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Abstract  
Developing simulation models, including System Dynamics (SD) models, remains largely a manual 

process that involves specifying equations to capture the dynamic behaviour of the system under 

study. While artificial intelligence (AI) applications are increasingly used for model calibration and 

analysis, their role in model development remains unexplored. We introduce a generative algorithm 

designed to derive system structures from observed behaviours. The algorithm constructs net flow 

equations based on time series data of stocks in the system. We describe the algorithm's operations 

and discuss its potential as a model development support tool within the SD modelling process. To 

evaluate its efficacy, we apply it to three test cases of increasing complexity: a simple goal-seeking 

system represented by a cooling teacup, an oscillatory predator-prey model, and a complex model 

involving interactions between workforce, production, and inventory management. The algorithm 

successfully identifies structures in simpler cases but achieves only partial success in the complex 

case. This exploration shows both the potential and limitations of using generative algorithms to 

support SD model development. We concludes with a discussion of the challenges encountered and 

reflects on the future of modeller-algorithm collaboration, setting the stage for further research on 

‘human-in-the-loop’ AI support tools. 
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Introduction 
Artificial intelligence (AI) is increasingly becoming a part of activities traditionally seen as crafts, such 

as programming and arts. The application of AI in Operational Research (OR) has been a topic of 

interest for decades and has recently received renewed attention, although the number of 

publications remains below the surge seen in other fields (Ormerond, 2020; de Bock et al. 2023). AI 

applications in OR have traditionally focused on tasks such as design, scheduling, process planning, 

and control (Kobbacy et al., 2007). However, AI has yet to be applied in defining the operations of 

simulation models, such as System Dynamics (SD) models, which remains largely a craft. An algorithm 

capable of suggesting sets of equations that replicate observed behaviour could significantly improve 

the speed and validity with which models are developed. 

SD is a modelling approach used in OR to model, understand, and analyse the behavior of complex 

systems over time, particularly as a result of feedback loops, time delays, and accumulations within 

systems. This approach is used to understand problem behaviour and identify leverage points for 

interventions, aiding in policy analysis and decision-making (Forrester, 1961). It operates in two 

primary modes: a descriptive mode that aligns with a soft OR perspective similar to problem-

structuring methods, and a predictive/prescriptive mode more similar to hard OR, addressing 

problems through forecasting and optimization (Kunc, 2017). The SD modelling process is a 

thoroughly described and debated process in which the model builder captures a dynamic hypothesis 

in a set of equations (Sterman, 2000; Martinez‐Moyano & Richardson, 2013). Currently, algorithms 

facilitate only certain steps of the modelling process, such as calibration, structural analysis, and 

output analysis (Rahmandad, Oliva, & Osgood, 2015; Bengio et al., 2021; Schoenenberger et al., 

2021; Steinmann et al., 2020; Yücel & Barlas, 2011). The question arises: Can AI aid in the 

development of the model structure itself, specifically the equations? Recent advancements in 

natural language models and foundation models have led to the development of tools that extract 

causal information from text to support the model development process (Kolides et al., 2023; 

Veldhuis et al. 2024, Hosseinichimeh et al., 2024). However, at present, defining the structure of a 
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simulation model remains solely a task for humans, with no computer-aided tools available to assist 

in delineating the causal structure of the model or in specifying its equations.  

The use of algorithms to derive system structure from numerical data has received some attention 

from SD scholars. Early attempts have relied on using neural networks to replicate Causal Loop or 

Stock and Flow models (Chen et al., 2011; Drobek et al., 2015; Abdelbari & Shafi, 2017; 2018). Results 

have been mixed. Zhao (2019) employed an interactive workflow, reminiscent of human modelling 

processes, to generate and validate new hypotheses of structure, utilising both numerical and non-

numerical information, and demonstrating the effectiveness of this method for two single stock 

models. Abdelbari & Shafi (2019) combined hybrid genetic programming and simulated annealing to 

formulate and calibrate differential equations, starting from either a user defined adjacency matrix 

or a synthetically generated and evolving matrix. Their approach is partially successful in identifying 

the structure of two relatively simple SIR models. Further afield, researchers have explored the idea 

of model induction in other domains including agent-based modelling (Epstein et al., 2023, Rand, 

2019), game theory (DeDeo et al., 2010), and hydrology (Remmers et al., 2020). For instance, Vu et 

al. (2019, 2023) use a genetic programming approach to evolve a set of human defined equations 

that specify the behaviour of agents. Brunton et al. (2016) introduced the Sparse Identification of 

Nonlinear Dynamical Systems (SINDy) method, which uses sparse regression and machine learning to 

discover governing equations for nonlinear dynamical systems from data without assuming any prior 

knowledge.  

As Ormerod (2021) has argued that the time for the OR community to get involved with the 

development of AI is now. Sterman, (2018, p. 40) highlights harnessing data to ‘develop, test, 

communicate and implement rigorous, reliable and effective insights in the dynamics of complex 

systems’ as the ‘next frontier’ for system dynamics. In this paper we venture into this frontier by 

presenting a prototype algorithm capable of inferring system structure from observed behaviour 

over time. The system structure is expressed as a SD model: a combination of stock (integrals), flow 

equations and information feedback. The only input for the algorithm is a set of time series data of 

the stocks in a system, referred to as the system behaviour. Subsequently, the algorithm derives the 

stock and net flow equation one stock at a time and calibrates the associated parameters.   

We will begin by describing the operations of the algorithm, which include tree generation, node 

optimisation, error evaluation, and the tree search strategy. Following this, we will discuss the 

algorithm's purpose and its role within the System Dynamics (SD) modelling process. The 

performance of the algorithm will then be evaluated through the reconstruction of three existing SD 

models. In the discussion, we will examine our results and their implications, compare them with 
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existing research, and explore future research directions to enhance the integration of generative 

algorithms with System Dynamics modelling. 

