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Unlocking the potential of past research: using generative AI to 
reconstruct healthcare simulation models

Thomas Monksa , Alison Harpera,b and Amy Heathera 

aUniversity of Exeter Medical School, Exeter, UK; bCentre for Simulation, Analytics and Modelling, University of Exeter Business 
School, Exeter, UK 

ABSTRACT 
Discrete-event simulation (DES) is widely used in healthcare Operations Research, but the 
models themselves are rarely shared. This limits their potential for reuse and long-term 
impact in the modelling and healthcare communities. This study explores the feasibility of 
using generative artificial intelligence (AI) to recreate published models using Free and Open 
Source Software (FOSS), based on the descriptions provided in an academic journal. Using a 
structured methodology, we successfully generated, tested and internally reproduced two 
DES models, including user interfaces. The reported results were replicated for one model, 
but not the other, likely due to missing information on distributions. These models are sub
stantially more complex than AI-generated DES models published to date. Given the chal
lenges we faced in prompt engineering, code generation, and model testing, we conclude 
that our iterative approach to model development, systematic comparison and testing, and 
the expertise of our team were necessary to the success of our recreated simulation models.
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1. Introduction

Operational Research (OR) has a long history of work
ing alongside health services to use models to support 
decisions aiming to improve patient health outcomes 
and reduce service costs. Discrete-Event Simulation 
(DES) is the most widely applied simulation method. 
Given its maturity, there are now multiple reviews of 
DES in health (Forbus & Berleant, 2022; Liu et al., 2020; 
Soorapanth et al., 2023; V�azquez-Serrano et al., 2021; 
Zhang, 2018) that highlight the breadth of DES applica
tion in areas that include chronic lung disease, COVID- 
19 planning, cancer services, neonatal pathways, emer
gency care, and stroke treatment services (Campos 
et al., 2023; Gjerloev et al., 2024; Harper & Mustafee, 
2023; Koca et al., 2024; Ouda et al., 2023; Penn & Viana, 
2025;; Salmon et al., 2018; Yakutcan et al., 2022).

At the time of writing, around 100 DES articles 
applied to health and medical problems are pub
lished in scholarly journals, conferences and books 
each year (Monks et al., 2024). Many of the articles 
reporting applied research studies directly worked 
with a health service to support real decisions. In 
each case, key outputs of the research are the con
ceptual and coded DES models. The conceptual 
model might take many forms in the report: from 
an unstructured narrative description to a more 

formal description, such as following a conceptual 
modelling framework (Robinson, 2008) or as pre
scribed by a reporting guideline (Grimm et al., 
2020; Monks et al., 2019). Whatever the approach 
used by the study authors, the conceptual models 
are published – they are available to interested par
ties to reuse if they choose. On the other hand, the 
coded model – the digital artefact that generates the 
results reported in the paper – is rarely made avail
able in any form – as low as 8% (Monks et al., 
2024). The coded model remains with the original 
authors, but over time, as authors move on, or 
retire, it is effectively lost to the modelling and 
simulation community. We note that the develop
ment of the coded model is expensive. Not only did 
it require modeller time to code and analyse, but it 
also required time from medical professionals, 
healthcare managers, informatics specialists, and ser
vice users (patients and their families) to provide 
domain expertise, support validation, and challenge 
assumptions or results. This cost could be voluntary 
or could have been supported by public funding.

The publication of coded models alongside a con
ceptual model falls under the field of Open Science. 
The Facilitating Open Science in European Research 
(FOSTER) project1 (Bezjak et al., 2018) defines 
Open Science as “the practice of science in such a 
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way that others can collaborate and contribute, 
where research data, lab notes and other research 
processes are freely available, under terms that 
enable reuse, redistribution and reproduction of the 
research and its underlying data and methods.” In 
this article we focus on the reuse potential of DES 
models of health services that can be realised 
through Open Science. While the availability of con
ceptual models supports reuse, the cost of re-coding 
a DES model from scratch is likely prohibitive. This 
is particularly true from the perspective of a health 
service reuser. While an academic DES study will 
typically run over months or years, a health service 
may need a model to use within weeks or poten
tially days. We argue that the lack of availability of 
coded DES models reduces the potential long-term 
impact of DES research in health services.

Since the release of ChatGPT2 there has been excite
ment about the potential of Artificial Intelligence (AI) 
to increase productivity. Pioneering simulation research 
proposes a “Natural Language Processing (NLP) 
Shortcut” framework (Jackson et al., 2024) for generat
ing DES models. This framework combines the general 
coding abilities of generative AI and Large Language 
Models (LLMs) with prompt engineering to create a 
coded and reusable simulation model.

To date, generative AI has only been used to code 
simple simulation models; for example consisting of 20– 
30 lines of Python code (Frydenlund et al., 2024; 
Jackson et al., 2024) or to support a reflective modelling 
process (Giabbanelli, 2024). The level of detail and scope 
of these models are not reflective of DES models used in 
practice within health services. Such a model would, for 
example, require hundreds of lines of code, include 
more sophisticated process logic (e.g., balking, probabil
istic routing, and multiple entity classes), make use of 
coding best practices, control pseudorandom number 
streams, and include a user interface. Our aim in this 
study is to build on the pioneering NLP Shortcut frame
work to investigate the potential of generative AI to 
recreate coded models from the conceptual model of a 
healthcare DES model reported in academic publica
tions. We note that many DES studies make use of 
Commercial Off-the Shelf (COTS) packages for their 
simulation modelling. We take an Open Science 
approach to recreating these models and generate 
Python code. This code is then licensed and preserved 
using Open Science archives and a research compen
dium (Gentleman & Lang, 2007; Ayll�on et al., 2021).

1.1. Aims

Our study investigates the feasibility of using gen
erative AI to recreate DES models in healthcare 
based on textual descriptions from the academic lit
erature. We focus on generating models in the 

Python simulation package SimPy (Team SimPy, 
2024), selected for its (i) compatibility with language 
models’ code-generating capabilities, (ii) growing 
adoption in health service Operational Research 
(Monks & Harper, 2023a), and (iii) our expertise in 
developing SimPy models for healthcare applications 
(Allen et al., 2020; Harper et al., 2023). A key 
advantage of SimPy is its seamless integration with 
the broader Python ecosystem, enabling researchers 
to construct, analyse, and share fully reproducible 
simulation workflows by combining SimPy models 
with open-source tools for data analysis and visual
isation (Zinoviev, 2024). In contrast, models built in 
commercial simulation environments such as 
Simul8 or AnyLogic are typically stored in propri
etary formats that are not accessible as plain code or 
text. As a result, these models cannot be directly 
included in the training data for LLMs, which rely 
on open, text-based code repositories and public 
datasets for training material.

To assess feasibility, we engineer prompts for 
Perplexity.AI to generate complete Python and 
SimPy code that captures model logic (e.g., arrival 
processes, queuing, activities, sampling, and balk
ing). Additionally, we explore generating browser- 
based user interfaces using Streamlit (Streamlit, 
2025) to enhance accessibility for non-programmers. 
Our research objectives are to:

� Determine if generative AI can produce func
tional, verifiable SimPy models from engineered 
prompts describing DES models

� Assess the feasibility of generating usable 
Streamlit web interfaces for these models

� Pilot this approach by recreating two published 
healthcare DES models

� Evaluate the reproducibility of our methodology 
when conducted by different modellers

This work contributes to the growing interest in 
generative AI applications for modeling (Frydenlund 
et al., 2024; Giabbanelli, 2024; Giabbanelli et al., 
2024; Tolk, 2024). Our long-term goal is to develop 
guidance on prompt engineering and to document 
the opportunities, challenges, and limitations of 
using AI to recreate DES models—ultimately sup
porting result reproduction, model reuse, and edu
cational applications.

The remainder of this paper first defines key con
cepts in generative AI, LLMs, and chatbots, followed 
by a review of generative AI applications in simula
tion modelling. We then detail our methodology 
and apply it to two case studies: a 2010 critical care 
model and a 2016 stroke pathway model. Finally, we 
present our results and discuss implications for 
Operational Research in this emerging field.
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2. Theoretical framework and literature 
review

Before reviewing relevant generative AI research for 
simulation, we briefly define generative AI and 
describe popular LLMs and human interaction with 
them via Chatbot AI tools. We summarise the key 
concepts in Table 1.

2.1. Generating novel content using LLMs

Traditional Machine Learning (ML) paradigms, such 
as classification, train a model to learn patterns 
within historical labelled data in order to classify new 
unseen instances. For example, classifying if a brain 
scan indicates Parkinson’s Disease or is healthy. 
Generative AI models are trained on unlabelled data 
and, rather than predict or classify, they aim to create 
novel digital content such as text, images, music, or 
code. One example is generating a simple simulation 
model in Python code (Frydenlund et al., 2024; 
Jackson et al., 2024). LLMs are a subset of generative 
AI that specialise in natural language communication 
between humans and computers. The Generative 
Pre-trained Transformer (GPT) architecture, that 
underpins AI Chatbot tools like ChatGPT, is perhaps 
the most well-known example of an LLM. GPT mod
els are built on transformer-based neural network 
architectures, which use self-attention mechanisms to 
process and generate text (Brown et al., 2020; 
Vaswani et al., 2023). In simple terms, GPT models 
are sequence predictors, trained to predict the next 
token (e.g., a word) in a sequence based on the con
text of previous tokens.

2.2. Zero-shot learning and model scaling

A key advancement that distinguishes LLMs from tra
ditional ML approaches is their capacity for zero-shot 

learning – the ability to perform tasks on previously 
unseen categories without explicit training (Brown 
et al., 2020). This capability enables LLMs to adapt to 
novel contexts and tasks, such as generating code 
based on user specifications, without additional train
ing. The evolution of zero-shot learning has been 
closely tied to the increasing scale of language models. 
When GPT-1 was introduced in 2018, it contained 
117 million parameters (Radford & Narasimhan, 
2018). Subsequent iterations have seen substantial 
growth in model size, with GPT-3 including 175 bil
lion parameters (Brown et al., 2020). The exact specifi
cations of GPT-4 and GPT-4.5 have not been officially 
confirmed by OpenAI, but GPT-4 is speculated to 
contain up to a trillion parameters (Giabbanelli, 
2024).

2.3. Challenges and limitations: Data 
contamination and hallucination

Evaluating the zero-shot capabilities of LLMs is 
challenging due to the potential contamination of 
test data (Xu et al., 2024a). The concept of contam
ination is analogous to leakage in traditional super
vised machine learning (Kaufman et al., 2012), i.e., 
the training data overlaps with test data, accuracy 
measures are overstated, and the model is simply 
outputting data it has memorised in training. In the 
case of LLMs, it is difficult to determine if the train
ing data overlaps with test data and careful evalua
tions must be designed.

A key challenge in the use of LLMs is mitigating 
the risk of hallucination. LLMs are sequence predic
tion models that prioritise generating the most 
probable next word in a sequence, even if it is 
inaccurate. Simply put, given an input, a model will 
always produce an output, whether or not it is cor
rect. As a result, an LLM may “hallucinate”: 

Table 1. Key concepts in generative AI.
Topic Summary

Generative AI AI models designed to create novel digital content such as text, images, music, or 
code.

