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After fifty years of system dynamics I decided that now is a good time to reflect on the field, 
where it has been and where it is going. I begin with comments on the character of system 
dynamics models gleaned from my own training and subsequent academic career.   Then I 
examine a snippet of contemporary system dynamics in the era of AI, using a critical review of a 
2024 paper about the use of generative AI for model conceptualization.  Next I return to my 
experiences of the field in a section about ‘Living with System Dynamics’. Here I insert a short 
paper, from 2021, to further illustrate the character of SD and style guidelines for modeling. The 
contrast between my characterization of the field and the selected AI snippet brings me to the 
final section ‘Where to Next?’ There’s a shift underway in modeling practice, which is also the 
focus of ISDC2025. I consider this shift, drawing on the evocative lyrics of Bob Dylan’s immortal 
song “The Times They Are A-Changin’”.  
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A Poem for the Over Seventies 
Variations on A.E. Housman, Spring 2025 by John Morecroft 

(Paired with ‘Reflections on SD …’  paper presented by JM at ISDC 2025; there’s a connection!) 
 

I recently came across a delightful poem by A.E. Housman. It’s about a cherry tree and is taken 
from Housman’s famous poetry collection entitled ‘A Shropshire Lad’. 

Imagine you’re just twenty years old and already aware that of your three-score-years-and-ten 
just fifty now remain!  I began to wonder how the verses could be re-written for those who are 



over seventy. My poetic effort follows. For reference, Housman’s original is on the left of the table. 
My version, modified for the over-70s, is on the right. 

Housman‛s Original 
Loveliest of trees, the cherry now 
Is hung with bloom along the bough, 
And stands about the woodland ride 
Wearing white at Eastertide 
 
Now of my threescore years and ten, 
Twenty will not come again 
And take from seventy springs a score, 
It leaves me only fifty more 
 
And since to look at things in bloom  
Fifty springs are little room 
Above the woodland I will go 
To see the cherry hung with snow 
 

JM Over-70s Version 
Loveliest of trees, the cherry now 
Is hung with bloom along the bough, 
And stands about the woodland ride 
Wearing white for Eastertide 
 
Now of my threescore years and ten 
All, plus four, won‛t come again 
As seventy can‛t reach seventy-four 
My springs are less than zero more! 
 
And since to look at things in bloom 
Such dearth of springs is little room 
Above the woodlands I will go 
To see the cherry hung with snow 
 

 
I continued to tinker with Housman’s cherry tree poem. I decided to ask ChatGPT to rewrite it! 
Here’s my request: “Please rewrite Housman’s cherry tree poem as though the narrator is 
seventy-four years old (instead of twenty years old)”.  ChatGPT politely replied “Certainly. Here 
is a rewritten version of the original poem, now voiced by a speaker who is seventy-four years 
old. The tone shifts to one of gentle reflection, seasoned by the weight of years lived”.  I was 
surprised the chatbot understood the computational aspect of my request. In a matter of 
seconds, it composed the verses shown on the right of the table. Again for reference, 
Housman’s original is on the left. 
 

Housman‛s Original 
Loveliest of trees, the cherry now 
Is hung with bloom along the bough, 
And stands about the woodland ride 
Wearing white at Eastertide 
 
Now of my threescore years and ten, 
Twenty will not come again 
And take from seventy springs a score, 
It leaves me only fifty more 
 
 
And since to look at things in bloom  
Fifty springs are little room 
Above the woodland I will go 
To see the cherry hung with snow 
 

Chat GPT‛s Over-70s Version 
Loveliest of trees, the cherry now 
Still hangs her bloom along the bough; 
Though springtime comes with softer tread, 
She stands in white, not mourn but wed. 
 
Of threescore years and ten, I‛ve passed 
those four … 
And borrowed time I wander o‛er 
No need to count what‛s yet to be, 
For every bloom‛s a gift to me. 
 
Though once I mourned how brief the view 
Of blossom, sky and morning dew, 
Now even one white-laden tree 
Suffices for eternity. 
 

 
A friend of mine wryly noted that Chat GPT’s final verse “out-Housmans Housman”. 
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Presenter
Presentation Notes
After fifty years of system dynamics I decided that now is a good time to reflect on the field, where it has been and where it is going. I begin with comments on the character of system dynamics models gleaned from my own training and subsequent academic career.   Then I examine a snippet of contemporary system dynamics in the era of AI, using a critical review of a 2024 paper about the use of generative AI for model conceptualization.  Next I return to my experiences of the field in a section about ‘Living with System Dynamics’. Here I insert a short paper, from 2021, to further illustrate the character of SD and style guidelines for modeling. The contrast between my characterization of the field and the selected AI snippet brings me to the final section ‘Where to Next?’ There’s a shift underway in modeling practice, which is also the focus of ISDC2025. I consider this shift, drawing on the evocative lyrics of Bob Dylan’s immortal song “The Times They Are A-Changin’”. 




The Character of SD Models

A distinctive style of modeling and 
simulation analysis

Clear visualization, rigorous and well-
grounded formulations

Close consideration of operating policies 
and coordinating information feedback

Careful, non-technical, narrative 
interpretation of simulations   

Presenter
Presentation Notes
Traditional system dynamics involves a distinctive ‘style’ of modeling and analysis. It lays strong emphasis on clear visualization and documentation of real-world feedback structure backed-up by rigorous yet easy-to-read equation formulations. Understanding of dynamics comes from careful narrative interpretation of simulations. 
This style is clearly illustrated in a classic archive paper by Mass and Senge (1975) entitled ‘Understanding Oscillations in Simple Systems’. They consider carefully what policies within the system lead to overshoot and oscillation instead of smooth adjustment to equilibrium. The narrative analysis covers fully fourteen pages (accompanied by a stock-flow diagram, fully documented, readable equations and an imagined simulation of cyclical dynamics in production and inventory – plus an actual simulation of undamped oscillations in inventory and production). 