Method: a generative algorithm to construct stock and flow models 

Introduction to the approach 
The goal of the algorithm is to find a set of differential equations that, when simulated from a known 

initial value, fit the available data of the stocks. To simplify and scope this approach, we establish the 

differential equation for each stock separately. After the differential equations for each stock are 

found, or iteratively during the process, a human modeler can separate in- and outflows from the net 

flow equation, match variables in formulas and then combine the results into one model.  

This approach relies on generating differential equations and progressively adding complexity during 

the search while calibrating each solution to the available data. It begins by fitting simple, short, 

polynomial differential equations to the data. Following this, a promising intermediate solution is 

selected. This solution is then iteratively increased in complexity and fitted again. 

The inputs to the approach are the time series data of all the stocks, assuming that the system's 

behaviour is known but its structure is unknown. An overview of the algorithm is provided in Figure 

1, which includes: 

• Stock data: this is the input data, 

• Tree generation: a framework (a 'Tree' network) where parametrised differential equations of 

increasing complexity are generated, 

• Tree search strategy: a strategy to determine which parametrised differential equation 

should be solved or increased in complexity, 

• Solution: the search should lead to a differential equation that fits the stock data, 

• Node optimisation: finding the best-fitting parameters for a parametrised differential 

equation, 

• Integration of differential: integration of a differential equation to derive its outcome, and 

• Error evaluation: evaluation of the fit between the stock data and the outcome. 
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Figure 1: An overview of the different parts of the algorithm and their interactions. 

Using a tree-based approach to generate different models (nodes) offers some notable advantages, 

particularly in terms of transparency and controllability, distinguishing it from other methods like 

deep learning or genetic algorithms, which are often more black-box in nature. Tree structures offer 

a transparent and structured representation of the model development process, facilitating the 

tracing of hypothesis origins and understanding the logic behind each structural decision. This clarity 

greatly improves the user's ability to interpret, validate, and refine the models. 

However, the systematic exploration and evaluation of models (nodes) place substantial demands on 

computational resources, with computational complexity growing exponentially. Consequently, while 

tree-based models offer the advantages of transparency and control, their computational 

requirements necessitate careful resource allocation and optimisation strategies to ensure efficiency 

and practical usability in real-world applications. 

Tree generation  
The algorithm employs a tree structure to make clear and concise decisions in its search for the best-

fitting differential equation. A tree consists of nodes, each containing a parametrised (by a number of 

real-valued constants) differential equation. Therefore, the terms 'node' and 'parametrised 

differential equation' refer to the same concept. When referring to a differential equation, we 

specifically mean a non-parametrised equation: it contains no variables, only stocks and values. 
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The goal is to iteratively increase the complexity of the parametrized differential equation in order to 

find a good fit with the available data. For example, the parametrized differential equation (a node) 

for a stock (named money) could be 
𝑑 𝑚𝑜𝑛𝑒𝑦

𝑑 𝑡
= 𝐶 ∗ 𝑚𝑜𝑛𝑒𝑦. This node expresses the well-known 

exponential growth or decay system. Essentially, in our approach the nodes are functions composed 

of distinct combinations of mathematical operators and relationships. 

A significant part of our approach overlaps with the field of symbolic regression, which aims to find 

the simplest mathematical expression that best fits the data. In this field, expression trees are 

employed to manipulate and administer mathematical expressions (equations). In our prototype 

approach, we utilise an expression tree exclusively comprising unary operators. The general symbolic 

regression problem, featuring binary operators, is acknowledged as NP-hard, indicating that 

searching for solutions within the domain spanned by the binary expression tree is time-consuming 

(Virgolin & Pissis, 2022). The strategy employed utilises a concatenation of unary operators, the span 

of which encompasses most differential equations used in system dynamics. Naturally, this implies 

that systems where the differential equation is not readily represented by a unary expression tree 

pose a greater challenge to solve. 

We define an operator as a small mathematical transformation of the parametrized equation into 

another (more complex) parametrized equation. The root node of the tree consists of the 

(parametrized) equation ‘zero’. We can then (iteratively) keep adding operators to (well-fitting) 

parametrized equations to increase the complexity. The operators1 we used for the algorithm are (C 

stands for a real-valued variable, X stands for a specific stock, F stands for a parametrized equation): 

• F → F + C 

• F → F + C * X 

• F → F + C / X 

• F → F * C * X 

• F → F * C / X 

• F → F + F * C * X 

• F → C * non_linear_transformation(F)2 

By starting at the root node, the algorithm generates the children nodes of the root node by applying 

all operators for all stocks, resulting in 14 children nodes when there are two stocks. This is 

illustrated in the top tree in Figure 2. As it iteratively generates new nodes, the number of nodes 

grows exponentially with the depth of the tree. To mitigate this growth, the algorithm checks 

whether the parametrised differential equation of the newly generated node is equivalent to that of 

 
1 Note that more operators could be included, such as: F → F + F * C / X, or MAX/MIN.  
2 We added a non-linear lookup function to experiment with fitting systems depending on lookup function, see 
the third use-case in the Results section. 
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another node already in the tree. Two parametrised differential equations are considered equal if 

there is a one-to-one correspondence (algebraically equivalent) between them. For example, the 

parametrised equations 0 + C simplifies to C and similarly, 0 + C * X * C / X simplifies to C * C. This is 

illustrated in the bottom tree in Figure 2. Both processes demonstrate how seemingly different 

expressions can represent the same relationship, thereby being considered equivalent. In order to 

determine whether two parametrized differential equations are equal, the Python library SymPy is 

used to transform string representations of the formulas into a standard form (Meurer et al. 2017). 