Large Language Models (LLMs) A subset of generative AI specialising in processing and generating human-like text.
Transformer Architecture Neural network design using self-attention mechanisms to process and generate text.
Zero-Shot Learning The ability of a model to perform tasks or make predictions on categories it hasn’t 

explicitly seen during training.
Model Scaling The process of increasing model size (number of parameters) to improve performance 

and capabilities.
Hallucination The tendency of LLMs to generate plausible-sounding but factually incorrect or 

logically flawed content.
Data Contamination The overlap of training data with test data, potentially leading to overestimated model 

performance.
Temperature A parameter controlling the randomness and creativity in LLM outputs.
Prompt Engineering The process of crafting effective inputs to elicit desired outputs from LLMs.
Chatbot AI AI-powered conversational interfaces that use LLMs to understand and generate 

human-like responses in real-time interactions.
Context Window The amount of previous conversation an LLM can consider when generating responses.
RLHF (Reinforcement Learning from Human Feedback) A technique used to fine-tune LLMs based on human ratings of model outputs.
Alignment Problem The challenge of ensuring AI outputs align with human values and intentions.
Retrieval Augmented Generation A technique that enhances LLMs by integrating an external information retrieval 

system.
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confidently present content that is factually incor
rect, logically flawed, or at odds with the training 
data provided (Dou et al., 2024; Huang et al., 2023; 
Ji et al., 2023).

For example, an LLM might generate plausible 
but fabricated references in an academic essay or 
produce code that appears functional but contains 
logical errors. These errors may go unnoticed by 
users, and have consequences that vary from minor 
(e.g., wasted time from debugging nonsensical code) 
to severe (e.g., incorrect decisions based on the 
results of a flawed simulation model). The causes of 
hallucination are complex and varied. In coding, for 
instance, it might stem from pre-training the LLM 
on code that contains both obvious and subtle bugs.

Hallucination is a major limitation of generative 
AI and hence is an active area of research (Ji et al., 
2023). Promising approaches include variations on 
the theme of iterative retrieval of information (Khot 
et al., 2023; Yao et al., 2023) that can involve refin
ing outputs through multiple iterations each provid
ing more context or fact-checking. Another 
approach is to estimate model uncertainty statistics 
that can highlight LLM knowledge deficiencies 
(Farquhar et al., 2024). For the immediate future, it 
seems likely that hallucination will continue to be a 
major challenge for the safe and productive use of 
generative AI, with some arguing it cannot be fully 
eliminated (Xu et al., 2024b). As such, it is crucial 
to incorporate some form of fact-checking or testing 
mechanisms in any work that relies on content gen
erated by an LLM.

2.4. Randomness and prompt engineering

LLMs include an element of randomness in the gener
ation of responses. This randomness is typically con
trolled by a “temperature” parameter, where higher 
values increase variability in outputs (and increase hal
lucinations), while lower values produce more deter
ministic results. The use of randomness allows LLMs 
to generate diverse and creative solutions but it also 
means that, given the same prompt, an LLM may pro
duce different code outputs across multiple runs. This 
variability poses challenges for reproducibility in con
texts such as code generation for simulation models, 
where consistent and replicable results are important. 
By default, Chatbot AI tools may not offer direct user 
control over temperature.

Given the randomness used in generative AI, and 
as LLMs tend to hallucinate, another important con
cept to define is the formation of prompts. This has 
given rise to the discipline of prompt engineering: 
the process of writing a prompt that results in the 
most effective LLM performance (Liu et al., 2021; 
Pornprasit & Tantithamthavorn, 2024). This is a 

very recent area of research and there is not yet a 
consensus on the most effective approaches 
although various patterns are available (Wang et al., 
2024; White et al., 2023). For example, in one-shot 
or few-shot learning, the prompt includes one or 
more simple examples of the task to clarify the con
text for the LLM.

2.5. Retrieval Augmented Generation

Retrieval Augmented Generation (RAG) is a prom
ising research area that can reduce the occurrence 
of hallucinations in language models (Shuster et al., 
2021). In the RAG process, a knowledge base is 
queried, and relevant information is incorporated 
into the prompt’s context before it is processed by 
the language model (Lewis et al., 2021). In simple 
terms, this can be thought of as providing the lan
guage model with more factual information within 
the prompt. A knowledge base could be the internet; 
for example, Perplexity.AI retrieves web pages, and 
online documents prior to generating an answer. 
Hallucinations can be reduced as RAG provides 
trained LLMs access to knowledge it has not seen 
before; for example, up to date information not 
used in training, or advancements in scientific fields 
that came post training. Hallucinations are not com
pletely mitigated by RAG, for example, if a user’s 
question cannot be answered from the knowledge 
base then the language model may still generate an 
incorrect answer (Barnett et al., 2024).

2.6. AI chatbots and alignment

Since 2022, and at the time of writing, wide-scale 
public access to LLMs has been made possible by 
general-purpose Chatbot AI tools such as Open AI’s 
ChatGPT,3 Perplexity. AI’s Sonar,4 Anthropic’s 
Claude,5 DeepSeek-R1 (DeepSeek et al., 2025) and 
Google’s Gemini.6 The underlying LLMs are trained 
on large amounts of curated web data (including 
code from sources such as StackOverFlow and 
GitHub) and fine-tuned for chat-based human inter
action. In general, the tools have been shown to 
understand and generate human-like text (and code) 
across a wide range of tasks. The overall architecture 
and training of these models is complex and for 
most models is not fully known given the commer
cial nature of the companies that create and operate 
them at substantial cost. As a general rule, however, 
LLMs such as GPT-3.5 or 4 are not used as is; 
instead, a new round of training is undertaken using 
a curated question and answer dataset. This process 
of fine tuning produces an Assistant Model that 
provides chat like responses to a human prompt. A 
further round of training employs reinforcement 
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learning from human feedback (RLHF) where a 
human workforce reviews and rates responses out
put by the model (Casper et al., 2023). RLHF aims 
to help Chatbot AI’s tools align responses with the 
human values and the intentions of their prompts 
(the so-called “alignment problem”). This process 
attempts to filter out inappropriate or offensive con
tent while enhancing the models’ ability to provide 
a relevant response.

Human interaction with these models is via a 
user-friendly chat interface. The underpinning LLM 
in use varies by free and paid tiers (e.g., at the time 
of writing ChatGPT offers a free GPT-3.5 or paid 
GPT-4/4.5 tier). While the LLM architectures have 
no memory of prior prompts, a Chatbot AI tool has 
a context window allowing a user to interact itera
tively with an LLM within a larger history/context 
of prompts and responses. There are size restrictions 
on these context windows that vary with each 
Chatbot AI tool and underlying model.

2.7. Generative AI in software engineering

LLMs have also been fine-tuned for software engin
eering and coding tasks such as code generation and 
code completion. Contemporary tools include 
GitHub Copilot7 and Meta Code Llama.8 Research 
in this area has been extensive with the vast major
ity spread across software development and main
tenance (Hou et al., 2024).

Code generation has used a mix of general LLM 
tools such as GPT-3.5/4.0 (Dou et al., 2024; 
Yetiştiren et al., 2023) and fine-tuned models such as 
GPT-30s codex (Chen et al., 2021). Performance of 
LLMs in code generation in these studies typically 
makes use of a curated benchmark dataset of pro
gramming problems and their solutions such as the 
Mostly Basic Python Problems Dataset9 (Austin et al., 
2021). LLM solution performance against these data
sets are evaluated using various standard metrics.

Prompt engineering to reduce ambiguity of intent 
has emerged as a key challenge for code generation 
as LLMs, which may struggle to reliably generate 
code reflecting the users’ requirements. To date the 
majority of studies have employed zero- or few-shot 
prompt engineering to maximise LLM effectiveness 
(Hou et al., 2024); a smaller number have explored 
novel approaches such as prompting LLMs to 
include a planning phase before generating solutions 
(Jiang et al., 2024).

2.8. Generative AI and computer simulation

2.8.1. Automated code generation
Recent research has explored the integration of gen
erative AI with computer simulation, yielding 

promising hybrid approaches. Several pioneering 
studies have investigated small-scale applications 
and conceptual frameworks across DES, system 
dynamics, conceptual modelling, and documentation 
(Akhavan & Jalali, 2024; Giabbanelli, 2024; Jackson 
et al., 2024; Plooy & Oosthuizen, 2023; Shrestha 
et al., 2022).

Jackson et al. (2024) explored the potential of 
using GPT-based models to produce simulation 
models for inventory and process control in logistics 
systems. Their research focused on the concept of 
an “NLP Shortcut,” where simulation models are 
generated from a textual description of the model 
passed to a language model. The study used the 
OpenAI Davinci Codex (a code-based Application 
Programming Interface (API) to the GPT-3 model) 
to successfully generate simple Python-based simula
tions of logistics systems (e.g., a single-product 
inventory-control system). The LLM outputs consist 
of 20–30 lines of Python code implementing simple 
DES model logic and code to plot the model output. 
Their framework incorporated dynamic execution of 
the generated code with human expert oversight, 
demonstrating the potential for AI-assisted simula
tion development.

Akhavan and Jalali (2024) and Plooy and 
Oosthuizen (2023) investigated the application of 
ChatGPT in system dynamics modelling. Both stud
ies take the position that generative AI should not 
replace a modeller but rather serve as a tool to 
facilitate the research process, review content, and 
enhance idea implementation in simulation model
ling. Akhavan and Jalali (2024) develop a simple 
System Dynamics model of COVID-19’s impact on 
economic growth. Their approach first prompts 
ChatGPT (GPT-4) in an iterative manner to support 
conceptual modelling and decisions about methods. 
The authors manually code a small Python model 
(40 lines of code) and provide this along with 
prompts to ChatGPT to generate suggestions for 
code optimisations, additional plotting code, and 
improvements to model documentation.

Plooy and Oosthuizen (2023) focused on using 
ChatGPT (GPT-4) to generate Python code imple
menting a simple system dynamics model of a 
resource-bound population in equilibrium. They 
outline a six-step approach to iteratively generate a 
model with ChatGPT’s help. Early steps focus on 
textual information describing equations for stocks 
and flows that are first manually implemented in 
the commercial simulation package iSee Systems 
Stella Architect.10 The final step converts the gener
ated equations into 32 lines of Python code with 
outputs verified by comparing the manually created 
and generated models. Extending this, Frydenlund 
et al. (2024) attempted to generate working 
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simulation models from narratives across different 
languages and simulation libraries for agent-based 
modelling, System Dynamics, and DES. While small 
models were produced for each (up to around 35 
lines of code), ChatGPT failed to produce concise 
or fully executable code in all three paradigms, 
which the authors highlight as evidence of current 
LLM limitations in generating robust simulation 
models directly from narrative descriptions.