Well-Grounded Formulations

mental data base

observation
experience

written data base

numerical data base

adapted from Jay W. Forrester
'Policies, Decisions and 
Information Sources for 
Modelling’,  in Modelling for 
Learning Organizations  
Productivity Press 1994

Presenter
Presentation Notes
Often people expect model development to require large data-gathering exercises to compile facts and figures about a firm or industry from written and numerical data bases. However, in system dynamics it has long been recognized there is also a vast amount of relevant data about social systems that resides in the minds of experienced people (their collective mental database). These sources of information, depicted in the Figure, reveal the inner workings of an organization, its procedures, priorities and even culture. Such operational insights are rarely found in either formal numerical or written databases, yet they are vital to a good representation of feedback structure and well-grounded formulations.



Converting Information into Action 
An Information Feedback View of Management

OPERATING POLICY AND ASSET STOCK 
ADJUSTMENT

1.  Formulation of set of concepts indicating 
the desired resource -  GOAL 

FORMATION
2.  Observation of what appears to be the 

actual resource, in short the apparent 
resource – MONITORING

3.  Corrective action to bring the apparent 
resource toward the desired resource - 

CORRECTIVE ACTION
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Asset Stock
or Resource

From Morecroft 2015, Strategic Modelling 
and Business Dynamics, Chapter 7.

Presenter
Presentation Notes
The diagram shows how firms go about making marginal adjustments to resources.  Under what circumstances will the firm (management) add more of a particular resource?  Information feedback theory gives a general way to represent such marginal adjustments involving the three generic parts of a decisionmaking process identified by Forrester: 1. the formulation of a set of concepts indicating the conditions that are desired, 2. the observation of what appears to be the actual conditions, and 3. corrective action to bring apparent conditions toward desired conditions.  This process is represented mathematically as:
Corrective action = (desired resource - apparent resource)/time to correct gap.  The simplest possible version of a stock adjustment policy is simple adjustment to a static goal. Even this simple formulation raises interesting questions about the ability of managers to steer resource accumulation:  is there a clear communicable goal?; is the apparent resource easy to measure; and does it accurately reflect the true value of the resource stock?.  More sophisticated asset stock adjustment can be portrayed by representing the operating policy guiding goal formation and the information sources used. 




Operating Policy Involving 
Asset Stock Accumulation and 

Information Feedback

    

Asset Stock
or Resource

(accumulated action)
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Information

From Morecroft 2015, Strategic Modelling 
and Business Dynamics, Chapter 7.

Presenter
Presentation Notes
Operating policy exists in an information jungle. It’s essentially behavioural decisionmaking.  There’s far more information out there in the organisation than anyone can meaningfully use.  So managers select information sources from those available.  You can think of a variety of filters surrounding each policy.  These filters remove unwanted or excess information, leaving only the information flows that are deemed important.  The figure shows five possible filters.  The first one is people’s natural cognitive limitation.  The others are filters created (intentionally or inadvertently) by the organisation.  Although we never draw such filters in normal SD diagrams they are something to aware of as one tries to discern, through conversations and observations, the influential information flows weaving around an organisation. It’s a point of view about decisionmaking similar to the Baker criterion in Sterman’s formulation fundamentals. But instead of “what did the President know and when did he know it”, the phrasing is modified to read “what did the policy function know and when did it know it”? 




A Snippet of SD in the Era of AI

New AI pathways for SD modeling in the 
2020s

My focus: use of GenAI in the ‘discovery’ 
of feedback structure and interpretation 
of dynamics

Critique of an SD Bot from ISDC2024

Caveat: My career pre-dates generative AI

Presenter
Presentation Notes
So far I’ve provided a character sketch of the system dynamics method as I came to know it over many years. My focus has been on the representation of behavioral decision making processes in system dynamics and their effects on the coordination of asset stocks that underpin dynamics and organization performance over time. Puzzling dynamics and underperformance in business and society often arise from poor coordination of asset stocks. Alongside portrayal of decision making, clear verbal interpretation of dynamics is also vital if insights into performance paradoxes are to be persuasively communicated. But times are changing in many ways (Sterman and Repenning 2018). Massive increases in easy-to-access computational power have, over the past two decades, transformed the conduct of simulation-based studies (Sterman 2018). New pathways for modeling are being paved in the 2020s, as AI is incorporated into dynamic modeling. The Boston conference is a timely opportunity to explore the new AI-related landscape. 
My particular interest is in the use of generative AI in the discovery of feedback structure and the interpretation of dynamics. By ‘discovery’ I mean the task of identifying (from verbal descriptions of a problem situation and numerical estimates), feedback loops and links that could explain dysfunctional dynamics. It’s an important step that modelers view as a creative yet disciplined process to capture structure from descriptive text and from stakeholders’ mental databases. I decided to critique a recent and promising system dynamics paper that demonstrates the use of AI in causal mapping. The title of the paper is ‘From Text to Map: A System Dynamics Bot for Constructing Causal Loop Diagrams’. The paper was presented in a plenary session of ISDC2024 in Bergen. My conclusion is that there’s promise in the mapping capability of SD Bot, but far less than that of a skilled system dynamics modeler. What’s missing is an ability to select realistic links from descriptive data that join-up as credible closed loops. Not all links are relevant or necessary to explain a given dynamic phenomenon. Modelers are discriminating. They leave out many potential links. They exercise judgement to identify influential links that underpin dominant and enduring feedback structure.  