To abstract from specific numerical values, constants within these formulas are replaced by the 

number one. Subsequently, all coefficients in a formula are normalized or removed, facilitating a 

comparison based on the structural composition of the equations rather than their numerical 

specifics. 

When a node is not added to the tree (pruned), it proves efficient to store this information. 

Therefore, we establish parent-child relationships between the parent node and the more complex, 

readily available node. This process introduces cycles in the parent-child relations, transforming the 

structure from a tree to a directed network. Despite this, we continue to refer to the directed 

network as a 'tree' because complex equations are generally positioned further from the root node 

than simpler ones. 

 

Figure 2: illustration of tree generation and pruning. The upper tree shows operators being applied for stock X to Xn. The 
dotted lines indicate equivalent formulas (0+C = 0+C and 0 = 0*C*X = 0*C/X etc.). The bottom tree is the resulting pruned 
tree. 
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Node optimisation 
The explanation of the tree search strategy is best understood last, hence we proceed with detailing 

the node optimisation phase. During this phase, the algorithm seeks to identify the parameters in the 

parametrised differential equation that most accurately fit the data. This entails determining values 

for all constants in the equation, integrating the differential, and evaluating the error to assess how 

well the integrated result matches the data. 

In node optimisation, we employ the Nelder-Mead algorithm from the Python SciPy library (Virtanen 

et al., 2020). This algorithm offers the advantage of not requiring derivatives, which can be complex 

and time-consuming to calculate, especially since the error value is dependent on time series data of 

stock values. The Nelder-Mead algorithm recognized for achieving significant error reduction with 

relatively few evaluations. Selecting this algorithm is pragmatic for our prototype, though other 

optimisation algorithms might enhance performance or efficiency. 

When the degrees of freedom in the parametrised differential equation are fewer than the number 

of constants in the formula, the efficiency of the optimisation process significantly decreases. For 

instance, the node with the formula 0 + C * X * C * X = C*C * X*X has one degree of freedom (the 

value of ‘C*C’) but two constants, resulting in an infinite number of optimal solutions. The algorithm 

identifies such cases using the SymPy library (Meurer et al. 2017) and removes a constant from the 

formula, a step taken during the generation of new nodes, which reduces the dimension of the 

problem and improves the optimisation process. 

The Nelder-Mead algorithm is employed with default stopping criteria and does not impose bounds 

on the constants, acknowledging that the problem is unbounded. The initial values of all constants 

significantly affect the likelihood of finding the global minimum, especially in complex problems. 

Generally, large absolute values result in the integration producing large absolute stock time series, 

whereas values near zero lead to nearly constant stock time series. However, choosing fixed initial 

values for the constants can cause the Nelder-Mead algorithm to terminate prematurely, such as 

when it reaches the bottom of a Rosenbrock-like optimisation valley. This presents a challenge, as we 

assume no prior knowledge of appropriate constant values, and there might be orders of magnitude 

differences between constant values, even within the same model. We address this challenge by 

determining appropriate initial values for optimisation with the Nelder-Mead algorithm in three 

consecutive steps. 

First, the (two-sided) derivative of the stock is calculated. This pointwise derivative is used to 

estimate the order and sign of the initial values. Then, for each time step available in the stock data, , 

the algorithm optimises the constants to yield the desired derivative of the stock. Taking the mean of 
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the resulting values provides a preliminary estimate of the initial parameter value. Second, using the 

results of the first step as a starting point, we perform a similar optimisation, focusing on the 

derivative of the stock data. However, in this step, the constants are fixed over time. Despite this 

additional step, the resulting initial values can sometimes be too far removed from suitable starting 

values for the Nelder-Mead algorithm to converge on a global optimum. In the third step, using the 

results from the second step, we apply two iterations of the computationally intensive Powell 

optimisation strategy on the entire node optimisation problem. This algorithm is known for its ability 

to take larger steps within the optimisation domain. The result is then used as the initial values for 

the Nelder-Mead algorithm, which ultimately determines the final parameter values. This step-wise 

approach remains more efficient than running computationally expensive optimisation algorithms, 

such as Powell optimisation, on the node optimisation problem alone. Efficiency is crucial, as many 

nodes require optimisation during the search.  

Integration of differential 
With the constants proposed during node optimisation, the algorithm solves the resulting initial 

value problem (with initial values specified in the data) using the solve_ivp algorithm from the SciPy 

library (Virtanen et al., 2020). This process requires the values of stocks, which serve as inputs to the 

equation, for all time steps. When stock values are unavailable for certain time steps, the data is 

linearly interpolated to fill these gaps. This interpolation introduces a minor error, which has been 

found to be negligible provided the data adequately represents the phenomenon in question. 

The algorithm employs the explicit 3rd order Runge-Kutta method. Other methods resulted in more 

integration failures or decreased efficiency. This step, occurring during the iterative process, involves 

integrating generated differential equations with parameter values that may significantly deviate 

from their true values, being either excessively small or large. Consequently, integration can often be 

slow, as the (absolute) value of the derivative might become large.  

