modelling processes may 
be intensive time-wise, and carries the risk of simply not matching the policy processes aimed to inform or 
even uncovering related but entirely new questions. Further, there may be power dynamics skewing the result, 
differing motivations for participating, contrary perspectives or conflicting bodies of knowledge, and the risk 
that essentially, “the model [built] to some extent always remains a black box”, requiring the stakeholders who 
may invest a lot of time to trust the model and the researchers. Lastly, there is a need to present the model outputs 
tailored to stakeholders to translate and relate back to the social problem at hand23. Nevertheless, all literature 
reviewed finds participatory approaches worth the trouble; specifically, the higher quality of the resulting model, 
its legitimacy and acceptance as an output of a collective process and its relevance due to the stakeholders’ social 
learning is remarked; the model can facilitate the latter as a “boundary object”, i.e. intersections of social worlds 
that allow for translation and understanding between those25.

Furthermore, the participatory multi-modelling approach may contain “sense-making” sessions focused on 
“translating the relevance and utility of the constructed boundary object ecology for their own organisation”25, i.e., 
reflecting on and translating from the model (outcomes) into their own worlds and expertise. This interpretative 
ex-post step is remarkable as the participatory modelling literature reviewed focuses on building rather than 
interpreting models. Indeed, the model’s intended use determines participant selection, implying their role and, 
therefore, the nature of the insights gained. To our knowledge, there exists no general review on participatory 
agent-based modelling that investigates what participants were involved in, when, or for what purpose. However, 
the participatory modelling literature reviewed above suggests a substantial under-representation of domain 
expertise used to strengthen the model’s behavioural grounding or interpretation.

ABMs pose challenges due to the potentially large number of parameter settings to test and their inherent 
deep uncertainty. Additionally, structural variation, i.e., changing the assembly and construction of the model 
via other blocks of code, remains especially challenging to achieve26 as conceptual assumptions are difficult 
to quantify and test methodologically27. For this, a new method has recently been proposed28 to generate and 
evaluate a large number of structurally different models using inverse modelling: Conceptually, while the 
“forward problem” moves from given initial conditions to an unknown model outcome, the “backward” or 
“inverted problem” aims to infer the unknown initial conditions that best approximate a pre-defined model 
outcome. As such, instead of a search from cause to effect, inverse modelling is a search from effect to possible 
causes29.

For agent-based models and social simulation specifically, inverse modelling has been undertaken30, 
and more recently presented as Inverse Generative Social Science (iGSS)29,31–34, which resembles symbolic 
regression35 within ABM structures. These works introduced and demonstrated the broad applicability of the 
inverse method for ABM. The iGSS approach was developed further computationally36 and with more attention 
to interpretation, or in another spin on inverse modelling related to but separate from iGSS, putting forward 
a generative method for structural model exploration by generating and evaluating permutations of function 
calls28. Despite their differences in approach, topic, and focal points, all these works subscribe to the generativist 
agenda37: growing a phenomenon means explaining it. Being in its nascent state, however, inverse modelling yet 
lacks a mature interpretative systematics to live up to its exploratory and explanatory potential for computational 
social science.

Based on the literature reviewed, we can identify three gaps worth illuminating and exploring in the context 
of EV charging. First, EV charging behaviour is an important, novel, and emergent part of the Dutch energy 
transition with understudied behavioural dynamics. Second, behavioural experts are underrepresented in 
participatory modelling efforts, and agent behaviour is rarely grounded in behavioural theory despite a large 
potential expected. Third, inverse modelling is a promising technique for exploring models and seeking 
explanations for observed phenomena by growing them; however, it yet lacks a framework for interpretative 
sense-making and theory building.

Therefore, our research aim is to combine participatory and inverse modelling techniques to study the dynamics 
of EV charging behaviour.

We introduce a participatory inverse modelling approach that braids qualitative expert co-design with 
quantitative inverse modelling, and we apply the approach to study the dynamics of Dutch EV charging 
behaviour.

Methodology
Our approach braids participatory and inverse modelling into a single methodology. Figure 1 shows the schematic 
workflow of our participatory inverse modelling approach. The approach is divided into ex-ante sense-making, 
inverse modelling, and ex-post sense-making. First, a case, an existing model, data and experts must be sought 
and selected to be mutually compatible. With the experts, the model, case, and data must be understood and 
interpreted, leading to the design of experiments to be conducted. This step forms the bridge over to inverse 
modelling as the designs originate from qualitative sense-making, but must necessarily be congruent with model 
implementation. The experiment determines the modelling task; model runs produce output to be analysed. 
The analysis is part of both inverse modelling and ex-post sense-making because the results must be presented 
in formats tailored to the participants to facilitate translation and relation to the case23. Closing discussion and 
interpretation synthesise insights to decide whether another iteration of the same process is necessary. Indeed, 
the methodology is inherently iterative due to the uncertain nature of participatory modelling, which may 
uncover related but entirely new questions during the process itself23.

https://www.nature.com/scientificreports
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For this research, we conduct two iterations of the workflow shown in Fig. 1: first, we generate and evaluate 
models with differing conceptual assumptions in structural experiments; second, we parameterise promising 
models. This split is to handle the computational demands of joint structure-parameter calibration. For the 
specific application of our method, our operationalisation, and model explanation, see Supplementary Methods 
S1. For a formalisation of agent state space representation and decision processes in the original model we refer 
to original model’s the ODD protocol38.