Living with System Dynamics

From Crystal Blue Skies at MIT to London 
Business School and Somerset

A synopsis of my own approach to SD 
modeling – it’s character and style

Drawing on JWF’s famous 1997 ‘elevator 
definition’ of SD  

Presenter
Presentation Notes
This year, 2025, marks my 50th year of system dynamics. My journey began in the autumn of 1975 when, as a young graduate student, I left England with my wife Linda for an educational adventure in the USA and MIT.  I still remember vividly arriving in Cambridge, Massachusetts under the crystal blue skies of New England's fall and settling into our campus apartment at Eastgate overlooking the glistening expanse of the Charles River and downtown Boston. It was just a stroll across the road to the Sloan School of Management. I became deeply immersed in system dynamics, which at the time was a new management discipline.  I completed a PhD under Jay Forrester’s supervision and then joined Sloan's faculty, nurturing my interests in system dynamics and strategy.  As many of you will know, Jay was a legendary MIT figure whose career spanned the Servomechanism Lab, Lincoln Laboratory and Sloan in a dazzling series of fundamental breakthroughs in computational technology, simulation and feedback systems. On completion of my PhD I joined the Sloan faculty where, for seven years, I taught and conducted research in business dynamics. I returned to England in 1986 and joined London Business School.  At the time there was no presence of system dynamics at the School, so I set-about the delicate yet demanding task of transplanting this MIT-founded management discipline to a new and very different academic home in London.  It became a life-long endeavour. 
After three decades on the faculty of London Business School I moved house in 2016 from a commuter town near London and retired to a Somerset village in England’s tranquil West Country. My wife and I now live in a charming seventeenth century farmhouse, close to the village centre. It’s a big change from campus life at MIT and from the leafy suburb life of Boston and London’s Home Counties. Nevertheless I retain a keen interest in system dynamics, even as the field evolves and grows from the roots I came to know so well.
This personal story leads into a synopsis of my own approach to system dynamics modeling, it’s character and style. The synopsis begins with JWF’s famous 1997 elevator definition of SD: “System dynamics deals with how things change through time which includes most of what most people ﬁnd important. It uses modeling and computer simulation to take the knowledge we already have about details in the world around us and to show why our social and physical systems behave the way they do. System dynamics demonstrates how most of our own decision making policies are the cause of the problems that we usually blame on others, and how to identify policies we can follow to improve our situation”. In just a few sentences he captures the nub of the field in a way that’s entirely consistent with my own 50 years’ experience of teaching and using the approach. I then proceed to interpret and  ‘unpack’ Jay’s definition in order to demonstrate the nature and principles of system dynamics. To illustrate the important idea that structure determines dynamic behavior I develop a tiny model that depicts interdependency in a love relationship between Romeo and Juliet. Admittedly this is a fanciful example in which a conjecture about varying love in a relationship substitutes for time series data found in real-world cases.  Nevertheless it demonstrates, clearly and concisely, the structural source of dynamics. The example also conveys some basic SD modeling principles and shows how to interpret simulation runs in a non-technical yet rigorous way, which fully explains the shape of simulated trajectories arising from the model’s closed-loop feedback structure. 

 




Where to Next?
My conference paper was inspired by 

James Mangold’s 2025 Bob Dylan 
Movie ‘A Complete Unknown’

And by the poetry of Dylan’s song ‘The 
Times They Are A-Changin’.

There’s value in the pre-AI traditions of SD
There’s demonstrated promise in the use 

of GenAI for augmented creativity and 
simulation analysis in SD  

Presenter
Presentation Notes
Many conference delegates may be unfamiliar with the 1960’s folk music scene. That’s all changed this year, 2025, with James Mangold’s acclaimed movie ‘A Complete Unknown’. Timothee Chalamet as Bob Dylan vividly rekindles that special 60’s era in a compelling time capsule of Dylan’s music, and turbulent life in the company of other legendary folk singers (Woodie Guthrie, Pete Seeger, Joan Baez and Sylvie Russo) who nurtured his prolific singer-songwriter talent. Whether or not you like Dylan’s performances there is surely something special and enduring about his lyrics.
My conference paper was inspired by the movie and by the poetry of ‘The Times They Are A-Changin’.There’s relevance in both these sources to ISDC2025: revisiting creative power (of Dylan’s early acoustic folk); momentous and controversial transition (to electric instruments), and the lyrics of the song itself that emphasize the inevitability of change and the need for individuals – writers, politicians, and the public – to adapt or risk obsolescence.
There are lessons too for the SD community. Of course there’s value in the past traditions of system dynamics.  It’s not uncommon in contemporary SD discourse to hear skilled modelers recommend that learners study JWF’s original ground-breaking book Industrial Dynamics (Forrester 1961, Lane 2022). There’s also value for SD modelers and users in the use of generative AI, as work presented here at ISDC2025 shows. I admit there’s gentle criticism of SD Bot in my 2025 reflections on SD. But that stems from a desire to see continued effort devoted to machine support of model conceptualization and analysis. Augmented creativity. Help in setting a model’s boundary and identifying key decision making processes. Help to accurately portray the sparse information feedback network that characterizes decisionmakers’ bounded rationality, thereby realistically capturing societal structure and architecture. And assistance with the interpretation of simulations. Suggestions for clear and rigorous phrasing which can help modelers explain simulated trajectories. These added capabilities for conceptualization, formulation and analysis go beyond causal loop mapping.  They would sharpen the discovery of links-that-matter and help modelers to identify enduring, dominant feedback loops that shape unfolding futures in business and society.    




First Verse of Dylan’s Classic Song 
The Times They Are A-Changin’

Come gather ‘round people wherever you roam
And admit that the waters around you have 

grown
And accept it that soon you’ll be drenched to 

the bone
If your time to you is worth savin’
And you better start swimming or you’ll sink like 

a stone
For the times they are a-changin’ 

Presenter
Presentation Notes
More lyrics from Bob Dylan’s classic song. 