To enhance integration efficiency additional stop criteria are defined. The algorithm identifies when 

the absolute value of the solution under evaluation exceeds the original stocks significantly or when 

integration excessively concentrates iterations within a small domain (relative to the time domain 

and interval of the stock data). This situation often arises when the derivative's absolute value 

approaches infinity within the bounded domain, complicating the determination of error values 

crucial for guiding the optimisation. As the optimisation process necessitates an error value, 

continuing integration with ever-increasing or constant error values fails to effectively direct the 

optimisation. Thus, to mitigate this issue, the derivative's returned values are maintained at the level 

detected at the moment of identification.  
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Error evaluation 
To assess the fit between the stock data and the integration, selecting an efficient loss function is 

crucial, especially given the frequent calculations involved. Additionally, the loss function should 

promote a broad domain of attraction and yield smooth error values. Based on these criteria we 

have selected the Symmetric Mean Absolute Percentage Error (SMAPE). It offers rapid evaluation, a 

smooth error landscape, and a wider and clearer domain of attraction compared to other loss 

functions, thanks to its symmetrical attribute. An added advantage of SMAPE is that it measures 

percentage error, making the absolute error value a more intuitive indicator of fit that is less 

influenced by the magnitude of the stock data. Other loss functions, such as the Dynamic Time 

Warping (DTW) loss function, proved too time-consuming, or had a smaller domain of attraction, like 

the Mean Squared Error (MSE) and Mean Absolute Percentage Error (MAPE). These limitations made 

them less suitable for our purposes compared to SMAPE, which balances computational efficiency 

and the breadth of the domain of attraction effectively. 

Tree search strategy 
The tree search strategy in principle has two options to search for an optimal solution: 

• Expand a node in the tree, adding more (non-optimised) nodes with more complex dynamics 

to the tree. 

• Optimise a node, which returns a specific time series of the stock and an error value of the fit 

with the actual data. 

The search always starts at the root node. We decided to optimise all nodes that were added to the 

tree whenever a node is expanded. This leaves us with one choice: which node to expand next. The 

algorithm is terminated, yielding a satisfactory fit, when a node's optimisation returns an exceedingly 

small error value. Figure 3 illustrates the search algorithm for a two stock problem. 

It's important to note that each operator introduces a single degree of freedom (the constant C) and 

for each operator there is a value for C that simplifies the equation back to its preceding 

parametrised form. This property implies that if the algorithm effectively identifies the (global) 

optimal values for the constants that minimise the error, then the error for any given node should be 

less than or equal to that of its parent node. This only holds when the node, in comparison to the 

parent, adds complexity. 

In the tree search strategy we encounter the exploitation versus exploration dilemma. Using 

exploitation (smallest error) for the decision on which node to expand results in the algorithm to do a 

depth first search, since errors are not increasing. However, this strategy often fails, because the 

solution node is often not on the depth-first search path. In general, the path from the root node of 

the tree to the solution node is non-convex, meaning the child node leading to the solution node is 
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not necessarily the node with minimal error. A strategy that effectively navigates this dilemma 

requires backtracking. 

An effective approach to explore the solution space is to pursue diverse behaviour, meaning a 

solution is significantly different from the previous result. Therefore, the algorithm tracks the 

changes in error values. We found that the strategy to expand the node with the largest error 

improvement works well, as it ensures that significantly different behaviour is tested. Also, it still 

correlates strongly (initially) with a good absolute error value, since increasing complexity (of an 

equation) implies a non-increasing error, as explained above. 

 

Figure 3: illustration of tree search strategy. The numbers indicate the order in which nodes are expanded. The search 
proceeds down the tree until node 3 after which the algorithm backtracks to node 4. Since node 4 has a greater 
improvement in error values compared to the children of node 3.  

A place for generative algorithms in the System Dynamics modelling process   
Ormerod (2021) has discussed several ways in which AI can be positioned in OR. The algorithm 

presented in this paper is designed as a support tool for a human modeller. Following this, we 

describe the role and added value of the generative algorithm in the modelling process. To provide 

context, a brief description of the SD modelling process is included.  

The SD modelling process starts with identifying a dynamic complex problem. A dynamic hypothesis 

is then formulated about the causal feedback structure underlying the problem. This is followed by 

the formalisation of the hypothesis into a model to test it. In the context of this paper, only stock and 
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flow simulation models are considered. To determine the model’s soundness and usefulness, a series 

of validation tests are performed. The model can then be utilised to identify leverage points for 

interventions and develop, test and compare different policy options, supporting their 

implementation (see Figure 4). For more information on the process, the reader is referred to 

Forrester (1961) and Sterman (2000). 

The interaction between the generative algorithm workflow and the System Dynamics (SD) modelling 

process begins at step (ii), the formulation of a dynamic hypothesis, and can continue into step (iii), 

the formulation of a stock and flow model (Figure 4). During the formulation of a dynamic 

hypothesis, the algorithm assists in identifying plausible model structures, including potentially 

multiple alternative structures. In the model formulation phase, the algorithm's output can be 

transferred to an SD modelling environment and incorporated within an SD model. In the examples 

presented in the next section, we rely entirely on the algorithm to generate the model structure. In 

real-world applications, the output of the algorithm can be adjusted by a modeller or integrated with 

model structures already developed by the modeller. 

The user must specify at least one reference mode (time series data) for a stock (step 1 in the right 

part of Figure 4). The algorithm can then search for an equation and parameters that fit the provided 

data (step 2). The user thus needs a preliminary understanding of the system to select reference 

modes for inclusion in the search. Additionally, the user may choose to include numerous other 

reference modes for stock variables or constants (which are essentially stock values that remain 

unchanged during the model's time horizon).  

The user will then need to evaluate the output of the algorithm (step 3). This involves reviewing the 

error scores, comparing the behaviour over time of the solution to the reference mode data, and 

ensuring that the generated equation and parameters are conceptually explainable. Once the results 

are deemed useful, the equation and parameters can be transferred to the SD modelling 

environment, often utilising one of the several commercially available software packages (step 4). 