Formally speaking, let 𝛼𝛼 𝛼 𝒮𝒮 ⊂ ℕ𝑆𝑆 denote a multi-index for structural variation in 𝑆𝑆 ∈ ℕ instances as per 
the structure space 𝒮𝒮 designed through domain expertise. Let now ℳ𝛼𝛼 ∶ ℝ𝐷𝐷 → ℝ𝐷𝐷 the 𝐷𝐷-dimensional vector 
field that represents the base model ℳ with structural configuration 𝛼𝛼 mapping from the model’s state space 
to itself, i.e. applying ℳ𝛼𝛼 denotes one model step. For 𝑛𝑛 ∈ ℕ0, the (𝑛𝑛 𝑛 𝑛𝑛th state of the model 𝑚𝑚(𝑛𝑛𝑛𝑛𝑛 is given 
iteratively through 𝑚𝑚(𝑛𝑛𝑛𝑛𝑛 = ℳ𝛼𝛼(𝜃𝜃,𝜎𝜎(𝑛𝑛𝑛,𝑚𝑚(𝑛𝑛𝑛) for a fixed a parameter 𝜃𝜃 𝜃 𝜃𝜃 and initial seeding 𝜎𝜎 ∶= 𝜎𝜎(0) 
for the stochastic process. The inverse modelling process records the model output of 𝑁𝑁 ∈ ℕ model iterations 
through the projection 𝑝𝑝 𝑝 𝑝𝐷𝐷 → ℝ𝑑𝑑 to the subspace of relevant model data, i.e. the sequence (𝑝𝑝𝑝𝑝𝑝(𝑛𝑛𝑛))𝑁𝑁𝑛𝑛𝑛𝑛 of 
model outputs is used to asses the loss of a single run denoted by 𝑙𝑙𝑙𝛼𝛼, 𝜃𝜃,𝜎𝜎) = 𝜑𝜑(𝑝𝑝𝑝𝑝𝑝𝑝(𝑛𝑛𝑛)𝑁𝑁𝑛𝑛𝑛𝑛)) through an error 
function 𝜑𝜑 that compares the model output to the empirical data. The analysis estimates a loss ̂ℒ(𝛼𝛼, 𝜃𝜃) and 
selects those tuples (𝛼𝛼, 𝜃𝜃) ∈ 𝒮𝒮 𝒮𝛺𝛺 that satisfy, first, min

𝛼𝛼𝛼𝒮𝒮
̂ℒ(𝛼𝛼, ̂𝜃𝜃) for a fixed, plausible ̂𝜃𝜃 𝜃 𝜃𝜃 derived through 

domain expertise and, second, min
𝜃𝜃𝜃𝜃𝜃,𝛼𝛼𝛼𝒜𝒜

̂ℒ(𝛼𝛼, 𝜃𝜃) for a subspace of well-performing structures 𝒜𝒜 ⊂ 𝒮𝒮 that are pre-
validated through domain expertise. These well-performing tuples (𝛼𝛼, 𝜃𝜃) are interpreted to explain how and why 
the model ℳ𝛼𝛼(𝜃𝜃) grows the empirical data and to gain insights about the data.

Results & analysis
Following our workflow in Fig. 1, this section presents the results of our modelling experiments (Modelling 
results) and our joint sense-making conversations before (Ex-ante sense-making: design of the experiments) and 
after modelling (Ex-post Sense-Making: Interpretation).

Ex-ante sense-making: design of the experiments
From the interviews, it became clear that research in behavioural psychology typically captures static snapshots 
of behaviour, rarely formalised and often under the assumption of linearity, and it was considered interesting to 
explore alternative, non-linear, evolving dynamics39–43. The model provided a crucial context for studying the 
temporal dynamics of charging behaviour, and, thus, the goal of the sense-making process was to design and set 
up experiments to be implemented in the model. With our focus on behavioural dynamics and given this model, 
we selected Range Anxiety (RA) and Environmental Self-Identity (ESI) – whose weighted difference determines 
the agents’ charging behaviour – as candidate variables for structural modification.

The domain experts based their expectations for the dynamics of incrementing and decrementing ESI and 
RA on social identity theory44,45 (SIT) and system justification theory46,47 (SJT), as both SIT and SJT are related 
to non-linear attitudinal inertia, with SIT focusing on group-bound threshold change and SJT on system-bound 
resistance. SIT was interpreted as for each individual to have a social identity and, relating to their in-group and 
making efforts to stay away from out-groups, resisted change under external pressure. Once, however, some 
threshold of pressure was passed, they would change their social identity, and one of the out-groups became 
their new in-group. SJT was described as a cognitive bias leading individuals to see the (position in the) system 
they were embedded in more favourably, thus displaying a resistance to change and external pressure to change. 
Similarly, these arguments would apply to decrementing the values, too; however, the “pull” factors that made the 
disposition (e.g., toward high ESI) favourable had no immediate counterpart as an ESI or RA value of zero meant 
ambivalence. In other words, based on SIT and SJT, a fade-out from extreme values was described as initially 
slow and then moderately accelerating. In summary, asymmetric nonlinearity of attitudinal change towards 
a value begins with inertia due to ambivalence and is followed by an accelerating shift after a psychological 
threshold is reached. Disengagement, in turn, occurs slowly at first and accelerates as attachment weakens.

Based on this analysis and the interviews, we designed alternative, non-linear curves for incrementing and 
decrementing the agent attributes range anxiety (RA) and environmental self-identity (ESI) that are summarised 
in Table 1. To update an agent’s ESI or RA value along such an update curve 𝜑𝜑, one would have to take the inverse 
of the function, apply the increment or decrement, and apply the function again, i.e., the new value is given by 
𝑦𝑦new = 𝜑𝜑(𝜑𝜑−1(𝑦𝑦old) ±𝛥𝛥𝑥𝑥𝑥. Thus, the plot of 𝜑𝜑 in Fig. 2 acts as a reference chart; the update rule applies that 
chart to each agent’s current state and moves the agent’s attributes along the curve. Refer to the Supplementary 
Methods S1 for the modified model.

Following the logic of the theories, the domain experts expected the cubic function to accurately model 
the incrementation process for both RA and ESI. Furthermore, the modified sin function, scaled to match the 
respective boundary conditions, was expected to model the decrementation process for both RA and ESI. Lastly, 

Fig. 1.  Schematic visualisation of the participatory inverse modelling workflow. Hexagons represent those 
activities or steps including domain experts, rectangles those not including them.
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other domain experts thought the third root function best captured the sensitivity of ambivalence: Agents with 
ESI or RA values close to zero would be more susceptible to nudges than those with extreme values in either 
direction. All these considerations are captured in the chosen alternative structures explored in the modelling.

The domain experts helped trim the parameter space size from originally 1024 down to 109 and select a single 
plausible set to use for the first iteration, the structural exploration; see Table 2 for details. Furthermore, all 
domain experts agreed that “losses loom larger”, meaning that negative experiences have a stronger effect than 
positive experiences. This shared agreement has been operationalised in the parameterisation for the structural 
exploration with a higher RA increment and ESI decrement than the RA decrement and ESI increment, 
respectively.

Lastly, the domain experts found it interesting to investigate alternative permutations of the function call 
order in the models to gain insight into the underlying stage model. Indeed, prior work28 found indications 
that structural order influences model results. See Supplementary Methods S1 for the original go-function to 
be varied.

Modelling results
This subsection states the results of the experiments designed before they are interpreted in subsection Ex-post 
Sense-Making: Interpretation. First, the results of the structural exploration are presented, where we narrow 
down on the top 45 model structures. For these well-performing structures, we explore which curves for ESI and 
RA increment and decrement specifically relate to a good fit. After remarks on the order of the structures, we 
conclude with parameter importances, partial dependencies of the errors between parameters, and structure-
parameter interactions.