2.8.2. Conceptual modelling
Shrestha et al. (2022) proposed a method where 
generative AI is used to explain simulation models, 
by creating simple conceptual model descriptions 
from more complex causal maps. Their approach 
involved decomposing large conceptual models into 
smaller parts and then performing Natural Language 
Generation (NLG) using a fine-tuned GPT-3 model. 
Giabbanelli (2024) published a conceptual study that 
hypothesised the potential of LLM application across 
common simulation tasks. The study focused on 
four key areas: structuring conceptual models, sum
marising simulation outputs, improving accessibility 
to simulation platforms, and explaining simulation 
errors with guidance for resolution. For example, 
the potential to use the emerging capability of LLMs 
to convert images to text to provide automated 
explanations of charts of simulation output could 
benefit both non-experts and people with visual 
impairments. Building on this work, Giabbanelli 
et al. (2025) argued for a more structured and reli
able role for LLMs to support conceptual model
ling—not as standalone problem-solvers, but as 
middleware that connects specialised modelling and 
simulation tools. They emphasised the importance 
of maintaining human oversight and domain expert
ise. To mitigate hallucinations and ensure logical 
correctness, the authors proposed integrating LLMs 
with formal verification tools and adopting valid
ation loops in which the LLM iteratively refines its 
output based on tool feedback.

2.9. Summary of lessons from the literature

The application of generative AI to practical 
domains, including computer simulation modelling, 
is an emerging and rapidly evolving field of 
research. Our study has been designed to account 
for the following lessons and challenges identified in 
the existing literature:

� User Expertise: The effectiveness of generative 
AI can depend on the expertise and skill level of 
the user.

� Mitigating Hallucination: Generative AI models 
are prone to hallucination (producing incorrect 

or fabricated outputs). This risk can be reduced 
through strategies such as prompt engineering, 
retrieval-augmented generation (RAG), and itera
tive refinement during interactions.

� Model Validation: AI-generated models require 
thorough testing and validation at each stage of 
development to ensure reliability and accuracy.

� Selection of Test Data: The choice of test data is 
critical to avoid data leakage, which can com
promise the validity of results in generative AI 
studies.

� Model Complexity: Current research has pre
dominantly focused on applying generative AI to 
relatively simple models, leaving its performance 
with more complex systems largely unexplored.

3. Methods overview

Our study followed four stages: setup and model 
design (Stage 0); prompt engineering and code gen
eration (Stage 1); internal replication (Stage 2); and 
evaluation and preservation (Stage 3). Figure 1 illus
trates these stages and the activities carried out in 
each. For model generation, we used Perplexity.AI’s 
standard model (free tier) that includes RAG from 
internet sources. The RAG functionality provides 
the model with up-to-date and new online sources 
about simulation and SimPy.

3.1. Stage 0: Setup and model design

For the two chosen case studies, we read the aca
demic paper and wrote down a design for a simula
tion model organised by the Strengthening The 
Reporting of Empirical Simulation Studies (STRESS) 
guideline format for reporting models (Monks et al., 
2019). Previous studies of replicating models from 
journal articles have been challenging due to report
ing ambiguities (McManus et al., 2019; Schwander 
et al., 2021). We therefore document any simplifica
tions or additional assumptions (e.g., undocumented 
parameters or logic or removal of a feature) that 
were made to enable us to design a functioning ver
sion of the model reported in the journal article. 
We designed a common Python 3.10 software envi
ronment (implemented as a conda11 environment) 
that could be used in stages 1 to 3 to run the gener
ated code.

3.2. Stage 1: Prompt engineering and code 
generation

In Stage 1, we created a prompt database that stored 
all prompts given to the LLM and for what purpose. 
We then proceeded to generate the design of the 
model as reported in the paper for Case Study 1. 
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When complete, we recreated Case Study 2. Where 
appropriate we reused or adapted prompts from 
Case Study 1 when recreating the model for Case 
Study 2. All case study prompts were stored in the 
database in sequence of use. After the models were 
complete we created a research compendium con
sisting of a STRESS report for the design, formatted 
model code (using the tool ‘black’), a script to run 
the model, documentation for the user interface, 
and an automated model test suite. A second mod
eller then reviewed the research compendium and 
identified any Stage 1 modifications required before 
proceeding to Stage 2.

3.3. Stage 2: Internal reproduction

In Stage 2, a second modeller reproduced the pro
cess from Stage 1 by attempting to recreate the 
models using the original sequence of prompts. 
Given the stochastic nature of creative LLM output 
(i.e., the same input prompt may not produce the 
same output), we allowed for the re-engineering of 
prompts in the replication phase. This included dir
ect modification of the original prompts and add
itional follow-up prompts to refine the output. We 
also allowed for structural differences between the 
original and replicated models, for example, the use 
of different Python data structures, and class/func
tion designs. Stage 2 was added to the research 
compendium and independently checked in an 
identical manner to Stage 1.

3.4. Stage 3: Evaluation and preservation

3.4.1. Evaluation
In Stage 3, we compared the artefacts generated and 
experience of working with the LLM to create the 
SimPy models in Stages 1 and 2. We defined a suc
cessful internal replication to be when Stages 1 and 
2 models produced the same results. As we designed 
the models to use the same seeds and random num
ber generators we aimed for identical results; how
ever, we allowed a small tolerance of 5% in line 
with other replication studies (McManus et al., 
2019; Schwander et al., 2021). To evaluate the use of 
the LLM for generating the models, the modellers 
from Stages 1 and 2 synthesised their experience of 
prompting the LLM: identifying common successes/ 
failings, general challenges, coding mistakes, and 
opportunities.

3.4.2. Model preservation
The final step in Stage 3 was to preserve the models 
we had recreated, ensuring that they are available to 
others to inspect or use long term. We structured 
all of our materials into a research compendium – a 
website compiled using the tool JupyterBook.12 The 
compendium consists of the code, data, and docu
mentation needed to understand and reproduce our 
study. We then deposited the research compendium 
in the Zenodo open science archive13 and obtained 
a Digital Object Identifier (DOI).

Figure 1. Overview of approach to model recreation using generative AI. 
Abbreviations: AI, artificial intelligence; DOI, digital object identifier; LLM, large language model.
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4. Case study selection

We selected two published healthcare DES case 
studies. Prior LLM simulation coding studies had 
focused on very simple coding tasks comprising 20– 
30 lines of code (Akhavan & Jalali, 2024; Jackson 
et al., 2024; Plooy & Oosthuizen, 2023). We aimed 
to increase the complexity of the coding task for the 
LLM in our study. We selected DES models that 
consisted of multiple classes of patients (e.g., mul
tiple arrival sources and differing sampling distribu
tions for length of stay), and at least two activities 
(delays). From experience, we estimated that design 
of such models would require between 200 and 500 
lines of Python code. We would still classify these as 
simple DES models.

A threat to the external validity of our study is 
selecting a DES study where the exact or a very 
similar model is available within the training data of 
the LLM. The risk is that the LLM simply outputs 
the training data when prompted. The exact training 
data of commercial LLMs is unknown, but we 
assumed it would include popular code repositories 
such as GitHub14 and coding question-and-answer 
sites such as Stack Overflow.15 As we are using 
Python, one way to reduce this risk is to select a 
DES study where the model has been reported to be 
developed in a commercial simulation package 
interface such as Simul8,16 Arena,17 or Excel.18 The 
majority of such models are contained within a 
bespoke proprietary format and not the natural (or 
coding) language that a LLM is typically trained on. 
Our hypothesis was that, even if these commercial 
models were available online in a location we did 
not know about, they were unlikely to be translat
able directly to Python.

4.1. Case 1: Critical care unit model

The first case study was published in the Journal of 
Simulation (J D Griffiths et al., 2010). The model 

was coded in VBA and has never been published 
online to our knowledge. The description of the 
model was published before any reporting guidelines 
for DES, but the paper contains a detailed descrip
tion of the model and its parameters, although in 
some areas they are not reported in a manner that 
allows full replication of quantitative results 
reported in the paper (for example, an empirical 
distribution was used, but not detailed); although 
some obvious simplifications were available based 
on descriptions in the paper (e.g., use of a statistical 
distribution for elective inter-arrival time instead of 
an unreported empirical distribution).

The model represents a Critical (Intensive) Care 
Unit (CCU); we provide our interpretation of the 
process described in the article in Figure 2. It con
sists of six classes of entities that arrive following 
varying static distributions. These arrivals are either 
unplanned (emergency) or planned (elective sur
gery), and share a total of 24 beds. Unplanned 
emergency patients are prioritised for critical care 
beds. Elective patient balk (a cancelled elective oper
ations) if no beds are available. Patient classes have 
their own treatment time distributions (length of 
stay in the CCU). After discharge a deterministic 
bed turnaround time is included to allow for inten
sive cleaning. The study aimed to explore capacity 
requirements and related scenarios and their impact 
on the number of cancelled operations. A warm-up 
period and multiple replications are employed.

4.2. Case 2: Stroke pathway capacity planning 
model

The second case study was published in BMC 
Health Services Research (Monks et al., 2016). The 
model was coded in the Simul8 simulation package 
and has never been published online. The authors 
present a simple generic model to support health 
services to plan the capacity of an acute stroke 
ward, rehabilitation ward, and (optionally), early 

Figure 2. Logic diagram for the design of the CCU model.
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support discharge capacity (ESD). The model was 
published before reporting guidelines for DES, but 
contains a detailed online appendix, supplementary 
materials allowing for recreation of the model (and 
uses simple parameters and equations).

The model allows users to specify a population of 
stroke, transient ischaemic attack (TIA), complex 
neurological, and other patient types who use acute 
and rehabilitation services. We provide our interpret
ation of the process described in the article in 
Figure 3. The patient classes have their own external 
inter-arrival distributions to acute and rehabilitation 
services, transfer probabilities between services, and 
length of stay distributions (where first sub-division 
occurs to model ESD versus non-ESD patients). The 
model takes an infinite capacity approach to capacity 
planning and estimates the probability of delay. A 
warm-up period and multiple replications are 
employed. It has a clear logic diagram and documen
tation of parameters in the main article and an online 
appendix. The ESD modelling is not used or docu
mented in the article; we therefore chose to simplify 
the design and focus on the acute stroke and rehabili
tation units, although we aimed for model setup to be 
simple to extend for ESD capacity modelling.

5. Model design

5.1. SimPy models

All generated models were built in SimPy (Team 
SimPy, 2024): a process-based DES package 

implemented in Python that is available under a 
permissive MIT license. DES models are built by 
defining Python generator functions and logic to 
request and return resources. The package SimPy 
is lightweight and provides a full event scheduling 
engine. Statistical distributions for sampling, com
mon random number streams, output analysis 
tools, user interfaces, and model animation are not 
included. The implementation of all of these tools 
are available in the general and scientific Python 
stack. For example, NumPy and pandas for sam
pling and output analysis, and Matplotlib for visu
alising results. For those unfamiliar with SimPy we 
provide some sample code in online Appendix A 
Listing 5.

5.2. Model coding plan

The number of modelling iterations needed to recre
ate the models was not known in advance. Instead, 
we read the publications reporting the model 
designs and constructed a general plan that ordered 
and batched iterations into 12 aims of model recre
ation (e.g., each aim might take 2–3 prompts and 
code iterations to achieve). Table 2 details the 
ordered aims of the model recreation process along 
with a description and examples of changes to the 
model that could be expected. Our aims took us 
from modelling of arrivals of patients and patient 
classes (e.g., types of stroke, or unplanned emergen
cies versus elective patients) through to a user 

Figure 3. Logic diagram for design of the acute stroke and community rehabilitation capacity planning model.