However, the prototype algorithm has no contextual knowledge of the system or understanding of 

the model purpose beyond an adequate fit with the reference mode data. Therefore, the user is 

required to define the flows, auxiliary variables, and their units. Since the algorithm currently outputs 

one net-flow equation, this may also involve splitting the equation into multiple separate equations 

for conceptually distinct inflows and outflows of the stock. An additional integration step might be 

necessary in cases where the algorithm is used to find equations for multiple stocks (step 5). Through 

the iterative nature of both processes, the algorithm can assist the user in formulating a valid 

dynamic hypothesis (step ii) and stock and flow model (step iii). 
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Figure 4: Positioning of the use of a generative algorithm (right) within the System Dynamics (SD) modelling process (left). 
The algorithm is used to generate system structure and is therefore utilized in both the dynamic hypothesis formulation step 
and the stock and flow model development step. Although both processes are depicted as linear, in practice, many iterations 
may occur within and between steps.   

Materials: three test cases 

We will evaluate the algorithm's capability to replicate the system structure (stock and flow 

equations) using time series data of the target behaviour and other stocks in the model, if present. 

Our test set consists of existing models which serve as a ground truth against which the algorithm's 

output can be compared.  

To assess the algorithm's performance across various conditions, we have chosen three test cases of 

increasing complexity, approximating complexity levels used in System Dynamics (SD) education 

(Schaffernicht et al., 2016). The models in the three test cases exhibit increasing complexity due to a 

rising number of stocks and feedback loops.  
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• Case 1 explores the dynamics of a cooling tea cup, illustrating simple goal-seeking behaviour 

through a local balancing feedback loop. This system demonstrates how temperature 

decreases over time towards a stable equilibrium. The model is based on Newtons Law of 

Cooling 
𝑑𝑇

𝑑𝑡
= 𝑘(𝑇 − 𝑇𝑎𝑚𝑏𝑖𝑒𝑛𝑡) and was used in earlier work on model structure generation 

by Zhao (2019). 

• Case 2 describes the interaction between a population of deers and wolves and is an 

example of the classic predator-prey model, capable of producing oscillatory behaviour 

(Volterra, 1928). Its behaviour is driven by one major balancing feedback loop and several 

local feedback loops, both goal seeking and reinforcing. 

• Case 3 is a more elaborate model that describes the dynamics between workforce, 

production and inventory management, adapted from Sterman (2000). With the specific 

initial values and constants selected for this test case, the model displays dampening 

oscillatory behaviour. It features five stocks and multiple major and local feedback loops.  

Certain functions used in some SD models have not yet been integrated in the algorithm, such as 

higher order delay functions or logical functions (if, min, max). For this reason the test set does not 

include cases that require such operations. Complex functions such as lookups are especially 

interesting in our context because they often represent entire submodels are -systems that are not 

explicitly modelled, and can introduce substantial behavioural variance into the system depending on 

their specification (Eker et al., 2014). For testing purposes, we have included one non-linear relation 

in the three search which is used in the third case mode.  

Results  
In this section we present the results of applying the generative algorithm on the three defined 

cases: teacup, predator-prey, and inventory workforce. For the teacup and predator-prey the 

algorithm successfully generates a structure identical to the original model. However, for the 

inventory workforce model, the algorithm achieves partial success, which will be discussed in more 

detail. 

For the first case, the teacup case, the algorithm successfully identifies the structure (equations) of 

the system together with accurate constants. Table 1 shows the original equation, the found 

equation and the SMAPE error value. 

Table 1: original (O) and generated (F) differential equations and SMAPE for stocks in case one: teacup 

Stock O/F Equation SMAPE 

Teacup 
Temperature (𝑆1) 

O 
𝑑𝑇

𝑑𝑡
=

−(𝑆1 − 22)

10
 = 2.2 − 0.1 ∗ 𝑆1 NA 
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F1 

𝑑𝑇

𝑑𝑡
= 2.19 −  0.100 ∗ 𝑆1 ~0.001 

For the second case, the predator-prey case, the algorithm also successfully identifies the structure 

(equations) together with accurate constants (Table 2). 

Table 2: original (O) and generated (F) differential equations and SMAPE for stocks in case two: predator-prey 

Stock O/F Equation SMAPE 

Deer (𝑆2) 

O 
𝑑𝑇

𝑑𝑡
= 0.8 ∗ 𝑆2 − 0.04 ∗ 𝑆3 NA 

F2 

𝑑𝑇

𝑑𝑡
= −0.040 ∗ 𝑆2 ∗ 𝑆3  +  0.804 ∗ 𝑆3 ~0.002 

Wolves (𝑆3) 

O 
𝑑𝑇

𝑑𝑡
= 0.02 ∗ 𝑆2 ∗ 𝑆3 − 1.6 ∗ 𝑆3 NA 

F3 

𝑑𝑇

𝑑𝑡
= 0.02 ∗ 𝑆2 ∗ 𝑆3  −  1.606 ∗ 𝑆3 ~0.003 

In the third case, the inventory-workforce model, the algorithm struggles to generate an appropriate 

model structure (equations) and constants for some aspects of the system. Figure 5 show the 

structure of the more complex model with five different stocks.  

 

Figure 5: inventory-workforce model 

Table 3 shows the original equation, the generated equation and the SMAPE values for the best 

solution generated. These correspond to the model shown in Figure 5. The equations have been 

algebraically simplified to a minimal amount of operations or variables for the purpose of 

comparison. Although the SMAPE values are relatively low for all variables, indicating a good fit to 

the data, the correspondence in system structure is limited for variables: 𝑆4, 𝑆7 and 𝑆8). Different 

reasons for the varying success of the algorithm exist which are discussed below.   