Structural exploration
Figure 3 shows three plots: the real charging data Fig. 3a in Den Haag during July 2024; the mean and standard 
deviation of the model output from the top 45 structures (Fig. 3b); and the mean and standard deviation of 
the model output from all tested structures (Fig.  3c). From visual inspection and juxtaposition, we observe 

Fig. 2.  Visualisation of the different update curves for both increment and decrement of Environmental Self-
Identity (left) and Range Anxiety (right); for details, see Table 1. For RA, it was discussed whether ambivalence 
was to be set at 0, or whether it was to behave similar to ESI with a middle points at (0.5, 0.5), and the 
discussion about a “baseline range anxiety” sparked the design of “centralised” curves in Fig. 2.

 

Label Function

Responsiveness

InterpretationMiddle Extremes

Linear 𝑥𝑥 Moderate Moderate Nudge size equals effect size regardless of opinion

Cubic 𝑥𝑥3 Low High Hesitant, moderate

3rd root sgn(𝑥𝑥𝑥𝑥𝑥𝑥𝑥1/3 High Low Sticky and polarised

Sin sin(𝜋𝜋𝑥𝑥𝑥𝑥𝑥 Moderate Moderate-low Moderate shifts, more sticky at extremes

Arcsin 2 arcsin(𝑥𝑥𝑥𝑥𝜋𝜋 Moderate Moderate-high Moderate shifts, less sticky at extremes

Table 1.  Details on the update curves visualised in Fig. 2.
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the following differences resulting from seed and structural variation: The real charging demand shows a 
staircase shape with a saddle point just past noon and a peak in demand in the evening. The charging demand 
from Wednesday to Friday is regular and continued on Saturday. In contrast, from Sunday to Tuesday, the real 
charging demand is lower and steadily increases until the evening peak, rather than the previously observed 
staircase. By contrast, the simulation data in Fig. 3b and Fig. 3c differ from the real data: All weekdays are regular 
and congruent with one another. Instead of a staircase shape, the simulation data shows peaks past noon and 
in the evening, separated by a minimum. Weekend charging demand is lower without identifiable peaks. The 
weekday pattern resumes after the weekend. The model output of the top 45 structures differs from that of all 
the structures insofar as the minima between noon and evening peaks are more elevated in Fig. 3b than Fig. 

Fig. 3.  Comparison of real data (a) with modelled charging demand from all structures explored (c) and top-
performing structures (b).

 

Variable name Explanation Range decision

f-esi-plus Effect size of an increase in ESI which is updated during charging and decrements if the energy 
balance is negative, and increments else {0.0001, 0.0005, 0.001, 0.005*, 0.0075, 0.01, 0.025, 0.05}

f-ra-plus Effect size of an increase in RA which is updating during driving and decrements if the battery is 
zero and increments else

{0.005, 0.0075*, 0.01, 0.025, 0.05, 0.0625, 0.075, 0.0875, 
0.1, 0.125}

f-esi-min Effect size of a decrease in ESI {0.0001, 0.0005, 0.001, 0.005, 0.0075*, 0.01, 0.025, 0.05}

f-ra-min Effect size of a decrease in RA {0.0001, 0.0005, 0.001, 0.005*, 0.0075, 0.01, 0.025, 0.05}

esi-mean Average ESI over population (normal distribution) {−0.25, −0.125, 0.0*, 0.125, 0.25}

ra-mean Average RA over population (normal distribution) {0.0, 0.05, 0.1, 0.15*, 0.25, 0.5}

esi-sd Standard deviation of ESI over population {0.05, 0.1, 0.15*, 0.2, 0.25, 0.3}

ra-sd Standard deviation of RA over population {0.05, 0.1, 0.15*, 0.2, 0.25, 0.3}

weighing-factor-esi Weight of ESI in weighted difference with RA, which is calculated as a deciding score to 
determine the charging behaviour {0.3, 0.35, 0.4, 0.45, 0.5*, 0.55, 0.6, 0.65, 0.7}

policy-intervention Policy implemented “information and feedback”*

ev-types EV fleet constellation {“fev only”*, “phev and fev”}

renewable-coverage Coverage of renewable energy in the grid in percent {0.25, 0.3, 0.35*, 0.4, 0.45}

solar-vs-wind Ratio of solar to wind energy {0.2, 0.3, 0.4, 0.5*, 0.6, 0.7, 0.8}

unlimited-charging? Toggle for every destination to have an available charging point {True*, False}

social-charging? Toggle for agents to move their vehicle once charged {True, False*}

central-control? Toggle for a central control system False*

Table 2.  Parametrisation ranges decided on for the parameterisation based on interviews or estimated as 
properties of the region. The superscript * indicates that this value has been used in the structural exploration. 
𝑎𝑎It turned out that the “unlimited-charging?” parameter was actually limited to 78, the number of workplace 
chargers.
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3c, matching the saddle point shape in the real data more closely. Second, the top simulated charging demand 
shows higher evening peaks and a much tighter standard deviation band. Particularly on Saturday, the model 
output shows a higher charging demand, whereas Sunday demand Fig. 3b resembles Fig. 3c. In summary, while 
the model accurately matches nighttime demand, it fails to match charging demand, particularly during lunch 
breaks, exhibiting two distinct peaks rather than a saddle point near noon, with a peak toward the evening, 
even for the top 45 model structures. Furthermore, weekends and weekdays differ greatly as weekend charging 
demand is barely existent in the model and the regular weekday pattern continues afterwards.

The comparison in Fig. 3 highlights the potential and limits of our experiment design for structural exploration 
that is informative despite being conducted with one single parameter set: Structure matters, and we can select 
and identify structures with higher quality of fit – robustness through tighter standard deviation bands, reduced 
error through elevated midday minima, and improved fit on Saturdays – purely through alternative behavioural 
update rules. However, for this parameterisation, none of the explored behavioural designs fully overcame 
deviations between weekends and weekdays, post-noon minima, or inter-weekday irregularities. These are 
inherent to all runs and suggest being schedule or profile-dependent48,49, and therefore model architectural or 
conceptual in nature beyond our experiments; we will return to this point in the discussion.