Table 2. Ordered aims of the model recreation process.
Aim Description Example additions to model

1 Arrival processes and logic Single and multiple classes of patients
2 Initial queuing logic and activities (delays) Reneging, patient class dependent length of stay in a ward
3 Separation of parameters from model logic A configurable Experiment class to hold all model parameters.
4 Simulated trace control Functionality to hide and display simulated events
4 Patient routing Sampling to determine post-ward destinations and activities
5 Additional queuing and activities Additional treatment in a different hospital/ward
6 Results collection Audit and calculate ward occupancy, bed utilisation, waiting times etc.
7 Warm-up period Split the model run length into warm-up and results collection, reset all KPIs,  

introduce auditing processes.
8 Multiple replications Multiple unique runs of the model.
9 Output analysis procedures Charts and summary tables
10 Common random numbers Allocate unique random number stream to each distribution
11 User interface A web browser-based interface for the model.
12 Final bug fixes Patch any remaining bugs identified by a 2nd modeller
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interface allowing for basic experimentation. We 
believe this mirrors how the recreation of a DES 
model would take place regardless of whether an 
LLM was used.

To optimise the organisation and usability of 
the SimPy simulation model we adopted the 
approach of Monks and Harper (2023b, 2023c) in 
aims 3, 8 and 11. The result is that model logic is 
separated from parameters using an Experiment 
class (used to set up “what-if” experiments). The 
Experiment class is used in combination with a 
multiple replications wrapper function to generate 
results. This simple organisation enables quick 
integration with Python web app frameworks such 
as Streamlit to make models usable by a wider 
group of people.

To enable both repeatable replications and vari
ance reduction between experiments, we chose to 
implement common random number (CRN) 
streams in our models; i.e., each random statistical 
distribution used for sampling has its own unique 
controllable pseudorandom number stream (Davies 
& Brooks, 2007). This is in line with Case Study 2 
which used Simul8 and implemented CRN. 
However, we note that Case Study 1 was imple
mented in VBA and it is unclear if CRN streams 
were implemented by the authors. We aimed to 
manage all random sampling through the numpy.r
andom module and the PCG-64 pseudorandom 
number generator (Harris et al., 2020). We followed 
a simple approach where the replication number 
was used to spawn n independent random number 
streams.

6. Prompt engineering

6.1. Prompts versus academic article write-up

Although it might seem that directly copying the 
published model description into an LLM would 
guarantee fidelity to the original, in practice aca
demic narratives often contain ambiguities, implicit 
assumptions, or imprecise language that can be mis
interpreted by an LLM. In contrast, prompt engin
eering, when done systematically, enables the 
modeler to clarify intent, resolve ambiguities, and 
specify requirements in a way that guides the LLM 
toward a faithful implementation of the original 
model logic. Our approach involved iterative refine
ment of prompts, use of consistent terminology, and 
explicit instructions to minimize the risk of uninten
tionally introducing modifications or solving a dif
ferent problem. By documenting all prompt 
iterations and decisions, we make transparent any 
assumptions or clarifications introduced during the 
process.

As a simple example, consider Box 1 where the 
first paragraph is an excerpt from section 2.1 of the 
CCU case study (J D Griffiths et al., 2010) that 
describes balking of elective patients in a CCU. A 
human reader of this text may understand the con
text and logic of this text exactly; especially if they 
have viewed a logic diagram of the model before
hand. On the other hand, an LLM prompted using 
this text is less likely to produce consistent models 
due to the mixing of patient types in the discussion 
and lack of precision in the language.

The second half of Box 1 constructs (engineers) a 
prompt for the LLM with the aim of being more 
precise. Instead of a discursive prose, we re-frame 
the natural language to:

1. Instruct the LLM to add a new arrival source to 
the model for elective surgery patients;

2. Precisely define which resources are used by the 
elective patients on arrival and if these are 
shared with other types of patients;

3. Identify the outcome logic if all beds are in use 
versus if they are not all in use.

6.2. Common tokens

In a healthcare simulation study, stakeholders and 
modellers may use multiple terms to refer to the 
same concept. For example, the terms “treatment 
time” and “length of stay” may be used interchange
ably in a conversation or a written article. We 
aimed to make our prompts as specific as possible 
to obtain the iteration of the model that met our 

Box 1. Example of prompt engineering. Excerpt taken from sec
tion 2.1 (Griffiths et al., 2010).
Excerpt from journal article: If an arriving patient finds that all 
beds are occupied, they are sent to a queue. There are two queues 
built into the model, the ‘Unplanned Admissions’ queue and the 
‘Planned Admissions’ queue. The patients in the ‘Planned Admissions’ 
queue—that is the Elective surgery patients—have their surgery can
celled and are then sent home. The patients in the ‘Unplanned 
Admissions’ queue wait until a bed becomes available.

Engineered Prompt:

Add a new arrival source to the CCU: Elective surgery patients. 
Elective surgery patients are modelled as a separate process from 
the unplanned admissions but share the critical care bed resources.

As an elective patient arrives at the CCU, a check is made on the 
number of critical care beds available. There are two outcomes 
from this check:

� Outcome 1: The number of beds in use is equal to the total 
number of beds available. In this case, the elective patient 
leaves the model immediately. This is called a “cancelled oper
ation” event and should be reported to the user. 

� Outcome 2. The number of beds in use is less than the total 
number of beds available. In this case, the elective patient 
requests a critical care bed, is treated, and is then discharged. 
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design. We therefore attempted to use a common 
token throughout an individual prompt and across 
iterations. We did allow for the shortening of tokens 
within prompts. For example, if we had introduced 
the concept of “critical care bed” resources and the 
model had no other ambiguous resource names, we 
allowed our prompts to refer to “beds.”

6.3. Initial prompts

In both cases our initial prompts were designed to 
generate a simple working simulation model in 
SimPy that generated patient arrivals only. Our 
hypothesis was that the level of detail and scope 
could then be expanded in further iterations. Our 
initial prompt was one of the most detailed pro
vided. We broke it down into four sections.

� Main command: Specified the context (e.g., a 
critical care unit DES model), programming lan
guage, simulation package and that this was a 
code generating task.

� General model logic: Including time units, 
arrival sources, model boundaries and run 
length.

� Simulation inputs: For the first iteration this 
was always inter-arrival distributions and 
parameters.

� Simulation methodology: Underlying sampling 
tools and how this should be implemented.

To illustrate this method we include Box 2: the 
initial prompt from the CCU case study.

6.4. Refactoring prompts

Within an iteration, we occasionally made use of 
subsequent short prompts to refactor the code 
closer to our requirements or expectations. For 
example, if the code generated a set of functions 
when we preferred classes we would issue the 
follow-up prompt: “re-factor the functions into a 
CCU class.”

6.5. One-shot prompt engineering

When refactoring of code was judged to be complex 
we chose to provide a short example of the refactor
ing in the prompt for the LLM to mimic (so-called 
“1-shot prompt engineering”).

An excerpt from a prompt given to the LLM 
from the stroke case study is provided in Box 3
where we are refactoring the code to use random 
sampling that follows best practice. The LLM must 
modify the code in multiple methods and also count 

from 0 to the number of random streams imple
mented. We therefore provide an example of how 
this should be implemented.

6.6. Numbered steps

Many simple functions in programming are a series 
of steps to be followed by the Python interpreter. 

Box 2. Initial prompt example: CCU case study.

Main command: Code a discrete-event simulation model of a 
critical care unit (CCU) in Python 3.10 and SimPy 4. Code the full 
model specified. Do not return a simplified version. Show all 
code.

General model logic:

� All time units in the model are in hours. 

� Each patient in the model has a unique identifier. The first 
patient to arrive has an identifier of 0. For each subsequent 
patient increment the identifier by 1. 

� Patients to arrive at the CCU from five different sources: 
Accident and Emergency, the Wards, Emergency surgery, other 
hospitals, or the X-Ray department. 

� Each source has a different inter-arrival time distribution. 

� After patients arrive they immediately leave the model. 

� All patient types must have their own generator function 

� The model should print out useful information after each 
event. 

� The model should include a user-settable run length. This 
defaults to 12 months. 

Simulation inputs: The inter-arrival time distributions and parame
ters of patients are dependent on patient type. For each distribu
tion, time is measured in hours.

� Accident and Emergency¼ Exponential: 22.72 

� The Wards¼ Exponential: 26.0 

� Emergency surgery¼ Exponential: 37.0 

� Other hospitals¼ Exponential: 47.2 

� The X-Ray department¼ Exponential: 575.0 

Simulation methodology: NumPy should be used for sampling. 
Each inter-arrival distribution should have its own 
numpy.random.Generator object.

Box 3. Example of one-shot prompt engineering to guide code 
refactoring.

Modify the acute_treatment functions in AcuteStrokeUnit 
class. Do not modify the functions.
Code that uses numpy.random, must be replaced with a call to 
a unique stream in the Experiment list streams. Select the 
stream using a hard-coded integer.

Start from zero and increment by 1 each time to allocate a unique num
ber to each stream. E.g., In stroke_acute_treatment the first 
instance of length_of_stay¼np.random.lognormal(mu, 
sigma) becomes length_of_stay¼self.experiment. 

streams[0](mu, sigma); the second instance uses index 1 and 
the third uses index 2 and so on.
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Where they were very clear, we specified them as a 
number-ordered list of natural language instructions 
that the LLM could follow. Box 4 illustrates such a 
prompt applied to create an initial iteration of a 
Streamlit interface for the stroke case study model.

6.7. Restrictive clauses in prompts

We appended restrictive clauses to our prompts to 
avoid changes to parts of the code that were not part 
of our design. For example, when specifying a modifi
cation to the treatment of patients we could append 
“Do not modify the patient_generator func
tions at all” to ensure these were not modified in the 
same way. Similarly, if we were interested in refactor
ing the Experiment class to add new variables we 
might specify “only modify the Experiment class” or 
“do not modify the CCU class” to avoid small changes 
to the design between iterations.

7. Testing of generated code

A structured four-stage testing process was imple
mented for each model iteration. Initial visual 
inspection used JupyterLab but was later enhanced 
in Case 2 (Iteration 11) with nbdime to highlight 
code differences (see online Appendix B Listing 6). 
A second modeller independently reviewed modifi
cations to ensure accuracy and consistency.

Classical verification involved systematic experi
ments, including extreme value tests, parameter 

variations, and component-level validation (e.g., 
testing the Acute Stroke Unit separately from the 
Rehabilitation Ward). Testing evolved iteratively 
with model development.

Automated and manual tests were formalised post- 
development, using pytest for automated checks and 
visual trace inspection for manual verification. These 
tests were stored in dedicated Python modules to 
ensure reproducibility. We provide a more detailed 
account of testing in online Appendix B and a list of 
the types of test conducted in Tables B1 and B2.