Table 3 original (O) and generated (F) differential equations and SMAPE for stocks in case three: inventory-workforce 

Stock O/F Equation SMAPE 

O 
𝑑𝑇

𝑑𝑡
= (0.05 ∗ 𝑆7) − (0.05 ∗ 𝑆4)  NA 
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Actual 
workforce (𝑆4) 

F4a 

𝑑𝑇

𝑑𝑡
= (0.0450 ∗ 𝑆7) − ( 0.000483 ∗ 𝑆8) − (

2.47 ∗ 105

𝑆6
) ~0.006 

F4b 

𝑑𝑇

𝑑𝑡
= (0.0500 ∗ 𝑆7) − (0.0500 ∗ 𝑆4) ~0.001 

Expected 
Order Rate  

(𝑆5) 

O 
𝑑𝑇

𝑑𝑡
= (1.25 ∗ 103) − (1.25 ∗ 10−1 ∗ 𝑆5) NA 

F5 

𝑑𝑇

𝑑𝑡
= (

2.43 ∗ 107

𝑆6
) − (2.43 ∗ 103 ∗

𝑆5

𝑆6
) ~0.001 

Inventory (𝑆6) 

O 
𝑑𝑇

𝑑𝑡
= (0.125 ∗ 𝑆8) − (𝐿𝑜𝑜𝑘𝑢𝑝[𝑆6]) NA 

F6 

𝑑𝑇

𝑑𝑡
= (0.0650 ∗ 𝑆6) + (1.10 ∗ 𝑆5) − (0.0001.64 ∗ 𝑆6 ∗ 𝑆7) − (

7.09 ∗ 106

𝑆4
) ~0.008 

Perceived 
Desired 

Workforce 
(𝑆7) 

O 
𝑑𝑇

𝑑𝑡
= (0.000778 ∗ 𝑆5) − (0.00486 ∗ 𝑆6) − (0.00417 ∗ 𝑆8) − (0.25 ∗ 𝑆7) NA 

F7 

𝑑𝑇

𝑑𝑡
= −(0.00215 ∗ 𝑆5) + (5.09 ∗ 103

𝑆5

𝑆8
) − (4.29 ∗ 10−7 ∗ 𝑆7 ∗ 𝑆8)

+ (0.0338 ∗ 𝑆7) − (
3.69 ∗ 107

𝑆8
) + 15.6 

~0.023 

Work in 
process 

inventory (𝑆8) 

O 
𝑑𝑇

𝑑𝑡
= (10 ∗ 𝑆4) − (0.125 ∗ 𝑆8) NA 

F8a 

𝑑𝑇

𝑑𝑡
= −(

9.52 ∗ 106

𝑆4
) + (

7.63 ∗ 108

𝑆8
) ~0.005 

F8b 

𝑑𝑇

𝑑𝑡
= (9.97 ∗ 𝑆4) − (0.125 ∗ 𝑆8) ~0.001 

For the stock Actual workforce (𝑆4) two generated solutions are shown. F4a is the solution where the 

SMAPE value triggers the algorithm to terminate. Disregarding the termination condition allows the 

algorithm to successfully identify the structure and constants, as show in F4b. The algorithm resolves 

the F4a node before reaching the F4b node in the tree optimising a solution with a good fit using 

stocks Perceived Desired Workforce (𝑆7), Inventory (𝑆6) & Work in process inventory (𝑆8) instead of 

Perceived Desired Workforce (𝑆7) & Actual workforce (𝑆4). This example illustrates that a low error 

value is not a guarantee for finding an appropriate structural fit, as in some cases low error values 

can be achieved based on structural erroneous solutions. A closer inspection by a human modeller 

can reveal such errors. Figure 6 compares the original stock values and the estimated values. Notice 

that the erroneous solution F4a shows a different mode of behaviour in the initial time units of the 

simulation, unlike the correct solution, F4b, which does not show this divergence.  
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Figure 6: graph of original values of stock Actual Workforce and the estimate of solution F4a 

For the stock Expected Order Rate (S5) the algorithm finds a solution with a very small error value but 

partly fails to replicate the target model structure. The algorithm does generate the node containing 

the correct model structure but fails in successfully optimising that node, thus failing to identify the 

correct parameters to reach a low error value. The optimisation algorithm embedded within the 

algorithm has difficulty as a result of the constants 1250 and 0.125 being on different orders of 

magnitude. Consequently, the tree search algorithm proceeds deeper into the tree until it finds a 

node giving nearly identical behaviour to the target behaviour, but erroneously adding a stock to the 

equation in the process (see Figure 7). It uses the stocks Expected Order Rate (S5) & Inventory (𝑆6) 

instead of only relying on Expected Order Rate (S5).  
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Figure 7: graph of original values of stock Expected Order Rate and the estimate of solution F5 

For the stock Inventory (𝑆6) the algorithm finds a solution with a low SMAPE error value, however not 

the original solution (see Figure 8). In terms of structure the relation to Inventory (𝑆6) is identified, 

but Work in process inventory (𝑆8) is excluded while Expected Order Rate  (𝑆5) is erroneously 

included. The latter error may have resulted from the challenging conditions set for the algorithm. 

Since no constants were input, only stocks, the similarity between the Customer Order Rate and 

Expected Order Rate  (𝑆5) likely contributed to this deviation.  
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Figure 8: graph of original values of stock Inventory and the estimate of solution 𝐹6 

For the stock Perceived Desired Workforce (𝑆7), the algorithm generates the correct node but fails to 

optimise the solution node, reaching a local optimum at  
𝑑𝑇

𝑑𝑡
= (1.98 ∗ 𝑆5) − (0.193 ∗ 𝑆6) −

(0.0103 ∗ 𝑆8) − (11.0 ∗ 𝑆7) with a SMAPE value of 0.035 (see Figure 9). This value is not low enough 

to trigger termination and would therefore not be brought to the attention of the analyst. At a lower 

level in the tree, it identifies different formula (F7) with a SMAPE value of 0.023. The relation with 