Increment and decrement of RA and ESI
For the individual results of the increment and decrement curve of RA and ESI, consult Fig. 4, which contains 
the increment and decrement curves for RA and ESI that were found in the top 45 model structures. For the RA 
increment, the third root was not observed, neither normal nor centralised, indicating that RA grows steadily 
continuously with no threshold-based jumps. For the RA decrement, all curves except the third-root occur in 
the top 45 structures, indicating a linear or sublinear process in which extreme RA does not persist for long, but 
a slight fear always remains. The ESI increment showed that all curves yielded similar results in both metrics, so 
no pattern could be identified. The ESI decrement, in turn, lacked the arcsin curve, and the errors for the cubic 
decrement were high, suggesting that the reduction in ESI is moderate and that the positive extreme is rather 
sticky, with no plateau of ambivalence.

Lastly, from a cross-comparison, there was a clear best combination for both mean-squared error (MSE) and 
dynamic time warping (DTW): increment RA cubic, decrement ESI third-root, and increment ESI “superlinear” 
(i.e. linear, sin, and third-root), and decrement RA inconclusive.

Structural order
Regarding the order of function call execution, we examined the order of the top 45 structures. However, hardly 
any emerging dynamics could be traced through interaction. Preliminary testing suggested fixing setup-
for-step and electricity-demand-and-supply at the beginning and output-indicators 
and tick at the end for the model to compile. Analysing the best structures, we found that adopters-
travel was always called before set-destination. Investigating the code, we found that adopters-
travel provided the necessary day profile at midnight for set-destination to use for the next day. 
Experiments confirmed it to be irrelevant where adopters-travel was placed as long as it was before 
set-destination. However, no further order-related patterns could be identified. This suggests that the 
order of function calls is irrelevant, but rather the composition, i.e., which functions or update curves a structure 
contains.

Parameterisation
Concerning parameterisation, Table 3 lists the parameters sorted by influence based on our evaluated sample. For 
both metrics, the parameters ev-types, solar-vs-wind, and esi-mean (and potentially renewable-
coverage) appear to exert a strong influence on the quality of fit. Overall, we see that contextual parameters 
show a stronger influence than behavioural parameters, except for esi-mean and social-charging?. 
These results will be interpreted in Parameterisation.

Dependence and interactions
We control for parameter interactions that could distort the error values; see Supplementary Methods S1. The 
partial dependence plots show merely sporadic interaction effects accounting for less than 1.38% of the output 
range in the strongest case, which can be considered weak to weakly moderate. This interaction, however, 
between solar-vs-wind and renewable-coverage is detected in all 45 models; the model code indeed 
shows a linear, multiplicative scaling of the two variables. This textbook case of statistical interaction serves 
as internal validation of our method: the SHAP analysis reproduces the confirmed findings, and the metrics 
MSE and DTW are sensitive enough to detect these interactions. Other interactions with lesser effect sizes were 
investigated, but no link could be established, increasing confidence in the best values (Table 3). Lastly, for 
this well-performing sample of structures, no notable structure-parametric interactions were detected, meaning 
the tested parameters had very similar effects regardless of the structure, and that for these well-performing 
structures, structure and parameterisation were quasi-separable.

Ex-post sense-making: interpretation
This subsection contains the discussions held and explanations provided to explain the results stated earlier.

Structural exploration
We could explain the mismatch between real and simulation data in Fig. 3 through several aspects. First, 
regarding the two-peak shape of the model data, we found that agents would always plug in their car when 
the state of charge was less than 100%, whereas people would not necessarily recharge immediately or until 
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full7,50. Short morning commutes resulted in low charging demand until past noon, thereby explaining the 
bimodal shape of the model’s aggregated charging curve. Second, the striking difference between modelled and 
observed weekend demand was due to profiling and scheduling, as all agent activity besides work, shopping, and 
being at home was categorised into one of these three categories12. Specifically, they counted leisure activities 
as empty days for the agent. Meanwhile, the domain experts argued that weekends were less regular than the 
workday schedule, particularly Saturdays, which typically involved multiple trips of varying distances. Lastly, the 
discrepancy between Wednesday to Friday compared to Monday and Tuesday was perceived as bewildering by 
all domain experts and could only be hypothesised to be due to work week irregularities – the Netherlands being 
among the highest-ranking countries in Europe with respect to part-time work or work from home – or the fact 
that the data for the model was aggregated from all of the Netherlands from before COVID, but the charging 
data utilised to match was from Den Haag only and from 2024.

Increment and decrement of RA and ESI
We presented the results, summarised in Fig. 4, to the domain experts.

The RA increment results showed no third root, neither normal nor central, which we interpreted as RA 
growing continuously but not abruptly after some threshold. Based on this, the domain experts thought RA was 
conceptualised as a trait in the model but wondered why RA, as a trait, would change over time scales of less than 
a month. Whether RA was a trait or a state, and whether RA was related to the trait of anxiety, was unknown 
and deemed worth further research. The RA decrement results showed no third root, which we interpreted as 
indicating that RA reduction is a linear or sublinear process. In other words, high RA does not reduce slowly, 

Fig. 4.  Results for observed increments and decrements for RA and ESI in the top 45 structures. The best 
combination found consisted of cubic RA increment, third-root ESI decrement, and “superlinear” (i.e. linear, 
sin, and third-root) ESI increment, with RA decrement inconclusive.
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and low levels persist. If RA were an emotional state, these results made sense to the domain experts, who 
expected a third root if RA were a personal trait. Originally, the centrality curves were designed for RA as a 
state, but no pattern could be identified. As a general note on RA, the domain experts argued that the existence 
of RA was schedule, memory, and context-dependent: 30% of battery could be enough to get to work and home 
again, where a charger was nearby, but not enough for irregular Saturday tasks with uncertainty about charging 
availability. Once routine around new tasks had settled in, RA related to the specific schedule and context 
would decrease, but different tasks with uncertainty would cause RA to spike again – this was at odds with the 
implementation in the model. As a final interpretation of RA, the domain experts interpreted the model design 
– agents looking to charge whenever their battery was not full – as an assumption for a preference for certainty. 
Drivers would avoid the risk of running low by restoring maximum range whenever the opportunity arises, 
rather than optimising charging timing. Conversely, the model distinguishes this from situations of necessity: 
when the battery is empty, and charging is unavoidable, behaviour is driven by constraint rather than anxiety, 
and therefore does not meaningfully affect preferences or identity as discussed above. In behavioural terms, RA 
can be seen as a preference for charging security, i.e. a reliable and predictable access to charging. This need for 
certainty can also manifest as charging earlier or more fully than strictly necessary.