8. Results

Table 3 links to all of the research artefacts generated 
in the study. To preserve the outputs we have archived 
each artefact at Zenodo and provide a DOI. Figure 4
is a screenshot of the study’s online research compen
dium. The compendium organises the generated 
model code, testing, and prompts by the case study 
and stage. We have deployed usable versions of the 
generated models as a web app to GitHub Pages.

For each model we report the outputs generated 
by the model; the results of the internal replication 
test; describe the code generated, and provide a 
screenshot of the user interface. The full code list
ings are available in the research compendium; here 
we provide short excerpts of the code in Listings.

8.1. Case 1: Critical care unit model

8.1.1. Model outputs
The simulation models generated in Stages 1 and 2 
produced identical results to one another (to two 
decimal places), as in Table 4. The table summarises 
the number of patient arrivals to the models, the 
four output measures in the design and how these 
vary across six experiments with the model. To for
mally assess the equivalence of the Stage 1 and 
Stage 2 models, we conducted paired t-tests for each 
key output metric across all experimental scenarios. 
In every case, the mean difference was zero and the 
standard deviation of the differences was also zero, 
resulting in an undefined t-statistic and p-value. 
This outcome is expected given that both models 
used identical random number streams for all sto
chastic elements. The absence of any difference 

Box 4. Example of specify a prompt using numbered steps.

Write python code that creates an interactive user interface using 
the package Streamlit. The interface should include a main window. 
The main window contains a button labelled “Simulate.” After the 
button is pressed the following logic is implemented:

1. Display a spinner with the text “please wait for results.” 

2. Run the python code included below [not shown]. 

3. Display a Streamlit table for df_acute and df_rehab 
results. 

4. Display all plots. Plotting functions return a tuple of figure, 
axis. 

All classes and functions should be imported from a module called 
stroke_rehab_model.

Table 3. Links to research artefacts and generated models.
Research compendium

Deployment https://pythonhealthdatascience.github.io/llm_simpy
DOI https://doi.org/10.5281/zenodo.15090962
GitHub https://github.com/pythonhealthdatascience/llm_simpy

Generated models as a web app

Deployment https://pythonhealthdatascience.github.io/llm_simpy_models
DOI https://doi.org/10.5281/zenodo.15082494
GitHub https://github.com/pythonhealthdatascience/llm_simpy_models
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confirms that the models are functionally identical 
under internal replication.

The model results did not replicate those 
reported in J D Griffiths et al. (2010). Our results 
have a higher arrival rate overall and higher occu
pancy of the CCU. The explanation would appear to 
be that we did not have access to information about 
the empirical distributions used for elective patients 
in the original article and the alternative distribution 
recommended in the article is not representative. To 
test the robustness of our findings, we conducted 
sensitivity analyses varying key uncertain parameters 
by ±30% and testing alternative distributional 
assumptions. These analyses confirmed that param
eter uncertainty does not explain the replication 
gap—our model remained unable to reproduce the 
original results across all tested scenarios. Full sensi
tivity analysis results are available in our online 
research compendium.

8.1.2. Model code
Disregarding comments and documentation, Stage 1 
generated a model consisting of 262 lines of code 
and Stage 2 generated 355 lines of code. Both mod
els passed the same batch of 35 verification tests 
with 100% code coverage (i.e., all lines of code were 
executed in our tests). The difference in the design 
of the Python classes representing an experiment 
and CCU model logic can be seen in the number of 
class attributes and methods in Table 5.

The final code files from Stages 1 and Stage 2 
(our internal replication) for the critical care unit 
model and its interface were overall very similar. 
For example, code Listings 1 and 2 illustrate the 
similarities in code generated to model emergency 
department arrivals. Minor differences included 
the naming of variables, functions and classes. 
Another minor difference was the setup of ran
dom number generators for each activity in the 

Table 4. Comparison of critical care model outputs: Stage 1 versus Stage 2 (internal replication). Figures are mean (standard 
deviation).
Study stage Metric 23 beds 24 beds 25 beds 26 beds 27 beds 28 beds

Stage 1 0. Patient Count 1,650.4 (17.83) 1,650.4 (17.83) 1,650.4 (17.83) 1,650.4 (17.83) 1,650.4 (17.83) 1,650.4 (17.83)
1. Cancelled Elective Operations 390.6 (30.57) 337.8 (38.75) 279.0 (39.13) 231.4 (33.83) 178.4 (32.46) 139.8 (27.58)
2. Bed Utilization 0.9 (0.02) 0.9 (0.02) 0.9 (0.02) 0.9 (0.02) 0.8 (0.02) 0.8 (0.02)
3. Bed Occupancy 21.3 (0.49) 21.8 (0.50) 22.3 (0.54) 22.6 (0.56) 23.0 (0.58) 23.3 (0.62)
4. Mean Unplanned Admission  

Waiting Time (hours)
103.8 (72.08) 62.5 (55.23) 35.0 (29.28) 20.8 (15.59) 12.0 (7.66) 7.0 (3.76)

Stage 2 0. Patient Count 1,650.4 (17.83) 1,650.4 (17.83) 1,650.4 (17.83) 1,650.4 (17.83) 1,650.4 (17.83) 1,650.4 (17.83)
1. Cancelled Elective Operations 390.6 (30.57) 337.8 (38.75) 279.0 (39.13) 231.4 (33.83) 178.4 (32.46) 139.8 (27.58)
2. Bed Utilization 0.9 (0.02) 0.9 (0.02) 0.9 (0.02) 0.9 (0.02) 0.8 (0.02) 0.8 (0.02)
3. Bed Occupancy 21.3 (0.49) 21.8 (0.50) 22.3 (0.54) 22.6 (0.56) 23.0 (0.58) 23.3 (0.62)
4. Mean Unplanned Admission  

Waiting Time (hours)
103.8 (72.08) 62.5 (55.23) 35.0 (29.28) 20.8 (15.59) 12.0 (7.66) 7.0 (3.76)

Figure 4. Screenshot of the study’s research compendium. Model code, testing, and prompt archive are organised by case 
study and stage.
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model. However, both approaches in Stage 1 and 
2 were acceptable.

A more substantial difference is that the Stage 2 
code is arguably easier to understand for a new user 
than Stage 1 code. For example, the LLM in Stage 2 
generated an Experiment class where each par
ameter used in a statistical distribution (e.g., the 
mean inter-arrival times) was implemented as a 
named variable. Whereas in Stage 1 code the LLM 
generated an Experiment class where inter-arrival 
means were set via a list of unnamed parameter 

values. This increased clarity resulted in more lines 
of code in Stage 2 than in Stage 1; although we do 
not consider this a good or bad outcome.

A similar difference in clarity can be seen in the 
code to convert the mean and standard deviation of 
a log-normal into scale and shape parameters (suit
able for the numpy log-normal functions). In Stage 
2 the logic was (optimally) implemented in a 
reusable function. In Stage 1 the conversion logic is 
coded directly into each process and is harder to 
follow and test.
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8.1.3. Prompts
In total, 22 iterations of the model were used to 
build the model and interface. We report the num
ber of prompts by iteration and stage in online 
Appendix D Table D1. In Stage 1 there were 26 
prompts passed to the LLM. The number of 
prompts increased to 36 in Stage 2. Five of the 10 
extra prompts occurred in the first two iterations of 
the model. Some minor additional prompting was 
needed to ensure comparable performance meas
ures. The final iteration of the model was a bug fix 
that was only relevant to Stage 1; therefore Stage 2 
saved one prompt. Our approach to prompt engin
eering, along with all prompts, is available in our 
online research compendium.

8.2. Case 2: Stroke pathway capacity planning 
model

8.2.1. Model outputs
We again confirmed that the results of the two gen
erated simulation models were identical using a 
paired-t test. The results for the Stage 1 and Stage 2 
models are reported and compared graphically in 
Figure 5 and Figure E1 (in online Appendix E). The 

figures show that the probability of delay and ward 
occupancy match across the acute and rehabilitation 
wards within the 2 models.

The outputs from the generated models results 
replicated the results reported in the original article 
(Monks et al., 2016); although we note that we did 
not run all of the experiments reported in the 
article.

8.2.2. Model code
Disregarding comments, documentation and the 
Streamlit interface, Stage 1 generated a SimPy model 
consisting of 436 lines of code and Stage 2 gener
ated 531 lines of code. Both models passed the 
same batch of 39 verification tests, with the Stage 2 
model including 3 extra tests to ensure 100% code 
coverage.

The final code files from Stage 1 and Stage 2 for 
the stroke capacity planning model have some sub
stantial differences. Table 6 summarises the difference 
in implementation. Notable differences included an 
additional PatientType class in the Stage 2 model; 
and a six-fold difference in the number of member 
attributes of the Experiment class.

The difference in the code led to a difference in 
the how each model was setup to run an experi
ment. For example, in the stage 1 model the code to 
setup an experiment that simulated a 5% increase in 
stroke patients, and then check the parameter value 
is shown in Listing 3. The equivalent code in stage 
2, shown in Listing 4 involved an additional line of 
code to create a Python dictionary and a collection 
data-structure to access the internal parameters.

Figure 5. Acute stroke unit (ASU) outputs: comparison of Stage 1 and Stage 2 models.

Table 5. Count of CCU model code components comparing 
Stages 1 and 2.

Component

Number of  
attributes

Number of methods/ 
functions

Stage 1 Stage 2 Stage 1 Stage 2

Experiment class 13 27 3 2
CCU model logic class 4 9 10 12
Functions N/A N/A 6 6
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We do not argue that either of the approaches 
generated by the LLM is optimal. Rather that there 
are pro’s and con’s to their implementations. Stage 
1 code offers a simple code interface, but does not 
choose a clear naming convention (i.e., stroke_ 
mean is not specific to inter-arrival time). Stage 1 
also does not clearly separate model parameters 
from the outputs of the experiment. Stage 2 code 
requires more code and requires a user to under
stand Python dictionaries. Stage 2’s hierarchy to 
access parameters is more complex than stage 1’s 
(including the internal workings of Experiment), but 
it uses clear specific naming conventions for patients 
types and their different parameters configurations.

8.2.3. Prompts
In total 31 iterations of the model were used to 
build the model and interface. In Stage 1 this con
sisted of 41 prompts passed to the LLM. The num
ber of prompts increased to 57 in Stage 2. An 
additional prompt was needed in Stage 2 to fix a 
variable type bug introduced by the LLM for repre
senting “patient type” across the acute and rehab 
sections of the model. Stage 2 required 4 additional 

prompts for introducing common random numbers 
streams to the LLM struggling to assign streams 
across model activities. The number of prompts are 
report in online Appendix D Table D2.

8.3. Model interfaces

In both case studies, we were successful in generat
ing model interfaces using the streamlit Python 
package. Figure 6 depicts the model interfaces from 
stage 1 (we include stage 2 figures in the online 
Appendix C Figure C1). The generated interfaces 
were largely consistent across stage 1 and 2. This 
was possibly due to the simplicity of our require
ments. A minor difference was observed between 
stage 1 and 2 in the second case study. In Figure 6b
Perplexity generated input widgets used to manipu
late the model input parameters. In Stage 1 
“numeric boxes” were used where-as in stage 2 
“sliders” are used. The former allowed the input 
parameters to take negative values – that result in a 
model error (as you cannot have a negative inter- 
arrival arrival rate) – where-as sliders prevented this 
unacceptable setting with a minimum value 

Table 6. Count of stroke capacity planning model code components comparing Stages 1 and 2.