Expected Order Rate  (𝑆5), Perceived Desired Workforce (𝑆7) & Work in process inventory (𝑆8) are 

included, but the dependency on the stock Inventory (𝑆6) is omitted. A possible explanation is that 

the effect of Inventory on Perceived Desired Workforce, calculated through the desired production 

(start rate), is relatively small and unstable compared to the large and stable impact of the Expected 

Order Rate. Thus, a strong fit can be more easily achieved by the algorithm when ignoring Inventory. 
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Figure 9: graph of original values of stock Perceived Desired Workforce (𝑆7) and the result of solution 𝐹𝑛𝑜𝑑𝑒 

For the stock Work in process inventory (𝑆8) the algorithm terminates at a node different from the 

solution node due to SMAPE value lower than the termination condition, similar to Actual workforce 

(𝑆4). In this equation(F8a) the corresponding dependencies are identified, however, using a different 

equation than the original. If the algorithm is not terminated at this node, it continues searching and 

does successfully identify the correct solution (F8b). Both F8a and F8b have similar behaviour, which 

also closely resembles the behaviour of the original equation, as can be seen in Figure 10. 
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Figure 10: graph of original values of stock Work in process inventory (𝑆8) and the result of solution F8a and F8b  

Figure 11 shows the dependencies between stocks and flows which were found (green arrows), 

missed (red dotted arrows) and erroneously added (purple dashed arrows). Note that the algorithm 

did not find that the outflow of Work in process inventory (𝑆8) equals the inflow for Inventory (𝑆6), as 

both equations are generated independently of each other.  

 

Figure 11: The inventory-workforce model as generated by the algorithm. A green arrow indicates identified dependencies, a 
red dotted arrow missed dependencies and a purple dashed arrow indicates dependencies erroneously added by the 
algorithm. 

The generative algorithm replicated the original models for the teacup and predator-prey cases. 

However, the algorithm faced challenges with the more complex inventory-workforce model. While 
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it achieved low SMAPE values for all variables, it struggled to accurately replicate the system 

structure for all stocks. It missed dependencies and added erroneous relations. The main difficulties 

arose to in dealing with constants on different orders of magnitude and the algorithm's sensitivity to 

termination conditions. These findings highlight the need for further refinement of the algorithm to 

better handle complex models and ensure structural accuracy alongside low error values. 

Discussion 
We will discuss noteworthy observations and implications of our results, compare them with the 

work of other researchers on similar topics, and explore potential future research directions building 

on these insights. 

We applied a generative algorithm to infer the stock-flow structure of three different case studies 

from the System Dynamics canon using time-series data from stock variables as the only source of 

information. The overall strategy is to start proposing simple SD systems and to increase complexity 

in steps. By focusing on improvements of the (data) fit, the algorithm is able to backtrack to simpler 

systems or increase the complexity even further on (promising) already complex systems. For the 

simple Teacup model and slightly more complex Predator-Prey model, the algorithm identified the 

exact system structure and parameters. However, the more complex inventory-workforce model 

proved to be more challenging. While the algorithm identified several dependencies between stocks, 

it was unable to generate the correct net-flow equations for several of the stocks in the model. These 

results illustrate the current capabilities of the algorithm and highlight its limitations, which we will 

discuss further below.   

The convergence of the field of artificial intelligence and SD has thus far been limited (Armenia et al. 

2024). Recently, progress was made in the area of Natural Language Processing to support model 

development by identifying causal text and using Large Language Models to support the modelling 

process (Akhavan & Jalali, 2023; Hosseinichimeh et al., 2024; Veldhuis et al. 2024). Our work 

represents additional progress in the quest for using AI in the SD modelling process, by directly 

inferring system structure from time-series data. Several other attempts to infer system structure 

from data have relied on the use of neural networks (Chen et al., 2011; Drobek et al., 2015; Abdelbari 

& Shafi, 2017; 2018). Neural networks can be difficult, if not impossible, to translate into stock and 

flow structure. This is problematic as results will be difficult to review by a modeler, integrate in a 

larger model and used to transfer insights and recommendations to an audience. Transparency of the 

model structure, whether made by a human or an algorithm, is key in OR and SD modelling (de Bock 

et al., 2023). To achieve this, the output of the approach presented here consists of a set of a net 

flow equation which can be integrated into a standard SD workflow as described. The output of the 
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presented algorithm is similar to that of the approach by Abdelbari & Shafi (2019), who tested their 

genetic programming approach to generate two SEIR models. Similar to our results with the more 

complex inventory-workforce model, their findings on the simpler SEIR models were mixed, 

successfully identifying some equations while also uncovering spurious causal relations and omitting 

existing ones. Remmers et al. (2020, p. 9) observed that for hydrological models it may be 

“challenging and in most cases impossible to infer model structure from model output”. We observe 

that, at least for the small and medium-sized stock-flow models, progress has been made, notably 

with regards to the correct generation of a two stock predator-prey model and the mixed results on 

the far more complex inventory-workforce model. 

In the third case study, the algorithm made numerous errors, including suggesting spurious causal 

effects that defy logic. Our results, as well as those of others, indicate that model structures 

generated by algorithms require careful validation by a modeller. Vu et al. (2023) similarly noticed a 

conflict between theory and identified model structure when applying their own model inference 

algorithm to data of alcohol consumption behaviour patterns. Interestingly, Greig et al. (2019) 

discussed how finding structures “unlikely to be designed by a human modeler” might actually be an 

added value of generative tools, as they challenge preconceived notions of system operation. This 

tension between expected and surprising structure, which generative algorithms can reveal, deserves 

future research attention.  