The ESI increment results showed all curves present with similar results for both metrics. The domain 
experts were surprised, but thought that “more complexity is always good in terms of identity” and that the 
result helped to argue for other underlying influences beyond our experiments or the model itself: effect sizes 
in psychological research were generally low compared to STEM fields51 and variables of low influence better 
replaced or modified, e.g., in this case charging spots availability from a true-false switch to a variational 
parameter range. Indeed, ESI was a broad psychological construct that, in the model, served as a preference for 
renewable energy, operationalised in a postulated feedback loop between preference, the availability of excess 
energy, and behaviour. Given the intention-behaviour gap, however, a mere preference was deemed insufficient 
for such a hypothesised feedback loop. The ESI decrement results showed no arcsin and a poor fit for the cubic 
decrement, which was interpreted as strong identities being resistant, and that the region of ambivalence is 
not a plateau. Seeing ESI as an individual’s preference, the result was plausible as ambivalence was a state that 
could easily be swayed one way or another; if ESI was conceptualised as a norm, however, they would expect 
the opposite result as strong norms could easily be weakened, but would still be upheld weakly for a long time. 
They noted further that the result was based on the assumption of no behaviour-intention gap, since in the 
model, ESI as a preference had an immediate impact on the agents’ charging behaviour. According to the well-
known COM-B model52, however, it was capabilities, opportunity, and, most weakly, motivation (via intention) 
that influenced behaviour. Going from preference via motivation to behaviour was seen as a leap. As a final 
interpretation for ESI, the domain experts discussed, similar to RA, whether ESI was more of an identity (as per 
the name) and thereby a temporarily fixed trait or a preference (for renewable energy as operationalised in the 
model) and thereby a state. Again, they expected more sublinear curves (cubic, arcsin) for a trait and superlinear 
(sin, third root) for a state. However, the extent to which identity was related to ESI and, in turn, to a preference 
for renewable energy remained an open question.

The best combination suggested the following dynamics to be at play: cubic RA increment was the fastest 
possible growth given a sufficiently high base level; third-root ESI decrement was stable for sufficiently high 
identities but also quickest reduction for even some positive values; “superlinear” (i.e. linear, sin, and third-

Parameter

Avg. rank Avg. |SHAP| 

Best rangeMSE DTW MSE DTW

ev-types 1.44** 1.0** 0.081 0.125 “fev-only”

solar-vs-wind 1.6** 2.1** 0.065 0.068 {70, 80}

esi-mean 4.4** 4.2** 0.032 0.04 {–0.25, –0.125}

renewable-coverage 4.4** 5.3* 0.028 0.029 {0.25, 0.3}

f-ra-min 6.6* 6.2* 0.021 0.029 {0.0075, 0.01, 0.025, 0.05}

unlimited-charging? 6.5** 7.1* 0.019 0.018 False

weighing-factor-esi 7.6 6.9* 0.016 0.021 {0.3, 0.35, 0.4}

f-esi-plus 8.9* 8.9* 0.016 0.02 {0.0001, 0.0005, 0.001}

f-ra-plus 8.9 8.6* 0.012 0.015 {0.05, 0.075}

ra-mean 9.2 8.8 0.011 0.014 {0.25, 0.5}

f-esi-min 10.0 10.4 0.009 0.01 {0.025, 0.05, 0.075}

esi-sd 10.4 10.4 0.008 0.009 {0.3}

ra-sd 12.6 12.4 0.003 0.004 inconclusive

social-charging? 12.5 12.7 0.003 0.004 False

Table 3.  Comparison of features by MSE and DTW metrics, sorted by average rank of importance over all 
models. In terms of notation, the superscript ** indicates importance for the majority of models in MSE/DTW 
(more than 25 models); * indicates importance for some but less than the majority (more than 10 models); 
absence of a letter indicates no importance for that metric. aIn machine learning, “importances” refer to how 
much each “feature” (parameter) contributes to the prediction accuracy of the model. Mean absolute SHAP 
values lack a standalone interpretation but can be understood relative to one another.
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root) ESI increment, in turn, reflected fastest possible growth but stable negative identity. The inconclusive RA 
decrement could not be interpreted further.

Structure order
The domain experts were not puzzled that it was not the structural order that seemed to matter, but rather 
its composition. Stage models, they explained, progressed by passing thresholds sequentially, which, when 
shuffled, would indeed seldom remain meaningful. By contrast, continuously interacting designs – such as the 
aforementioned COM-B or similarly well-known UTAUT model53 of technology acceptance and usage behaviour 
– have increasingly gained attention and recognition. In this view, the ABM’s architecture was somewhat hybrid: 
while the functions were called sequentially, they interacted with each other, as charging decisions depended 
on RA and ESI values updated by other functions. However, thresholds were also part of the model, inherent 
to the functions themselves; for example, the charge mode was determined by whether the weighted difference 
between ESI and RA exceeded a threshold; see the original ODD protocol38.

Parameterisation
First of all, the universal strength of the influence of ev-types is noteworthy as a heterogeneous fleet had 
not been considered earlier12. Based on this and our discussions with more technically versed domain experts, 
we decided to use a fully electric fleet for the structural exploration. Explaining this universal strong influence, 
however, we found that the setting “fev only” results in higher charging-demand peaks than a hybrid fleet does. 
Our prescaling after the structural exploration, in turn, was tuned to the setting “fev only”, and it is therefore 
unsurprising that the same prescaling with another fleet composition would yield a worse fit. For a different fleet, 
another prescaling might give different results.

solar-vs-wind had priorly12 been found insignificant for the results and excluded for renewable-
coverage. We detected a linear interaction between the two parameters (see Supplementary Methods S1) and 
found both to be important for explaining the goodness-of-fit. Indeed, Table 3 not only displays both parameters 
as crucial but shows that solar-vs-wind around 70 − 80% and renewable-coverage around 25 − 30% 
give the best fit to the real data. The model uses weather data from the Belgian coast in 2016, and January is 
characterised by few hours of sunlight and strong winds. The values in Table 3 of low renewable coverage and 
solar dominating over wind yield practically no excess energy, leading the agent’s ESI to decrease when charging, 
in turn, leading the agent to most likely end up in charge mode 1, i.e., to always charge until the battery is 
fully charged regardless of the grid. Even though the settings of low renewable coverage and high solar do not 
correspond to reality, these settings yield the best fit under the assumption that charging relies on RA, leading 
us to conclude and conjecture that charging behaviour in Den Haag is mainly driven by RA or, in turn, by a 
lack of consideration for the availability of excess energy. This model-based finding may manifest by various 
circumstances in public charging settings: users may either disregard it to fulfil their need charging security or 
possess no means to access this kind of information, possibly through grid-sensitive vehicle-to-grid charging 
modes to automate this process4. Regardless, this conjecture is further strengthened by ev-types being fully-
electric vehicles only, effectively increasing the charging demand, as well as esi-mean being negative and 
weidhing-factor-esi being low, favouring RA in the decision about the charge mode.