Component Number of attributes Number of methods/functions

Stage 1 Stage 2 Stage 1 Stage 2

Experiment class 36 5 3 5
PatientType class N/A 6 N/A 3
AcuteStrokeUnit model logic class 5 7 6 7
RehabilitationUnit model logic class 6 18 7 9
Functions (excluding classes) N/A N/A 11 10
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(although still allowed 0). This result suggests that 
prompts should specify valid ranges for input 
widgets.

9. Discussion

Our objective was to test if we could recreate a ver
sion of published healthcare DES models in FOSS 
using generative AI. We selected two DES models 
from the literature where the coded model was not 
available and the original model was reported to 
have been implemented in commercial software that 
could not have formed part of the internet training 
data for a LLM. We read the natural language 

description of models in these papers and formed a 
model design. Based on model designs, we engi
neered prompts for the free tier of a generative AI 
tool (Perplexity) to code a Python and SimPy model 
and a basic Streamlit browser interface. We found 
that using our iterative approach to coding the 
model we were able to generate relatively sophisti
cated versions of two DES models. By sophisticated 
we mean:

� The model logic was represented by up to 600 
lines of Python code representing a queuing net
work in healthcare; this is relatively sophisticated 
compared to simulation models generated by 

Figure 6. Model interfaces from stage 1.
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others, for example, models were only repre
sented by 20–30 lines of Python code 
(Frydenlund et al., 2024; Jackson et al., 2024; 
Plooy & Oosthuizen, 2023);

� The generated model design followed best prac
tice recommendations (Monks & Harper, 2023b) 
i.e., we separated model parameters from logic to 
enable simple experimentation, automated model 
testing, and linkage to a user interface;

� Between the two models we included multiple 
arrival sources and entity classes, balking, sam
pling mechanisms, queuing network routing, and 
calculation of multiple performance measures;

� The models’ run length and output calculation 
were split into warm-up and data collection 
periods;

� Sampling in the models was implemented using 
streaming (common random numbers) and 
results across replications were repeatable.

We were able to reproduce our findings intern
ally using the original prompts and several add
itional smaller prompts. In each case, the model 
code generated was different but produced consist
ent results. Given our ambition to preserve the time 
and effort put into coded models reported in the lit
erature, we have archived all of our generated mod
els in the Zenodo open science archive. This 
provides a guarantee on the persistence of the coded 
models – as long as the European Organization for 
Nuclear Research (CERN) exists. The models are 
MIT-licensed and available for others to download, 
inspect, reuse, adapt and redistribute with citation.

We would emphasise that, although successful in 
both stages of the study (the original recreation of a 
model design and its internal reproduction), neither 
were straightforward and provided several prompt 
engineering, model testing, and usage challenges for 
generative AI. We argue that we were only success
ful due to the process we followed: our use of itera
tions to add model detail and scope, our approach 
to differencing and testing code, and our use of 
modellers experienced in DES, healthcare, and 
FOSS. We do not believe it would have been achiev
able without all of these elements. In the following 
section, we describe the challenges and opportuni
ties of generative AI for recreating model designs.

9.1. Challenges generating models

9.1.1. Lazy generation
We quickly found that Perplexity used a strategy to 
reduce the amount of Python code it had to gener
ate when prompted to modify code. For example, 
Python classes were partially generated with sections 
of code replaced by comments such as “remaining 

functions go here” or “original method code contin
ues here.” We can only speculate why the tool 
behaved this way given our prompts, but we might 
assume that less text generated required less compu
tation and cost for the provider. We were able to 
by-pass this undesirable behaviour by a.) appending 
the clause “Show all of the model code”; b.) prompt
ing for specific(s) part of the model to be generated 
e.g., “Show the full RehabilitationUnit 

including all patient generator and treatment 
functions” (e.g., Stage 1 iterations 15 and 27 of the 
stroke model); c.) using a restrictive clause to only 
generate functions and classes that were modified 
e.g., “only show the code for these three functions” 
(e.g., Stage 1 iteration 18 of the CCU model).

9.1.2. Hitting the maximum context size
For the stroke model, both modellers found that the 
context size was not large enough to generate the 
full model. The effects of this manifested in three 
ways:

� Perplexity, for all intents and purposes, “forgot” 
a section of model code. For example, it could 
no longer output the Experiment class code 
and hence could not perform the required modi
fications (e.g., iteration 18 of Stage 1).

� Incorrect code indentation at the end of the gen
erated output (this is important because Python 
is whitespace sensitive; e.g., iteration 24 of 
stage 1).

� Introduction of small errors at the end of the 
generated text. For example, in a Python class, 
the ‘self’ keyword was omitted when referring to 
member attributes.

We solved this problem and were able to get the 
correct output by switching to a new context win
dow (i.e., a new chat prompt with no history). This 
meant that we were required to include code snip
pets (e.g., functions, classes or scripts) in the prompt 
to fill in the missing context.

9.1.3. Time-consuming prompt engineering
We used a mix of prompt types to generate the 
models. The time to design these prompts and their 
complexity varied significantly. For some difficult 
tasks, we were required to use one-shot or few-shot 
prompt engineering. An example of this was to 
modify code when allocating seeds across the mod
el’s random number generators (where the LLM had 
to both modify code and count). This meant we 
explicitly included Python code examples of what 
we wanted from the prompt. For this specific 
example we found, in both stages, that a prompt 
needed to be split in two to achieve what we wanted 
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with Perplexity. Informally, we tested the same 
prompt with OpenAI’s ChatGPT and found that it 
could generate the desired seed allocation from our 
single prompt. We conclude two things from this 
example. The first is that if few-shot prompt engin
eering requires a modeller to write Python code 
then it is likely cost effective to simply make the 
changes manually and then reprompt the LLM 
(including the modified code). The second is that a 
user may wish to try multiple AI tools when they 
encounter a difficulty.

9.1.4. Changing nature of tools
We found that the behaviour and performance of 
Perplexity varied during our study. During the con
struction of Stage 1’s CCU model, Perplexity pro
vided sources with each prompt, meaning that 
retrieval-augmented generation was used to provide 
additional context before code generation. This 
behaviour changed over subsequent models and 
stages: for example, we found that Perplexity’s sour
ces appeared for the first two iterations of the stroke 
capacity planning model and then no further sour
ces were used (displayed to the user) even when we 
started a new context window. We re-tested this in 
early 2025 to find the functionality restored.

During each stage, we also found that the speed 
and performance of Perplexity’s generation varied. 
In particular, the rate at which new code was gener
ated would drop significantly and potentially would 
not fully generate the code we required. We did not 
include a formal investigation of this aspect in our 
study plan but note that this typically occurred in 
the afternoon in the UK. We cannot explain this 
conclusively but speculate that this could have been 
related to the rapidly growing user base of tools like 
Perplexity, time difference with the US, and the pri
oritisation of limited GPU capacity to paying cus
tomers. This finding may have also been 
compounded by the large contexts we were creating 
and passing to Perplexity over multiple iterations of 
the models. We handled this problem by pausing 
the study and re-prompting the following morning.

9.1.5. Internal reproduction, randomness and 
preservation
We expected that our internal test of reproduciblity 
would be inherently challenging, due to the way 
generative AI makes use of random noise. In other 
words, we expected that given the same prompts, 
any AI tool would generate Python code with subtle 
to substantial differences. As the model code in 
Stage 2 deviated from Stage 1 across iterations, the 
original prompts became less specific to the Stage 2 
model implementation. As such (with the current 
generative AI capability) it seems unlikely that a 

general set of sequenced prompts could be expected 
to reliability regenerate a specific Python simulation 
model. This finding emphasises the importance of 
preservation of simulation model artefacts for the 
long term (so regeneration is unnecessary).

9.2. Wider opportunities presented by LLM for 
coding python models

We found in all cases that our approach to recreat
ing a version of the published models was success
ful. We propose the following wider opportunities 
for the modelling and simulation community.

9.2.1. Reuse of prompts
For simpler tasks, we found that some prompts 
were fairly generic and can work well if a user takes 
a “lift and adapt approach.” One example of this is 
generating a basic user interface to the model that 
we split over three iterations. We provided the 
interface prompt for the stroke capacity planning 
model in Box 4; this was a minor adaptation of the 
prompt used for the CCU model (see iteration 19). 
These are simple prompts that begin the same and 
then are tailored to the specifics of the results sum
mary for each model.

9.2.2. Describing models
At the end of the study we also explored the use of 
generative AI to describe model code. We used the 
persona pattern (Olea et al., 2024) from prompt 
engineering and asked the AI tool to take the role 
of an elective surgery patient. We provided a 
prompt including all the CCU model code and 
asked for a description of potential journeys through 
the model. We found that the routing through the 
model was described accurately. We provide an 
excerpt from the response in Box 5.

9.2.3. Documenting model code
We informally tested the ability of LLM’s to gener
ate code documentation for stage 1 models. 
Specifically we issued the prompt “Write PEP257 
compliant docstrings for all functions, classes and 
methods. Provide a brief description of the purpose 
of the code, document parameter and return val
ues.” The generated output was promising and likely 
warrants further investigation. We provide an 
example output in online Appendix F.

9.3. General risks presented by LLM for coding 
python models

As we have already outlined, LLMs make mistakes 
when coding. For the immediate future, we caution 
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all users that no code generated by an AI tool should 
be trusted at face value. Our testing and code differ
encing procedures were essential to identify these 
errors, as they could be subtle and easily missed with 
casual inspection. For example, a critical line of stroke 
patient routing logic was removed in Stage 1 iteration 
3 (fixed via a prompt in iteration 11). Although verifi
cation is recommended in all DES textbooks as a hall
mark of study quality, formal verification of model 
code is rarely reported in the DES literature (Zhang 
et al., 2020). Our findings reinforce this message and 
we recommend all authors who make use of 
Generative AI write and publish formal tests of their 
models alongside their model.

A secondary recommendation for users building or 
generating FOSS models is to make use of simple user 
interfaces for informal testing. We recognise that the 
time to test models in a real simulation study is lim
ited. In our study we found that the generation of a 
basic streamlit user interface in addition to our formal 
design of tests was productive. Specifically, this pro
vided a quick way to conduct combinations of 
extreme value tests. As an example, this allowed us to 
identify an error in the logic to generate result charts 
from the stroke model (fixed in Stage 1 iteration 30).