“Come gather ‘round people wherever you roam
And admit that the waters around you have grown
And accept it that soon you’ll be drenched to the bone
If your time to you is worth savin’
And you better start swimming or you’ll sink like a stone
For the times they are a-changin’ 
 
….. jumping ahead
 
Come mothers and fathers throughout the land
And don’t criticize what you can’t understand
Your sons and your daughters are beyond your command 
Your old road is rapidly agin’
Please get out of the new one if you can’t lend a hand
For the times they are a-changin
 
The line it is drawn, the curse it is cast
The slow one now will later be fast
As the present now will later be past
The order is rapidly fadin’
And the first one now will later be last”

Indeed, the times they are a-changin’.  Over to you!!
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From Text to Map: A System Dynamics Bot for Constructing 

Causal Loop Diagrams  

 

 

 

 

Abstract 

We introduce and test the System Dynamics Bot, a computer program leveraging a large 

language model to automate the creation of causal loop diagrams from textual data. To evaluate 

its performance, we ensembled two distinct databases. The first dataset includes 20 causal loop 

diagrams and associated texts sourced from the system dynamics literature. The second dataset 

comprises responses from 30 participants to a vignette, along with causal loop diagrams coded 

by three system dynamics modelers. The bot uses textual data and successfully identifies 

approximately sixty percent of the links between variables and feedback loops in both datasets. 

This paper outlines our approach, provides examples, and presents evaluation results. We discuss 

encountered challenges and implemented solutions in developing the System Dynamics Bot. The 

bot can facilitate extracting mental models from textual data and improve model building 

processes. Moreover, the two datasets can serve as a testbed for similar programs. 

Keywords: Causal loop diagram, generative artificial intelligence, System Dynamics Bot, 

ChatGPT, mental map, systems thinking 

 

1. Introduction 

Constructing causal loop diagrams (CLDs) is a foundational step in analyzing complex 

systems and building systems models (Sterman, 2000). CLDs have been integral to system 

dynamics since its inception and have demonstrated effectiveness in engaging stakeholders, 

sharing their mental models, and facilitating the collaborative discussions to refine and enhance 

them (Baugh Littlejohns, Baum, Lawless, & Freeman, 2018; Black, 2013; Black & Andersen, 

2012). The quality of such CLDs, therefore, is important since misalignment between the 

objective reality and subjective mental models often is a barrier for effective decision-making 

(Kim & Andersen, 2012).  
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Systematic methods have been established for developing CLDs from textual data. Kim 

and Andersen (2012) proposed a coding approach for developing CLDs based on the grounded 

theory, involving distinct steps of discovering themes in the data, identifying variables and their 

causal relationships, transferring text into words-and-arrow diagrams, generalizing the structural 

representations, and retaining links between the maps and the data source (Kim & Andersen, 

2012). While Kim and Andersen’s method provides a rigorous and systematic approach for 

constructing CLDs from text data, it is labor intensive. To overcome this limitation, alternative 

approaches have been developed, modifying Kim and Andersen’s original method (Eker & 

Zimmermann, 2016; Turner, Kim, & Andersen, 2013). While different software packages have 

been used to better document and retain the links between the maps and the data sources 

(Yearworth & White, 2013), within the system dynamics community, none of the past 

approaches for constructing the maps are fully automatic.  

Our objective is to build on a series of efforts from computer science to extract causal 

argument from text with main applications for system dynamics. In this paper, we report on our 

research effort to use generative artificial intelligence (AI) to automate developing CLDs from 

textual data. More specifically, we developed a computer program, System Dynamics Bot (SD 

Bot), powered by GPT-4-Turbo to identify causality in a text, identify relationships, merge them, 

and develop a CLD. We also compiled two datasets to evaluate such computer programs. In the 

following, we discuss the background of efforts to extract causal relationship from text, and the 

new advancements in generative AI as related to system dynamics. We then introduce the SD 

Bot, and evaluate its performance.  

 

  



3 
 

2. Background 

Beyond the domain of system dynamics, the automatic extraction of information about 

causality from text have been explored widely over the past decades (Chan & Lam, 2005; Kaplan 

& Berry-Rogghe, 1991; Khoo, Kornfilt, Oddy, & Myaeng, 1998; Yang, Han, & Poon, 2022). A 

recent survey of systems developed to identify causal relationship from text categorized them 

into three main groups of 1) knowledge-based approaches, 2) statistical machine learning-based 

approaches, and 3) deep learning-based approaches (Yang et al 2022).  

Knowledge based approaches use patterns such as causal verbs (Garcia, EDF-DER, & 

IMA-TIEM, 1997) or expressions (Khoo et al., 1998) to identify causal relationships. Statistical 

machine learning-based approaches typically utilize third-party natural language processing tools 

to generate features for labeled data, and subsequently, machine learning algorithms like support 

vector machine, naive Bayes, and logistic regression are employed for classification tasks (Lin, 

Kan, & Ng, 2009). Deep learning is a branch of machine learning inspired by how human brain 

works. Relative to the first two approaches, deep learning excels at automatically extracting 

higher-level information from input vectors and adjusting expected results, allowing these 

systems to prioritize input features and model architecture over linguistic information 

preparation (Yang et al., 2022). However, deep learning-based systems demand access to larger 

datasets and more significant computational resources compared to other techniques.  

These systems are developed to identify cause-and-effect pairs, and not necessarily a 

CLD. In this paper, our focus is on a more complex task of extracting CLDs, as a major step in 

developing system dynamics models. The new opportunity that can make automating the 

practice of building system dynamics models possible is related to recent improvements in 
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generative AI. Recent studies have shown that generative AI can be used for building simulation 

environments.  

(Park et al., 2023; Park et al., 2022; Wang et al., 2023) and system dynamics models 

(Ghaffarzadegan, Majumdar, Williams, & Hosseinichimeh, 2024; Williams, Hosseinichimeh, 

Majumdar, & Ghaffarzadegan, 2023). While the field of building simulation models with 

generative AI is expanding (Argyle et al., 2023; Dillion, Tandon, Gu, & Gray, 2023; Hamilton, 

2023; Horton, 2023), the contributions of the new technology to system dynamics can go beyond 

simulating human behavior (Akhavan & Jalali, 2023). Our focus is on using generative AI for 

the purpose of developing CLDs. 

In this paper, we present a new approach for developing a CLD from text that uses a large 

language model (LLM), specifically GPT 4, to identify causality and map the causal 

relationships. Instead of using conventional methods of training a deep learning model on a large 

dataset, we leverage the LLM’s inherent understanding of text and combine it with few-shot 

prompting techniques to train our SD Bot. To assess its performance, we conduct two types of 

experiments. The following sections explain our SD Bot and describe how it is evaluated. 