Regarding the behavioural parameters, note how f-ra-min and f-ra-plus are of roughly the same 
magnitude, with f-ra-min being slightly lower, and, further, how f-esi-min is between 25–750 times as 
high as its incrementing counterpart, f-esi-plus, which took the lowest possible values of the available 
parameter grid. The domain experts related this to prospect theory54 in behavioural economics; the classical 
result is that, in a 50:50 chance game, the potential gain must be about twice the potential loss to accept the 
odds, showing that losses loom larger than gains. However, while the value of prospect theory was seen in 
its quantifiability, generalisations beyond finance-related behaviour had to be taken with appropriate caution. 
Therefore, since the behavioural grounding of the designs was also possible through SIT and SJT, prospect theory 
had been discarded earlier. In turn, the parameterisation results indicated that RA and ESI were implemented as 
states rather than traits. However, specifically for ESI, an identity, they would have expected a more stable identity. 
While preferences were also subject to change, they were reported to be stable when the decision was important 
and tied to personal values. Therefore, based on the model and parameterisation results, they interpreted EV 
charging and use as economic decisions rather than as enacted environmental identity, and argued that climate 
intentions did not lead to climate actions55.

Regarding structure-parameter interactions, while no significantly distinct parameterisation could 
be identified for the top 45 models, the results of the structural analysis support the interpretation of the 
parameterisation: Notably, our hypothesis is in line with the best found structural combination: cubic RA 
increment was the fastest possible growth given a sufficiently high base level that is indeed given with best-fit 
values for ra-mean of 0.25 or 0.5. The third-root ESI decrement was interpreted as stable for sufficiently high 
identities, but also the quickest reduction, even for some positive values. A best-fit value of −0.125 or −0.25 for 
esi-mean with esi-sd of 0.3, despite its low rank and importance, points towards steep ESI descent. The 
inconclusive RA decrement could not be interpreted further; the “superlinear” (i.e. linear, sin, and third-root) 
ESI increment, however, points toward linear to steep increases for positive ESI values, with merely gradual 
increases for negative values in turn. Particularly, the fact that the decrement, f-esi-min, is between 25–750 
times as high as its incrementing counterpart, f-esi-plus, supports that the best-fit structure-parameter 
combination drives charging behaviour mostly through high RA and negative ESI.

Discussion
This research aimed to combine participatory and inverse modelling techniques to study the dynamics of 
EV charging behaviour. We operationalised this by using an existing model and had inverse modelling infer 
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structural and parametric conditions to match EV charging demand data from Den Haag. We involved generally 
under-represented behavioural experts in EV charging (behaviour), energy transition, and social simulation to 
design and interpret behaviourally grounded alternative, non-linear dynamics. We then tested and analysed 
these dynamics through inverse modelling. So what? Combining inverse and participatory techniques in depth is 
a novel approach. It allows creating, testing and scrutinising realistic behavioural dynamics that were previously 
unattainable, and sharpens questions for future behavioural psychological research. Furthermore, it enhances 
explainability and increases trust and transparency in the model’s capabilities, limitations, and potential areas 
for future improvement.

Discussion on results and behavioural modelling
Firstly, our experiment designs in Fig. 2 and Table 1 show that behavioural grounding of modelling choices 
can be achieved. Secondly, Fig. 3 displays the importance of structural variation that has previously been left 
unaddressed in ABM endeavours. Thirdly, we have tested for order, partial dependencies, and parameterisation by 
separating structure and parameters into a two-step workflow, and our analysis shows that these are meaningful 
endeavours: modelling choices, structures, parameters, and interaction effects can systematically be tested, 
analysed, and subsequently evaluated with behavioural expertise so that we can give meaning to these results. 
We were able to explain what parameters yielded a good fit and that the model matched the data best when the 
agents’ charging behaviour was driven by the RA variable. This led us to conjecture that charging behaviour in 
Den Haag was mostly driven by range anxiety or, due to various potential reasons, a lack of consideration for the 
amount of excess energy in the grid. Although the model is not a hyperrealistic version tailored to Den Haag, 
with agent-internal processes and parameterisation aspects differing from reality, inverse modelling enabled us 
to select those well-performing designs and interpret them in a participatory process.

Furthermore, regarding our case and the behavioural dynamics, we have uncovered a range of considerations 
and questions that drive model development and behavioural research on this topic further. Firstly, in the model, 
the variables RA and ESI were operationalised inconsistently, rather as states than traits, and it is unknown 
which is true. RA was argued to be rather schedule, memory, and context dependent, with an under-researched 
link to anxiety traits. ESI, in turn, was argued to be a broad psychological construct that functioned not as 
a stable identity but rather as a preference for renewable energy. With the presumed functional relationship 
𝜔𝜔ESI − (1 − 𝜔𝜔)RA, our result that the agent variable RA is decisive of the charging behaviour can be turned 
around into a lack of ESI or, seen as a preference, a disregard or lack of consideration for the availability of excess 
energy in the grid. While this may be due to lack of information, choice, or care, these variables, ESI and RA, are 
fundamentally different in a psychological perspective, and 𝜔𝜔ESI − (1 − 𝜔𝜔)RA effectively weighs and subtracts 
semi-stable preferences and emotional state reaction about expected capabilities. Model implementation, 
therefore, needs to be specific: If a systemic psychological perspective on EV charging is taken, complex 
constructs like ESI must not be operationalised merely as a preference that, e.g., skips the behaviour-intention 
gap. This requires stronger, more interdisciplinary collaboration to translate psychological constructs into sound 
formalisations41,56 and embrace non-linearity43.

Our findings emerge from a participatory structure-parametric inverse modelling process that calibrates 
the model to empirical charging demand data. The results are first and foremost model-based findings and 
require critical reflection. Our result that agent charging behaviour is driven by range anxiety and with a lack 
of consideration for grid conditions is inherently an artefact of the model’s mechanisms and assumptions, as 
we derived: low renewable coverage and high solar shares result in low excess energy, letting overall ESI shrink 
and making high range anxiety values dominant in the weighted difference, which decides charging behaviour. 
This constitutes candidacy for a plausible explanation for the observed real-world behaviour, but an explanation 
that is congruent with empirical findings: studies suggest that charging behaviour is driven by range anxiety4, 
a multitude of interacting factors other than range anxiety48, or range anxiety in relation to infrastructure 
availability49. Second, the availability of charging infrastructure has been shown to play a role in reducing range 
anxiety49,57, showing that these two variables are intertwined. From our analysis, we found no interactions for 
the unlimited-charging parameter, and our model setup did not allow for granular scaling of infrastructure 
conditions. While simulations specifically enable the controlled study of the effects of infrastructural conditions 
beyond Table 2 (and footnote a), this would constitute a different study and the distinction whether users charge 
due to uncertain access or range anxiety is left for future modelling and behavioural research.