9.4. The replicability of the reported models

Generative AI is most suitable for model development 
when (a) a clear, structured conceptual model exists, 
(b) the modelling task can be decomposed into well- 

defined, promptable steps, and (c) the user possesses 
sufficient domain and technical expertise to iteratively 
test, validate, and refine the generated code. It is less 
suitable when model requirements are highly ambigu
ous, require extensive engagement and/or tacit know
ledge, or when high-stakes, safety-critical validation is 
needed. This theoretical framework aligns with estab
lished decision-making models for AI adoption in 
operational research contexts (Frydenlund et al., 2024; 
Jackson et al., 2024) and provides explicit guidance for 
practitioners considering generative AI for simulation 
model development. Just like our two selected aca
demic papers, the vast majority of DES healthcare 
models published in the academic literature take the 
form of a natural language description (with diagrams 
in some cases) and no coded model is available 
(Monks & Harper, 2023a). The ability to replicate 
computer models and results reported in the literature 
(DES and from other related methods) has long been 
a concern for the community (Grimm et al., 2020; 
McManus et al., 2019; Schwander et al., 2021). We 
found that we were unable to fully replicate the 
reported results of one of the models. The primary 
reason for the difference we believe is straightforward: 
we did not have access to the empirical distributions 
used in the original study and we were forced to 
make an assumption (albeit one alluded to as an alter
native in the original paper). We believe that the 
design of the recreated model is still faithful to the ori
ginal work and if the original parameters were 
reported, we hypothesise that replication of the experi
ments we tested would have been successful. While 
this may seem a minor discrepancy, we note that we 
cannot fully verify the model is a recreation of the ori
ginal work without this data. To improve replication 
success, our recommendation is therefore that authors 
provide full verification data to support narrative 
descriptions of their models. Formal guidance on doc
umenting models exists elswhere (Monks et al., 2019; 
Zhang et al., 2020). A specific example reporting con
tinuous and discrete empirical distribution functions 
can be seen in the online supplementary material that 
accompanies Lahr et al. (2013).

9.5. Limitations and further work

A limitation of our study is that we only investi
gated coding models in Python and SimPy and fur
ther limited this to two simulation models. This 
narrow focus allowed us to increase the complexity 
of simulation coding tasks in a way that was above 
prior studies and to include an internal repetition to 
investigate reproducibility. A natural extension to 
this work would be to investigate generation of 
models in the other popular FOSS language for 
DES: R and RSimmer.

Box 5. Generated description of the critical care unit model (using 
the persona pattern for an Elective Patient).

Summary of potential journeys
As an elective surgery patient, my journey through the simulation 
model can either result in successful admission, surgery, recovery, 
and discharge, or in the cancellation of my surgery due to a lack 
of available beds. Here’s a condensed view of both paths:
Successful admission and treatment

� Arrival ! Bed Request ! Bed Available ! Admission !
Surgery and Recovery ! Discharge and Cleaning 

Surgery cancellation

� Arrival ! Bed Request ! No Bed Available ! Surgery 
Cancellation 

Implications for the simulation
These paths are critical in understanding the performance of the 
critical care unit. My journey as an elective surgery patient affects:

� Bed Utilization: The time I spend in the bed contributes to 
overall bed utilization metrics. 

� Bed Occupancy: My admission impacts bed occupancy rates. 

� Surgery Cancellations: If my surgery is cancelled, it adds to 
the count of cancelled elective operations, providing insight 
into the hospital’s capacity challenges. 
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The study was also limited to two modellers that 
tested an iterative process to model coding. 
Although the prompt engineering process we fol
lowed was successful, other modellers may not wish 
to design their models in such an iterative manner. 
We did not formally test an all-in-one prompt 
approach but, given the challenges in catching hallu
cinations and mistakes, we would caution against 
such a strategy in practice.

Finally, we limited our formal investigation to the 
free tier of a single AI tool – Perplexity.AI’s stand
ard model – during a period in 2024 and cannot 
evidence generalisability to other popular tools. Our 
informal testing leads us to speculate that our find
ings should translate to paid tiers of services such as 
Perplexity that offer access to larger models or 
recent models with reasoning capabilities (e.g., GPT- 
4.5, Claude 3.7 or DeepSeek-R1). We expect these 
larger models to be at least as good as the tool we 
used and still advise rigorous testing of any simula
tion code they generate.

Looking to the future, we note that the growing 
presence of AI-generated content on the internet is 
of increasing concern (Xing et al., 2025). The poten
tial challenges it poses, especially concerning the 
training of LLMs on AI-generated content, raise 
concerns about “model collapse,” a degenerative 
process where models trained predominantly on 
synthetic data experience performance degradation. 
This occurs because models recursively learn from 
outputs that may contain errors or biases, leading to 
a decline in quality over successive training itera
tions (Shumailov et al., 2024; Wenger, 2024). Future 
work for the modelling and simulation community 
may have to consider the need for careful curation 
of quality simulation training datasets to maintain 
integrity and performance.

10. Conclusions

This study explored the feasibility of using genera
tive AI to recreate published DES models in health
care. Our findings suggest that it is possible to 
generate DES models in FOSS using engineered 
prompts derived from narrative descriptions, as 
demonstrated by our recreation of two published 
healthcare models in Python. These models passed 
human-developed verification tests and incorporated 
simple user interfaces. This study also revealed not
able challenges associated with generative AI, 
including issues with prompt engineering, code gen
eration, and model testing. While we successfully 
generated, validated, and reproduced these models, 
our experience underscores the importance of itera
tive refinement, systematic approaches to model dif
ferencing and code testing, and domain expertise in 

DES modelling, FOSS, and healthcare. These find
ings provide valuable insight into the promise and 
limitations of generative AI for healthcare model
ling, but further research is needed to fully under
stand its broader applicability and scalability.

Notes 

01. https://book.fosteropenscience.eu/
02. https://chatgpt.com/.
03. https://chatgpt.com/
04. http://perplexity.ai/
05. https://claude.ai
06. https://gemini.google.com/
07. https://copilot.github.com
08. https://llama.meta.com/code-llama
09. https://github.com/google-research/google-research/ 

tree/master/mbpp
10. https://iseesystems.com
11. https://anaconda.org/anaconda/conda
12. https://jupyterbook.org
13. http://zenodo.org/
14. http://github.com/
15. https://stackoverflow.com/
16. https://www.simul8.com/
17. https://www.rockwellautomation.com/en-gb/ 

products/software/arena-simulation.html
18. https://www.microsoft.com/en-gb/microsoft-365/ 

excel

Disclosure statement

No potential conflict of interest was reported by the 
authors.

Funding

This work is supported by the NIHR Applied Research 
Collaboration South West Peninsula. The views expressed 
in this publication are those of the author(s) and not 
necessarily those of the NIHR or the Department of 
Health and Social Care. This work was supported by the 
Medical Research Council [MR/Z503915/1].

ORCID

Thomas Monks http://orcid.org/0000-0003-2631-4481 
Alison Harper http://orcid.org/0000-0001-5274-5037 
Amy Heather http://orcid.org/0000-0002-6596-3479 

Data availability statement

All prompts, code and other artefacts used in this study 
have been archived on Zenodo. Links to artefacts are pro
vided in Table 3.

References

Akhavan, A., & Jalali, M. S. (2024). Generative ai and 
simulation modelling: How should you (not) use large 
language models like chatGPT. System Dynamics 
Review, 40(3). https://onlinelibrary.wiley.com/doi/abs/ 
10.1002/sdr.1773 https://doi.org/10.1002/sdr.1773

JOURNAL OF THE OPERATIONAL RESEARCH SOCIETY 21

https://book.fosteropenscience.eu/
https://chatgpt.com/.
https://chatgpt.com/
http://perplexity.ai/
https://claude.ai
https://gemini.google.com/
https://copilot.github.com
https://llama.meta.com/code-llama
https://github.com/google-research/google-research/tree/master/mbpp
https://github.com/google-research/google-research/tree/master/mbpp
https://iseesystems.com
https://anaconda.org/anaconda/conda
https://jupyterbook.org
http://zenodo.org/
http://github.com/
https://stackoverflow.com/
https://www.simul8.com/
https://www.rockwellautomation.com/en-gb/products/software/arena-simulation.html
https://www.rockwellautomation.com/en-gb/products/software/arena-simulation.html
https://www.microsoft.com/en-gb/microsoft-365/excel
https://www.microsoft.com/en-gb/microsoft-365/excel
https://onlinelibrary.wiley.com/doi/abs/10.1002/sdr.1773
https://onlinelibrary.wiley.com/doi/abs/10.1002/sdr.1773
https://doi.org/10.1002/sdr.1773


Allen, M., Bhanji, A., Willemsen, J., Dudfield, S., Logan, 
S., & Monks, T. (2020). A simulation modelling toolkit 
for organising outpatient dialysis services during the 
covid-19 pandemic. PLoS One, 15(8), e0237628. https:// 
doi.org/10.1371/journal.pone.0237628

Austin, J., Odena, A., Nye, M., Bosma, M., Michalewski, 
H., Dohan, D., Sutton, C. (2021). Program synthesis 
with large language models. Retrieved from https:// 
arxiv.org/abs/2108.07732

Ayll�on, D., Railsback, S. F., Gallagher, C., Augusiak, J., 
Baveco, H., & Berger, U. V. (2021). Keeping modelling 
notebooks with trace: Good for you and good for envi
ronmental research and management support. 
Environmental Modelling & Software, 136, 104932. 
Retrieved 2024, May 13, from https://www.sciencedir
ect.com/science/article/pii/S1364815220309890 https:// 
doi.org/10.1016/j.envsoft.2020.104932

Barnett, S., Kurniawan, S., Thudumu, S., Brannelly, Z., 
Abdelrazek, M. (2024). Seven failure points when engin
eering a retrieval augmented generation system. 
Retrieved from https://arxiv.org/abs/2401.05856

Bezjak, S., Clyburne-Sherin, A., Conzett, P., Fernandes, P., 
G€or€ogh, E., Helbig, K., & Heller, L. (2018). Open sci
ence training handbook. Zenodo. Retrieved from 
https://doi.org/10.5281/zenodo.1212496 doi:

Brown, T. B., Mann, B., Ryder, N., Subbiah, M., Kaplan, 
J., Dhariwal, P., Amodei, D. (2020). Language models 
are few-shot learners. Retrieved from https://arxiv.org/ 
abs/2005.14165

Campos, A. T., Gabriel, G. T., Torres, A. F., Santos, 
C. H. d., & Montevechi, J. A. B. (2023). Integrating 
computer simulation and the normalized normal con
straint method to plan a temporary hospital for covid- 
19 patients. Journal of the Operational Research Society, 
74(2), 562–573. https://doi.org/10.1080/01605682.2022. 
2083989

Casper, S., Davies, X., Shi, C., Gilbert, T. K., Scheurer, J., 
Rando, J., Hadfield-Menell, D. (2023). Open problems 
and fundamental limitations of reinforcement learning 
from human feedback. Retrieved from https://arxiv.org/ 
abs/2307.15217

Chen, M., Tworek, J., Jun, H., Yuan, Q., de Oliveira 
Pinto, H. P., Kaplan, J., Zaremba, W. (2021). 
Evaluating large language models trained on code. 
Retrieved from https://arxiv.org/abs/2107.03374

Davies, R., & Brooks, R. J. (2007). Stream correlations in 
multiple recursive and congruential generators. Journal 
of Simulation, 1(2), 131–135. Retrieved from https:// 
doi.org/10.1057/palgrave.jos.4250013

DeepSeek, A. I., Guo, D., Yang, D., Zhang, H., Song, J., 
Zhang, R., Zhang, Z. (2025). Deepseek-r1: Incentivizing 
reasoning capability in LLMS via reinforcement learning. 
Retrieved from https://arxiv.org/abs/2501.12948

Dou, S., Jia, H., Wu, S., Zheng, H., Zhou, W., & Wu, M. 
(2024). What’s wrong with your code generated by 
large language models? an extensive study. arXiv pre
print arXiv:2407.06153.