 

3. Our solution: SD Bot  

The SD Bot receives a piece of text as an input and reports the identified causal 

relationships, reasoning associated with each identified relationship, and the relevant section of 

the text where the relationships are extracted. Then the bot creates a CLD. The program is 

developed in Python and is trained using few-shot prompting technique in JSON format. These 

prompts are accompanied by step-by-step instructions to identify relationships between 

variables, considering both positive and negative connections. Upon analyzing the text and 
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creating a set of causal links between different variables and the polarity of the relationships, the 

system parses it, treating each variable name as a node in a network. A Python module, 

networkx, is utilized to convert the resulting interconnected network of variables and 

relationships into an image, which can be optionally provided as an additional form of output. 

The program uses generative AI for this process, and specifically uses GPT-4-Turbo (GPT-4-

1106-preview) as its large language model.  

For the purpose of introduction, our first example is the output of the bot to a simple text: 

“More chickens lay more eggs, which hatch and add to the chicken population. The more 

chickens, the more road crossing they will attempt. If there is any traffic, more road crossings 

will lead to fewer chickens” (Sterman 2000, p.13). Figure 1 shows the results. Panel a reports the 

text input, and the identified causal relationships, polarity of the causal links, reasoning 

associated with each relationship, and the relevant section of the text. As shown, causal links 

with proper polarities are identified. Each causal relationship is linked to a specific part of the 

text that implies the relationship. Using these identified causes, then a CLD is developed. Panel b 

compares the CLD generated by the SD Bot (left) and the CLD presented in the source (right).  
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a.  

 

 

CLD generated by the SD Bot CLD presented in Sterman (2000) 

b. 

Figure 1. An example of the SD Bot’s outcome: a) The causal relationships, reasoning, and 

relevant text offered by the SD Bot in response to the input; b) the generative CLD (left) versus 

the ground truth from the source (right).  

 

SD Bot input:  

“More chickens lay more eggs, which hatch and add to the chicken 

population. The more chickens, the more road crossing they will 

attempt. If there is any traffic, more road crossings will lead to 

fewer chickens.” 

 

SD Bot output:  

1. chickens --> (+) eggs 

Reasoning: The relationship indicates that an increase in the number of 

chickens leads to an increase in egg production. 

Relevant Text: More chickens lay more eggs, which hatch and add to the 

chicken population. 

 

2. eggs --> (+) chickens 

Reasoning: This relationship shows that an increase in eggs results in 

an increase in the chicken population, as eggs hatch into chickens. 

Relevant Text: More chickens lay more eggs, which hatch and add to the 

chicken population. 

 

3. chickens --> (+) road crossings 

Reasoning: As the number of chickens increases, the frequency of road 

crossings attempted by chickens also increases. 

Relevant Text: The more chickens, the more road crossing they will 

attempt. 

 

4. road crossings --> (-) chickens 

Reasoning: This relationship suggests that an increase in road 

crossings, due to traffic, results in a decrease in the number of 

chickens, likely due to accidents. 

Relevant Text: If there is any traffic, more road crossings will lead to 

fewer chickens. 
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While effective for simple texts, challenges arise in more complex cases, such as text 

inputs containing different variable names for the same concept, misinterpreting relationships 

between variables due to existence of adjectives before variables, and incomplete loops. Further 

elaborations on each of these challenges and how we address them follow. For example, people 

usually use similar words and phrases for the same concepts. To address instances of similar 

variables, a similarity matrix of size 𝑚 ×𝑚, where m is the number of variables in the revised 

response, is generated. Similarities are determined by representing each variable as an 

embedding and calculating cosine similarities between each unique pair of variables. By 

applying a threshold value to the scores, we filter and identify pairs of variables with the highest 

similarities. Users are then prompted to confirm or select groups of similar variables for merging. 

The interaction includes asking the user to decide whether to retain all variables, specific groups, 

or proceed with merging individual groups. The merging process entails updating causal 

relationships based on the merged variables. 

After obtaining the merged response, we check the polarities of the relationships. We 

examine identified causal relationships in the form of variable X influencing variable Y, against 

four different conditions related to the text: 

Condition 1: Increasing X increases Y. 

Condition 2: Decreasing X decreases Y. 

Condition 3: Increasing X decreases Y. 

Condition 4: Decreasing X increases Y. 

This process helps assure that polarities are correctly identified. If conditions 1 and 2 are 

true, the polarity of the link is positive, and if conditions 3 and 4 are satisfied, the polarity is 
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negative. The relationships are then edited accordingly, and in the majority of cases, accurate 

relationships between variables are identified. 

When variables have adjectives, the relationships might not be captured correctly. For 

example, before adding reasoning, the earlier version of the bot mistakenly identified a negative 

relationship between product attractiveness and order rate in the following text, “Orders booked 

increase the order backlog which increases the delivery delay which makes the product less 

attractive and reduces the order rate (Forrester, 1968).” To mitigate misinterpretations of 

relationships, we incorporated the pertinent line from the text, which served as the basis for 

extracting the causal relationship, along with the reasoning provided by the SD Bot for each 

identified relationship. These served as reference during the assessment of relationship polarity 

against the four conditions outlined above. For the specified example, the associated reasoning 

generated by the bot is, “Reduced product attractiveness leads to a decrease in the order rate.” 

The SD Bot checks the relationship with the reasoning and relevant line as references against the 

above four conditions and corrects it.  

To handle cases of incomplete loops, a simple follow-up question is posed, examining 

whether there are any implied possibilities of forming closed loops in the text. If so, the loops are 

closed by adding additional relationships. This instructs the bot to reassess its initial response, 

allowing the identification and resolution of any existing loops in the text, with the revised 

response incorporating the identified loops. 