Our result that EV charging is largely driven by range anxiety or a lack of consideration for (or awareness 
of) the availability of excess energy in the grid is valuable to consider for policy. First, the aforementioned 
reciprocal relationship between range anxiety and charging infrastructure warrants joint consideration. In 
practical terms, policies must prioritise improving technical aspects such as charger reliability and availability, 
but rather than relying primarily on incentives to align charging behaviour with renewable energy generation, 
relevant information must be made available to users such as transparency of access, real-time information, and 
the option for grid-aware charging. In a similar vein, social norms can be leveraged to allow users to achieve 
charging security (i.e., reliable and predictable access to charging) by charging enough rather than charging to 
full58.

Methodology employed
Our workflow, visualised in Fig. 1, proved suitable for our research aim to combine participatory and inverse 
modelling techniques to study the dynamics of EV charging behaviour. While we performed two iterations of 
the workflow, once for structural and once for parametric exploration, it would be entirely possible to perform 
another structural exploration using the newly found, best-fitting parameter set and so on. Indeed, our method 
is inherently iterative, allowing for testing and scrutinising behavioural theory and formalisation in constant 
exchange between modelling and domain expertise. Our analysis enabled us to identify not only the order but 
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also the composition of an influential structure, and to select a small, well-performing subspace of the structure 
space where structure-parametric effects are negligible. However, it remains entirely plausible that strong 
structural-parametric and ordering coupling exists for other models, as prior findings suggest28. Therefore, and 
in line with the pointers on model improvement, our method is not only strong but also exhibits limitations: the 
workflow does not function as a black-box answer machine, but rather requires interactive and iterative human 
validation and expert reasoning and design28. Through this, scrutinised behavioural theory, improved model 
transparency, and a generative transfer back into social science can be achieved.

The participatory process
In line with prior work23, the participatory process was time-intensive and required trust in both the model 
and the researchers. The domain experts helped refine the problem and research scope, as well as the research’s 
relevance to their respective disciplines. While not per se conflicting, somewhat contrary information within 
that same body of knowledge was encountered, as, e.g., entirely opposite curves were deemed possible and could 
be behaviourally grounded. Lastly, particularly the early sense-making talks in which the project was outlined, as 
well as the ex-post sense-making sessions, required us to present the model outputs tailored to domain experts’ 
needs. Indeed, our sense-making talks repeatedly focused on understanding each other: differences in notions 
were well known59, we also think the specificity and formalisation of the model is at odds with the flexibility and 
broad applicability of the model: “It’s very hard to think about it this way!” said one domain expert when pressed 
for their thoughts on how range anxiety would grow. In a similar vein, interpreting float values for parameters 
proved challenging. Despite the difficulties both researchers and domain experts experienced, they were excited 
about the updates on this research’s progress and thought the contributions extended far into their respective 
domains. Indeed, the model acted as a boundary object for mutual teaching and learning25. Regarding future 
research, recent developments in participatory model-based research might prove complementary synergies 
to our approach: For similar application contexts60, Large Language Models (LLMs) have been leveraged as 
synthetic stakeholders for planning processes. Our own use of domain expertise to evaluate and interpret model 
structures and the runs of an inverse workflow was important for assessing plausibility and critical for generative 
purposes such as hypothesis generation or theory building. However, given our time-intensive process and 
previous findings from our literature review – that domain expertise is seldom represented in participatory 
modelling efforts – the automatic, qualitative, and LLM-supported evaluation of model runs, supported by 
human domain expert input or control, may well enable a closer interaction of domain expertise with the 
modelling process and mid-modelling evaluation in future research. Tools like ASReview61 might prove helpful 
to effectively judge the quality of these simulated expert assessments and ease the demands on domain experts 
over multiple iterations of modelling and consultation.

Inverse modelling
Inverse modelling proved crucial in this research, enabling targeted model exploration to match given empirical 
data. For this, random mutations and random parameterisation were used as a simplifying choice to achieve 
a broad enough sweep. While a fair amount of repetitions has been done based on a heuristic that balances 
computational load with coverage of the search space, distribution-agnostic sample sizes and search strategies 
that produce dense enough samples, both structural and parametric, were outside the scope of this study. For 
inverse modelling, however, confidence in prior results is vital for the success of subsequent guesses, given the 
potentially high cost of evaluating an ABM multiple times. This makes uncertainty quantification and balancing 
computational load a key challenge, and it is unclear whether intricate search and optimisation methods can 
solve it. Specifically, the metricisation of the “rule space”29, which is comparable to our structure space, is 
challenging. While the distance between structures can be quantified28, this shows large discontinuities in the 
structure-fitness landscape.

Our joint structure-parametric interpretive approach is an advancement of inverse modelling as a 
methodology and toolkit for generative ABM-based studies. Yet, other methods, such as Inverse Reinforcement 
Learning (IRL), exist for similar problems, e.g., sequential rule-based decision-making for travel itineraries62, 
and it is worth relating and distinguishing these two methods. Both iGSS and IRL share the assumption that 
observed human behaviour is near or somewhat optimal with respect to some function of model variables, 
and so iGSS studies29,31–34,36,63 focus on building fitness functions for macro-level metrics through genetic trees 
akin to symbolic regression35. Meanwhile, our approach28 differs from iGSS in that we assume the observed 
macro-patterns emerge from a latent structure-parameter combination, where structures and parameters are 
not necessarily optimal but plausible given domain expertise. We then find optimal parameters for a multitude 
of plausible structures, validated by domain expertise, and leverage them to interpret these parameters. This 
is a “plausibility first” paradigm rather than searching for plausibility among optimised solutions. Second and 
regardless, both approaches share the inverse automated workflow62, Algorithm 1 – building generative surrogate 
models, inferring a latent structure, and evaluating and interpreting the data – as our formalisation of Fig. 1 
shows: IRL distils a policy 𝜋𝜋 (similar to our structure-parameter combination (𝛼𝛼, 𝜃𝜃)) and analyses the reward 
𝑅𝑅 (similar to our loss ̂ℒ(𝛼𝛼, 𝜃𝜃)) through a multi-nominal logit model, and our approach evaluates structure-
parameter combination through fitness and if well-performing, a final, qualitative interpretation via domain 
expertise as part of the modelling loop. Third, differences can be found in the model and data used: ABMs are 
similarly rule-based as utility-based decision models, but exhibit emergent properties with sensitive dependencies 
on initial conditions and seeding, making them computationally challenging to handle and interpret. In turn, 
the data (35,714 users over one day in 15-minute intervals) allow IRL to model individual decision-making and, 
through sequences of activity, validate at the microlevel and combat overfitting, while our approach identifies 
candidates for macro-level explanations from potentially sparse or aggregated, but longitudinal, data. Lastly, 
this discussed proximity in approach and capabilities offers interesting ways forward for future research: The 
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connection of inverse modelling in social simulation to machine learning is heavily under-explored with few 
exceptions31,36,63,64, and explainable AI techniques might aid to unlock this “generative”29,37 potential. Using IRL 
for AMBs could solve many computational problems that inverse problems in social simulations face, such as 
improved scaling for search in high-dimensional parameter spaces. However, this requires differentiable spaces, 
which is challenging, firstly, as our structural search (the rule space is challenging to metricise29) represents 
different model assumptions or alternative system design categories, and secondly, for arbitrarily precise 
parameter values, which may be challenging to interpret. Therefore, hybrid approaches for separated structure-
parameter search for already plausible structures would certainly be worth pursuing.