Nonetheless, scrutiny of the results is required and significant improvements are still needed. Several 

errors in our current results stemmed from failing to successfully optimise the parameters of the 

correct solution node, causing the algorithm to continue its search. This issue partly arose from our 

desire to include a highly efficient optimisation approach, given the large number of nodes in the 

tree that require optimisation. Improving both the optimisation method and error measurement 

could significantly improve the performance of the algorithm. Many alternative approaches are 

available, some of which are already used in combination with generative algorithms (see Abdelbari 

& Shafi, 2019). In addition, the current algorithm does not consider units and unit consistency, which 

could also serve as markers for the quality of the solution. Exploring methods to search 

simultaneously or iteratively for sets of equations, rather than individual stocks as we did, could 

further improve results. Lastly, a more intelligent search strategy could incorporate general SD 

modelling knowledge, such as recognizing and prioritising simple archetypal system structures 

commonly used in SD (see Hines, 2005). The aforementioned areas for improvement are of a 

technical nature, we will now turn to a second important path forward: collaboration between the 

modeller and algorithm.     
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Generative algorithms require supervision and interpretation by experienced SD modellers. Our 

current work demonstrates several reasons for this. In the inventory-workforce model, the algorithm 

generated incorrect equations that showed somewhat plausible behaviour with moderate error 

values. Blindly using these equations could lead to incorrect assumptions about the system structure. 

Furthermore, the output of the current algorithm consists of net flow equations for each stock. 

Disaggregating the net flow equations in relevant inflows, outflows and auxiliary variables is common 

in SD as it aids the communication of the model structure. The current approach could be improved 

by splicing the equations based on combinations of parameters, stocks and operators. Additionally, 

separate net flow equations must be integrated into a model, possibly merging them with existing 

model structures. However, deciding what structure to include into a model and at wat level of 

aggregation requires an understanding of the model’s purpose and context. The current algorithm 

has no such understanding. But even for future algorithms such understanding might be problematic 

to acquire as the purpose and context of a model might not be fully articulated and evolve during the 

modelling process (Veldhuis et al. 2024). Generative algorithms can create better understanding of a 

system and its behaviour not by replacing the human modeller, but by fostering a more structured 

and efficient dialogue between models and data, which authors including Box et al. (1978) and 

Homer (1996) have highlighted as the key for effective systems analysis. 

Rather than considering the current algorithm, or indeed any generative algorithm, as an 

autonomous tool, viewing it as an instrument to be used by a modeller invites discussion on the 

implementation of a "human in the loop" approach and its benefits. A primary benefit of this 

approach is the ability to infuse human domain expertise, along with an understanding of the 

model's purpose and context, into the generative process. This can be accomplished by pre-

specifying likely and unlikely relationships, valid value ranges for constants and other goals and 

constraints. For example, stock values may have physical or logical limitations, known dependencies, 

or dependencies that can be excluded. This type of information can be gathered through common SD 

practises, such as consulting with problem stakeholders. Adding information restricts the search 

space of the algorithm, thereby improving its efficiency and validity, which is crucial for overcoming 

the challenge of scaling this and similar approaches to larger systems (Brunton et al., 2016). 

Furthermore, problems within dynamic complex systems are prone to local optima which results in 

non-convex search spaces which are difficult and time-consuming for an algorithm to escape. Human 

understanding could guide the algorithm through the search space by prioritising certain 

performance criteria or suggesting directions to explore or exclude. As such, the use of generative 

algorithms in modelling becomes not a replacement for manual modelling, “but rather part of a 



Proceedings of the International System Dynamics Conference 2026, Delft, The Netherlands 

reflexive and iterative process of scientific inquiry to better understand a phenomenon” (Vu et al. 

2023 p. 20). 

The search space for inferring a causal model from data is large and expands rapidly as more 

variables are introduced. If the potential operations of the relations are unknown and remain 

unrestricted, the search space essentially becomes infinite (Remmers et al. 2020; Vu et al. 2023). 

Until now, both we and other researchers have primarily focused on simple textbook cases. As 

efforts shift towards more realistic data, it will inevitably lead to a scenario where multiple, if not 

many, imperfect solutions emerge, each representing various levels of scope, aggregation and 

complexity. Determining the 'best' model could itself be problematic if the system's underlying 

dynamics are poorly understood (e.g., Auping, Pruyt & Kwakkel, 2014) or significant uncertainties are 

present (Kwakkel & Pruyt, 2015). We contend that in such cases, generative algorithms can be 

particularly useful, not by aiming to find a single model but by facilitating the development of a 

variety of models, thereby supporting an ensemble approach to modelling. (Bankes, 1993). Here, too, 

the “human in the loop” process proposed earlier is beneficial, a generative algorithm identifies a 

number of plausible structures, and a human analyst then selects one or more of these candidate 

solutions for further analysis and use in an ensemble. This would also externalize the trade-off 

between empirical fit and theoretical interpretability identified by Vu et al. (2019) and quantified by 

Abdelbari & Shafi (2018). Some structures may fit the data better but are more complex and harder 

to understand, while simpler and more intuitive structures might fit the data poorly. Choosing 

between these alternatives should remain a human task, heavily influenced by the model's purpose 

and the problem's context. 

Although significant progress is still needed before generative algorithms can become effective 

model-building assistants, real advancements are currently being made in this direction. Our findings 

emphasize the essential role of human oversight in the use of generative algorithms, and we 

advocate for viewing these algorithms as tools to deepen rather than supplement our own 

investigation of problems. Future research should focus on enhancing the capacity of generative 

algorithms to handle more complex and realistic problems by improving the search and optimisation 

processes, and perhaps most crucially, integrating context and problem-specific knowledge into the 

generative process. These advancements can lead to generative algorithms becoming powerful aids 

for modellers, facilitating a more efficient and insightful exploration of complex problems through 

the effective combination of human understanding and algorithmic efficacy. 
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