Figure 2 shows another example of SD Bot’s outcome. Panel a illustrates the text input 

(Forrester, 1968) and the bot’s output, including the causal relationships with polarity of the 

causal links, reasoning, and related text. Panel b compares the CLD generated by the SD Bot 

(left) and the CLD presented in the article (right). The SD Bot correctly captures the reinforcing 
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loop that depicts the growth of the firm: more orders booked lead to more revenue, more sales 

budget, and more salesmen which further increases orders booked. Additionally, it captures two 

balancing feedback loops: one representing the decline in orders booked due to increased 

delivery delays, and the other illustrating the increase in production capacity with a delay 

following a rise in delivery delays. In addition to identifying a causal path from delivery delay to 

production capacity via capacity order, the SD Bot has also included a redundant link that 

connects delivery delay directly to the production capacity. This creates a redundant balancing 

feedback loop.  
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SD Bot input:  

“Here is a situation in which salesmen book orders followed by 

product delivery which generates revenue which produces the sales 

budget which permits hiring still more salesmen. In short, salesmen 

produce revenue to pay for the further expansion of the sales 

effort. Orders booked increase the order backlog which increases the 

delivery delay which makes the product less attractive and reduces 

the order rate.  The ordering of new production capacity is a 

function of delivery delay only. Rising order backlog, as indicated 

by delivery delay, is taken as an indication of inadequate capacity, 

and orders for more capacity are placed. These orders, after an 

acquisition delay, add to the production capacity.  As the delivery 

delay rises, production capacity is raised to bring down the 

delivery delay.” 

SD Bot output:  

1. Salesmen --> (+) Orders booked 

Reasoning: Salesmen are responsible for booking orders which lead to 

revenue generation. 

Relevant Text: Here is a situation in which salesmen book orders 

followed by product delivery which generates revenue which produces the 

sales budget which permits hiring still more salesmen. 

 

2. Revenue --> (+) Sales budget 

Reasoning: Revenue generated from orders booked contributes to the 

sales budget. 

Relevant Text: Here is a situation in which salesmen book orders 

followed by product delivery which generates revenue which produces the 

sales budget which permits hiring still more salesmen. 

 

3. Sales budget --> (+) Salesmen 

Reasoning: The sales budget allows for the hiring of more salesmen, 

expanding the sales effort. 

Relevant Text: Here is a situation in which salesmen book orders 

followed by product delivery which generates revenue which produces the 

sales budget which permits hiring still more salesmen. 

 

4. Orders booked --> (+) Order backlog 

Reasoning: Orders booked contribute to the order backlog. 

Relevant Text: Orders booked increase the order backlog which increases 

the delivery delay which makes the product less attractive and reduces 

the order rate. 

 

5. Order backlog --> (+) Delivery delay 

Reasoning: An increase in order backlog leads to longer delivery 

delays. 

Relevant Text: As the delivery delay rises, production capacity is 

raised to bring down the delivery delay. 

 

6. Delivery delay --> (-) Product attractiveness 

Reasoning: Longer delivery delays make the product less attractive to 

customers. 

Relevant Text: Orders booked increase the order backlog which increases 

the delivery delay which makes the product less attractive and reduces 

the order rate. 
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SD Bot output-continued:  

7. Product attractiveness --> (-) Order rate 

Reasoning: Reduced product attractiveness leads to a decrease in the 

order rate. 

Relevant Text: Orders booked increase the order backlog which increases 

the delivery delay which makes the product less attractive and reduces 

the order rate. 

 

8. Delivery delay --> (+) Capacity orders 

Reasoning: The decision to order new production capacity is based on 

the current delivery delay. 

Relevant Text: The ordering of new production capacity is a function of 

delivery delay only. 

 

9. Delivery delay --> (+) Capacity orders 

Reasoning: Delivery delay is used as an indicator of inadequate 

capacity, prompting orders for more capacity. 

Relevant Text: Rising order backlog, as indicated by delivery delay, is 

taken as an indication of inadequate capacity, and orders for more 

capacity are placed. 

 

10. Capacity orders --> (+) Production capacity 

Reasoning: After an acquisition delay, the ordered capacity adds to the 

existing production capacity. 

Relevant Text: These orders, after an acquisition delay, add to the 

production capacity. 

 

11. Delivery delay --> (+) Production capacity 

Reasoning: As delivery delay increases, production capacity is raised 

to reduce the delivery delay. 

Relevant Text: As the delivery delay rises, production capacity is 

raised to bring down the delivery delay. 

 

12. Production capacity --> (-) Delivery delay 

Reasoning: Increased production capacity should reduce the delivery 

delay. 

Relevant Text: As the delivery delay rises, production capacity is 

raised to bring down the delivery delay. 

 

13. Order rate --> (-) Orders booked 

Reasoning: Decreased order rate leads to fewer orders booked. 

Relevant Text: Orders booked increase the order backlog which increases 

the delivery delay which makes the product less attractive and reduces 

the order rate. 

 

14. Orders booked --> (-) Revenue 

Reasoning: Fewer orders booked would lead to a decrease in revenue. 

Relevant Text: Here is a situation in which salesmen book orders 

followed by product delivery which generates revenue which produces the 

sales budget which permits hiring still more salesmen. 
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CLD generated by the SD Bot CLD presented in Forrester (1968) 

b 

Figure 2. An example of SD Bot’s outcome for a longer text: a) The causal relationships, 

reasoning, and relevant text offered by the SD Bot in response to the input; b) the generative 

CLD (left) versus the ground truth from the source (right). 