Participatory inverse modelling
The method we proposed combined participatory and inverse modelling techniques into a single methodology. 
Arguably, our participatory sessions functioned as a qualitative inverse process, in which we iteratively 
developed experimental designs and evaluated their fit to the research aim, model, and behavioural theory and 
grounding. In turn, computer-based inverse modelling was not separate but connected to the sense-making 
process. Therefore, our method braided qualitative participatory methods with quantitative inverse modelling 
techniques, and future research should leverage the discussed methodological and LLM-driven developments60,62 
in participatory and inverse modelling research.

Further limitations
Naturally, there is a risk of overfitting, since only one dataset was used to compare the simulation data. Therefore, 
no generalisability of our findings is given. Regardless of that, our method demonstrates that models and data 
can be made sense of with and through domain expertise.

Our analytical method was simple but sufficient. This approach has been favoured over Sobol, Morris, or 
Delta analyses using SALib65,66 for several reasons: first, our aim is to explain goodness-of-fit rather than to 
estimate variance-based indices, as Sobol indices would permit. Second, the sample was not Saltelli-distributed 
but rather random, as a simplifying choice and to avoid biasing the parameterisation results due to structural 
influences. Thirdly, alternative methods were computationally too expensive, unlike SHAP values. Still, in 
relation to our complexity elaborations above, future or similar work should consider Morris or even Sobol 
analysis, despite their additional computational costs.

Lastly, we utilised two distinct metrics to evaluate the goodness of fit of a single run, with no global constraint 
on structural exploration and a Sakoe-Chiba band for parameterisation results. Using two metrics is novel and 
added both robustness and nuance to the analysis. We found that a metric is necessarily and always a lens on 
the data that forgives some aspects but punishes others: In our case, MSE accounted for exact point-by-point 
distances that asserted exactness, while DTW first aligned the time series like a smoothener and then calculated 
MSE of the aligned path. We found that DTW is more lenient in detecting minor importances. However, issues 
like dependence on prescaling persist, and the need for nuance across multiple metrics forces the researcher to 
make less clear-cut decisions in the analysis.

Conclusion
Our research aim was to combine participatory and inverse modelling techniques to study the dynamics of EV 
charging behaviour. To this end, we designed alternative, behaviourally grounded, non-linear dynamics, which 
we implemented and tested within an existing model. Drawing on relevant domain expertise, we illuminated the 
gap between inverse modelling and interpretative analysis, leveraged underrepresented behavioural expertise 
in participatory modelling contexts, and studied large-scale behavioural dynamics of EV charging rather than 
individual snapshots. The outcome is a general epistemic workflow for behavioural inference in agent-based 
models under structural-parametric uncertainty, enabled by combining participatory and inverse modelling.

We have shown the applicability of our method through a case study on EV charging behaviour in Den 
Haag. By matching simulation output to public EV charging demand over a week, our analysis identified a set 
of structural alternatives and parameters that match our Den Haag data well, with some caveats remaining. We 
discussed our findings with the domain experts and gave meaning to the results through discussion. We have 
gained a deeper understanding and have mutually taught each other using the model as a boundary object: we 
understand why these model structures are parameters that yield good results and have opened the black box 
of the model, both quantitatively and qualitatively. Our finding that modelled EV charging is largely driven by 
range anxiety or a lack of consideration for the availability of excess energy in the grid is valuable to consider for 
policy, and by discussing whether range anxiety and environmental self-identity are states or traits and therefore 
subject to what form of change, we have generated hypotheses forward for behavioural research to investigate 
further and considerations for model building and improvement.

While external domain expertise verified and validated our hypotheses and method enough to warrant 
serious consideration, the generalisability of our behavioural results is limited by case-specificity. Our workflow, 
however, stands as a methodological contribution on its own, as it is applicable to virtually any ABM for the 
purpose of illuminating ambiguous behavioural grounding, feeding back into social theory (generative social 
science), testing and scrutinising formalisations, and identifying areas for model improvement. We can be 
confident in the sufficiency and suitability of our analytical method. Since we followed heuristics, future work on 
inverse modelling should not leave uncertainty quantification unaddressed, particularly if policy considerations 
are to be raised.

Conclusively, has our research aim been achieved? Yes, we have studied the dynamics of EV charging 
behaviour by combining participatory and inverse modelling techniques. Through our new general workflow for 
structural-parametric calibration and interpretation of ABMs, we have gained behavioural insights, generated 
new research questions for behavioural psychology that yield practical policy considerations, and opened 
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new avenues for modelling to scrutinise assumptions and implementation. Future research should consider 
incorporating LLM techniques along the workflow trajectory (Fig. 1) and further disentangle interrelated 
variables. With this present research, we have shown that for the method’s broader applicability and to give 
inverse modelling a strong interpretative focus, it is important to do it right, to do it together.

Data availability
The data and code are available in through the URL ​h​t​t​p​s​:​/​/​d​o​i​.​o​r​g​/​1​0​.​4​1​2​1​/​​​b​2​c​7​6​c​5​2​-​e​d​9​a​-​4​9​b​e​-​b​c​5​1​-​3​2​8​f​a​b​
4​b​e​9​4​b​​​​​.​​
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