 

In the next section, we systematically evaluate the performance of the SD Bot in different 

tests. 
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4. SD Bot evaluation 

4.1. Method 

We use two distinct datasets to systematically evaluate the SD Bot. The first dataset is 

compiled by gathering CLDs and corresponding texts from system dynamics textbooks and 

journal articles authored by system dynamics modelers. Specifically, we looked for relatively 

short pieces of text describing a CLD in system dynamics publications. This dataset comprises 

20 examples of pairs of text and their associated CLDs. The performance of the SD Bot is then 

evaluated by comparing the CLD generated by the SD Bot from the text against the CLDs 

presented in the sources (ground truth). These examples vary in terms of text size and clarity of 

the text that describes the relationships; thus, we do not expect a perfect performance. The 

largest text has 470 words and the smallest one includes 19 words. Some texts do not provide 

enough details about the CLD or the authors do not explain all pieces of a feedback loop, while 

some texts fully explain the loops. The mix helps to assess the performance of the bot in a 

variety of the situations.  

In order to use the texts as inputs, we drop any mention or use of the term “feedback 

loop” to make sure SD Bot does not capture the loop because the text indicated the term. Also, if 

the CLD is a generic model (such as the capability trap model) and the text includes examples 

for describing each generic variable, we drop the examples to keep the text short and focused on 

the CLD.  

To evaluate the SD Bot, we feed the text to the SD Bot, generate the CLD, and then count 

the number of links and loops shown in the references that the SD Bot captures correctly. The 

examples that are used to train the program are not used in the evaluation dataset. The 

supplementary material presents the references with associated texts and CLDs. 
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The second dataset comes from a published study and includes responses of 30 

participants to a vignette describing a complex socio-environmental problem (Davis et al., 2020). 

These participants are not system dynamics experts and many of them do not think in terms of 

feedback loops. This test helps us to expand our evaluations to depicting mental models of non-

experts. The text responses from these participants were individually analyzed through 

independent coding by three system dynamics modelers, who noted the number of links and 

loops (if any) in each response. Any discrepancies were resolved through collaborative case 

reviews. Then they used the codes to manually develop causal maps for each individual response 

(Haque, Mahmoudi, Ghaffarzadegan, & Triantis, 2023). 

The manually coded maps by the system dynamics experts are assumed as the ground 

truth in this test and are used to evaluate SD Bot’s performance. Specifically, in this test, we feed 

the text provided by each participant to the SD Bot, generate a CLD, and then compare the links 

and loops generated by the SD Bot with those coded by SD expert human coders. The 

supplementary material shows the participants’ responses and associated CLDs generated by the 

SD modelers.  The two databases can be served as a testbed for future bots. 

 

4.2. Results 

Experiment 1 

Table 1 shows the results of our first experiment. On average, the SD Bot identifies 59% 

of the links and 66% of the loops presented in the references. The median percentage of links and 

loops presented in the references that are captured by the SD Bot is 58%. We sorted the cases by 

the number of links in Table 1. The number of links in the reference texts may represent the 

complexity of the case. 
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Table 1. Comparison of links and loops in Experiment 1 
Case Reference 

(Ground truth) 
SD Bot Link 

match 
Feedback 

loop match 

Link Loops Links Loops 

1 4 2 4 2 100% 100% 

2 5 2 4 2 80% 100% 

3 6 1 5 1 83% 100% 

4 6 3 4 1 67% 33% 

5 6 3 4 2 67% 67% 

6 8 1 2 1 25% 100% 

7 8 2 6 2 75% 100% 

8 9 2 6 1 67% 50% 

9 9 2 4 1 44% 50% 

10 9 1 4 1 44% 100% 

11 11 4 6 2 55% 50% 

12 11 4 6 1 55% 25% 

13 12 3 12 3 100% 100% 

14 17 3 11 2 65% 67% 

15 17 6 4 2 24% 33% 

16 18 4 11 3 61% 75% 

17 21 6 9 3 43% 50% 

18 22 3 7 1 32% 33% 

19 23 6 10 3 43% 50% 

20 23 9 11 3 48% 33% 

Mean 59% 66% 

Median 58% 58% 

 

 

Figure 3 shows the distribution of percent links and feedback loops correctly identified 

by the SD Bot presented in Table 1. In half of the cases, 70% or more of the links were correctly 

identified (panel a). Additionally, in half of the cases, 70% or more of the feedback loops were 

correctly identified. In 35% of the cases, all of the feedback loops were identified correctly (7 out 

of 20) (panel b).  
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a. Frequency of percent links in references captured by the SD Bot 

 
b. Frequency of percent loops in references captured by the SD Bot 

Figure 3. Distribution of percent links and loops captured by the SD Bot in experiment 1 

 

 

Experiment 2 

In the second experiment, we tested the extent to which the SD Bot can capture the 

mental model of participants who completed a vignette. On average, the bot captured 56% of the 
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links. In addition, we compared whether human coders and the bot agree on the existence of 

feedback loops in responses. In 83% of cases the loop results match (Table 2).  

Table 2. Comparison of links and loops in Experiment 2  
Participants Human coders 

 (Ground truth) 
SD Bot Link 

match 
Feedback 

loop match 

Link Loops Links Loops 

1 1 0 1 0 100% Yes 

2 1 0 0 0 0% Yes 

3 2 0 2 0 100% Yes 

4 2 0 0 0 0% Yes 

5 3 0 2 1 67% No 

6 4 1 3 1 75% Yes 

7 4 0 4 0 100% Yes 

8 4 0 0 0 0% Yes 

9 5 0 4 0 80% Yes 

10 5 0 5 0 100% Yes 

11 5 0 3 0 60% Yes 

12 5 0 4 0 80% Yes 

13 5 0 3 0 60% Yes 

14 6 0 4 0 67% Yes 

15 5 0 3 0 60% Yes 

16 6 1 0 0 0% No 

17 6 0 4 0 67% Yes 

18 7 0 5 0 71% Yes 

19 7 0 4 0 57% Yes 

20 7 0 2 0 29% Yes 

21 10 0 6 0 60% Yes 

22 8 0 4 0 50% Yes 

23 8 0 2 1 25% No 

24 9 1 5 0 56% No 

25 9 0 8 0 89% Yes 

26 9 1 0 0 0% No 

27 11 0 7 0 64% Yes 

28 11 0 4 0 36% Yes 

29 14 4 8 3 57% Yes (75.0%) 

30 14 0 9 0 64% Yes 

Mean 56% 83% 

Median 60% 100% 
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Figure 4 presents the frequency of the links captured by the SD Bot. In 21 cases (out of 

30), 60% or more of the links were correctly identified by the SD Bot. There are five cases in 

which the bot did not identify any causality between variables in the participants’ responses 

(Figure 4).  

 
Figure 4. Distribution of % linked captured by the SD Bot in experiment 2 

 

In 25 cases out of 30, the identified feedback loops by the SD Bot match with the SD 

modelers’ results. It should be noted that the response of the majority of participants did not 

include any feedback loop and the SD Bot correctly identified zero loops. This confirms a high 

rate of True Negatives which is crucial for using the bot for mapping non-SD experts’ mental 

models. As shown in Table 3, SD modelers did not identify any loop in 25 responses (first row: 

23+2) and the SD Bot reported no loop in 23 of those responses. There are two cases in which 

the SD Bot found a feedback loop in the response but human coders recorded zero loop. There 

are three cases in which the human coders identified one feedback loop but the SD Bot did not 
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identify the loop. In summary, the feedback identification results of the SD Bot and human SD 

experts matches in 83% of the cases.  

Table 3. Number of feedback loops  

  
SD 

Bot=0 
SD 

Bot=1 
SD 

Bot>1 

Human 
coders=0 

23 2 0 

Human 
coders =1 

3 1 0 

Human 
coders >1 

0 0 1 

Note: The human coders rows represent the number of feedback loops coded by the system 

dynamics modelers, and SD Bot columns represent the number of loops identified by the bot. 

 

5. Discussion 

This study reports the results of the first computer program, SD Bot, that automates the 

generation of CLDs from textual data. The bot leverages the recent advances in large language 

models to identify causal relationships in a text and create a CLD. The performance of this 

program is evaluated using two datasets, the first one includes 20 textual data and associated 

CLDs from the system dynamics textbooks and journal publications, and the second one contains 

the responses of 30 non-SD expert participants to a vignette, and manually coded responses by 

SD experts. Our evaluation indicates that the SD Bot captures the majority of links and loops of 

the two evaluation datasets.  

Our first evaluation shows that the bot captures 59% of causal relationships and 66% of 

feedback loops presented. We note that most of the missing links relate to the fact they are not 

mentioned in the text that described the diagram, probably the authors assuming that they are 

trivial for the human reader and can be implied from the related figures. For cases that describe 

all of the links of their diagrams, the bot is often able to recover the CLD close to perfect. We 

also note that the performance of the SD Bot diminishes with lengthy texts containing less 
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explicit relationships. Future programs can divide the text, identify causal relationships, and then 

merge the results to improve the outcomes. In the second evaluation dataset, the SD Bot 

identifies 56% of relationships indicated by the human coders. The number of identified 

feedback loops by the bot matches the human coders in 83% of cases, however, we should note 

that in many of these cases there were no feedback loops, and the high rate of correct 

identification relates to the high true negative rates.  

Automating the generation of CLDs using an LLM provides multiple benefits. First, 

building CLDs using textual data is very labor intensive and such programs can save time. In that 

sense this paper contributes to studies that have been exploring various ways of turning text to 

maps (Kim and Andersen 2012). Second, the program can help develop better text-data-informed 

models and make it easier for novice modelers to develop causal loop diagrams. In addition, as 

mental models of researchers may impact the generation of CLDs, by comparing human 

generated CLD with an AI-generated CLD we can check the fidelity of causal loop diagrams and 

trace them back to the text (Jalali & Beaulieu, 2023). Third, the bot helps systems thinking 

scholars map and analyze mental models of individuals more efficiently. This has been one of 

the main challenges of studies analyzing complexity comprehension and systems thinking skills 

(Haque et al. 2023, Davis et al. 2020). Fourth, the program can be further developed to merge 

multiple sources and create one CLD that synthesizes different opinions or findings. This can be 

especially helpful for constructing CLDs through literature reviews. Fifth, such programs can be 

used in group model building (GMB) sessions to support the modeling team. Conversations of 

GMB participants can be turned into text and fed to the computer program to support the live 

mapping of the system. Additionally, the recording of the GMB session can be used after the 

meeting to identify feedback mechanisms not captured by the facilitator during the session.  
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  The SD Bot created in this project has multiple limitations. First, similar to the other 

applications of generative AI, the outputs of the SD Bot should be checked by humans. Users 

should carefully check every relationship and the associated reasoning provided by the SD Bot, 

as well as the sign of causal links. In the two evaluation datasets consisting of 50 examples, we 

have not found any error in the polarity of the causal relationships, but an error might occur 

when a sentence describes many variables and their relationships. Second, the schematic 

depiction of the generated CLDs are not as clean and organized as those generated by humans. 

This will require further coding and use of different programming techniques for better 

visualization. Third, consistency is a concern as the generated CLD may vary slightly when an 

experiment is repeated, though the change is often minimal.  

This project is a first step toward automating the generation of CLDs. This thread of 

research can substantially improve building system dynamics models. We invite researchers to 

further develop such computer programs and use our testbed to evaluate their program 

performance. We also invite practitioners to use the SD Bot and we welcome feedback for 

further improving it. Instructions to use the bot and the testbed can be found in the 

supplementary material.  

 

Supplementary material 

The SD bot, instructions to use it, and the testbed can be found at 

https://www.dropbox.com/scl/fo/yrybbskl0offgou3nanzg/h?rlkey=hjiuz9u4vw52is8lz30lwjkf6&

e=1&dl=0 

 

  

https://www.dropbox.com/scl/fo/yrybbskl0offgou3nanzg/h?rlkey=hjiuz9u4vw52is8lz30lwjkf6&e=1&dl=0
https://www.dropbox.com/scl/fo/yrybbskl0offgou3nanzg/h?rlkey=hjiuz9u4vw52is8lz30lwjkf6&e=1&dl=0
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