Farquhar, S., Kossen, J., Kuhn, L., & Gal, Y. (2024). 
Detecting hallucinations in large language models using 
semantic entropy. Nature, 630(8017), 625–630. Retrieved 
from https://doi.org/10.1038/s41586-024-07421-0

Forbus, J. J., & Berleant, D. (2022). Discrete-event simula
tion in healthcare settings: A review. Modelling, 3(4), 
417–433. https://doi.org/10.3390/modelling3040027

Frydenlund, E., Mart�ınez, J., Padilla, J. J., Palacio, K., & 
Shuttleworth, D. (2024). Modeler in a box: How can 
large language models aid in the simulation modeling 

process? SIMULATION, 100(7), 727–749. https://doi. 
org/10.1177/00375497241239360

Gentleman, R., & Lang, D. T. (2007). Statistical analyses and 
reproducible research. Journal of Computational and 
Graphical Statistics, 16(1), 1–23. Retrieved 2024, May 17, 
from (eprint: https://doi.org/10.1198/106186007X178663) 
https://doi.org/10.1198/106186007X178663

Giabbanelli, P. J. (2024). Gptbased models meet simula
tion: How to efficiently use large-scale pre-trained lan
guage models across simulation tasks. In Proceedings of 
the Winter Simulation Conference (p. 2920–2931.). 
IEEE Press.

Giabbanelli, P. J., Beverley, J., David, I., & Tolk, A. 
(2025). From over-reliance to smart integration: Using 
large-language models as translators between special
ized modeling and simulation tools. arXiv Preprint, 
arXiv:2506.11141.

Giabbanelli, P. J., Padilla, J. J., & Agrawal, A. (2024). 
Broadening access to simulations for endusers via large 
language models: Challenges and opportunities [Paper 
presentation]. In 2024 Winter Simulation Conference 
(WSC) (pp. 2535–2546). https://doi.org/10.1109/ 
WSC63780.2024.10838754

Gjerloev, A., Crowe, S., Pagel, C., Jani, Y., & Grieco, L. 
(2024). A systematic review of simulation methods 
applied to cancer care services. Health Systems, 13(4), 
274–294. https://doi.org/10.1080/20476965.2024.2322451

Griffiths, J. D., Jones, M., Read, M. S., & Williams, J. E. 
(2010). A simulation model of bed-occupancy in a crit
ical care unit. Journal of Simulation, 4(1), 52–59. 
Retrieved from https://doi.org/10.1057/jos.2009.22

Grimm, V., Railsback, S. F., Vincenot, C. E., Berger, U., 
Gallagher, C., DeAngelis, D. L., Edmonds, B., Ge, J., 
Giske, J., Groeneveld, J., Johnston, A. S. A., Milles, A., 
Nabe-Nielsen, J., Polhill, J. G., Radchuk, V., Rohw€ader, 
M.-S., Stillman, R. A., Thiele, J. C., & Ayll�on, D. 
(2020). The odd protocol for describing agent-based 
and other simulation models: A second update to 
improve clarity, replication, and structural realism. 
Journal of Artificial Societies and Social Simulation, 
23(2). https://doi.org/10.18564/jasss.4259

Harper, A., & Mustafee, N. (2023). Strategic resource 
planning of endoscopy services using hybrid modelling 
for future demographic and policy change. Journal of 
the Operational Research Society, 74(5), 1286–1299. 
https://doi.org/10.1080/01605682.2022.2078675

Harper, A., Monks, T., Wilson, R., Redaniel, M. T., Eyles, 
E., Jones, T., Penfold, C., Elliott, A., Keen, T., Pitt, M., 
Blom, A., Whitehouse, M. R., & Judge, A. (2023). 
Development and application of simulation modelling 
for orthopaedic elective resource planning in England. 
BMJ Open, 13(12), e076221. https://doi.org/10.1136/ 
bmjopen-2023-076221

Harris, C. R., Millman, K. J., van der Walt, S. J., 
Gommers, R., Virtanen, P., Cournapeau, D., Wieser, E., 
Taylor, J., Berg, S., Smith, N. J., Kern, R., Picus, M., 
Hoyer, S., van Kerkwijk, M. H., Brett, M., Haldane, A., 
Del R�ıo, J. F., Wiebe, M., Peterson, P., … Oliphant, 
T. E. (2020). Array programming with NumPy. Nature, 
585(7825), 357–362. Retrieved from https://doi.org/10. 
1038/s41586-020-2649-2

Hou, X., Zhao, Y., Liu, Y., Yang, Z., Wang, K., Li, L., & 
Wang, H. (2024, December). Large language models for 
software engineering: A systematic literature review. 
(Vol. 33) (No.8). Association for Computing 
Machinery. Retrieved from https://doi.org/10.1145/ 
3695988.

22 T. MONKS ET AL.

https://doi.org/10.1371/journal.pone.0237628
https://doi.org/10.1371/journal.pone.0237628
https://arxiv.org/abs/2108.07732
https://arxiv.org/abs/2108.07732
https://www.sciencedirect.com/science/article/pii/S1364815220309890
https://www.sciencedirect.com/science/article/pii/S1364815220309890
https://doi.org/10.1016/j.envsoft.2020.104932
https://doi.org/10.1016/j.envsoft.2020.104932
https://arxiv.org/abs/2401.05856
https://doi.org/10.5281/zenodo.1212496
https://arxiv.org/abs/2005.14165
https://arxiv.org/abs/2005.14165
https://doi.org/10.1080/01605682.2022.2083989
https://doi.org/10.1080/01605682.2022.2083989
https://arxiv.org/abs/2307.15217
https://arxiv.org/abs/2307.15217
https://arxiv.org/abs/2107.03374
https://doi.org/10.1057/palgrave.jos.4250013
https://doi.org/10.1057/palgrave.jos.4250013
https://arxiv.org/abs/2501.12948
https://doi.org/10.1038/s41586-024-07421-0
https://doi.org/10.3390/modelling3040027
https://doi.org/10.1177/00375497241239360
https://doi.org/10.1177/00375497241239360
https://doi.org/10.1198/106186007X178663
https://doi.org/10.1198/106186007X178663
https://doi.org/10.1109/WSC63780.2024.10838754
https://doi.org/10.1109/WSC63780.2024.10838754
https://doi.org/10.1080/20476965.2024.2322451
https://doi.org/10.1057/jos.2009.22
https://doi.org/10.18564/jasss.4259
https://doi.org/10.1080/01605682.2022.2078675
https://doi.org/10.1136/bmjopen-2023-076221
https://doi.org/10.1136/bmjopen-2023-076221
https://doi.org/10.1038/s41586-020-2649-2
https://doi.org/10.1038/s41586-020-2649-2
https://doi.org/10.1145/3695988
https://doi.org/10.1145/3695988


Huang, L., Yu, W., Ma, W., Zhong, W., Feng, Z., Wang, 
H., Liu, T. (2023). A survey on hallucination in large 
language models: Principles, taxonomy, challenges, and 
open questions. Retrieved from https://arxiv.org/abs/ 
2311.05232

Jackson, I., Saenz, M. J., & Ivanov, D. (2024). From natu
ral language to simulations: Applying AI to automate 
simulation modelling of logistics systems. International 
Journal of Production Research, 62(4), 1434–1457. 
Retrieved from https://doi.org/10.1080/00207543.2023. 
2276811

Ji, Z., Lee, N., Frieske, R., Yu, T., Su, D., Xu, Y., & Fung, 
P. (2023). mar Survey of hallucination in natural lan
guage generation. ACM Computing Surveys, 12, 55. 
Retrieved from https://doi.org/10.1145/3571730

Jiang, X., Dong, Y., Wang, L., Fang, Z., Shang, Q., Li, G., 
Jiao, W. (2024). Self-planning code generation with large 
language models. Retrieved from https://arxiv.org/abs/ 
2303.06689

Kaufman, S., Rosset, S., Perlich, C., & Stitelman, O. 
(2012).) Leakage in data mining: Formulation, detec
tion, and avoidance. ACM Transactions on Knowledge 
Discovery from Data, 6(4), 1–21. Retrieved from 
https://doi.org/10.1145/2382577.2382579

Khot, T., Trivedi, H., Finlayson, M., Fu, Y., Richardson, 
K., Clark, P., Sabharwal, A. (2023). Decomposed 
prompting: A modular approach for solving complex 
tasks. Retrieved from https://arxiv.org/abs/2210.02406

Koca, G., Kumar, M., & Kamal, N. (2024). A systematic 
review of computer simulation modelling methods in 
optimizing acute ischemic stroke treatment services. 
IISE Transactions on Healthcare Systems Engineering, 
14(3), 249–263. https://doi.org/10.1080/24725579.2024. 
2322959

Lahr, M. M., van der Zee, D.-J., Luijckx, G.-J., Vroomen, 
P. C., & Buskens, E. (2013). A simulation-based 
approach for improving utilization of thrombolysis in 
acute brain infarction. Medical Care, 51(12), 1101– 
1105. https://doi.org/10.1097/MLR.0b013e3182a3e505

Lewis, P., Perez, E., Piktus, A., Petroni, F., Karpukhin, V., 
Goyal, N., Kiela, D. (2021). Retrieval-augmented gener
ation for knowledge-intensive NLP tasks. Retrieved from 
https://arxiv.org/abs/2005.11401

Liu, P., Yuan, W., Fu, J., Jiang, Z., Hayashi, H., Neubig, 
G. (2021). Pre-train, prompt, and predict: A systematic 
survey of prompting methods in natural language proc
essing. Retrieved from https://arxiv.org/abs/2107.13586

Liu, S., Li, Y., Triantis, K. P., Xue, H., & Wang, Y. 
(2020). The diffusion of discrete event simulation 
approaches in health care management in the past 
four decades: A comprehensive review. MDM Policy 
& Practice, 5(1), 2381468320915242. https://doi.org/ 
10.1177/2381468320915242

McManus, E., Turner, D., & Sach, T. (2019). Can you 
repeat that? exploring the definition of a successful 
model replication in health economics. 
PharmacoEconomics, 37(11), 1371–1381. https://doi.org/ 
10.1007/s40273-019-00836-y

Monks, T., & Harper, A. (2023a). Computer model and 
code sharing practices in healthcare discrete-event 
simulation: A systematic scoping review. Journal of 
Simulation, 19(1), 108–123. Retrieved from https://doi. 
org/10.1080/17477778.2023.2260772

Monks, T., & Harper, A. (2023b). Improving the usability 
of open health service delivery simulation models using 
python and web apps. NIHR Open Research, 3, 48. 

Retrieved from https://doi.org/10.3310/nihropenres. 
13467.1

Monks, T., & Harper, A. (2023c, July) SimPy and 
StreamLit tutorial materials for healthcare discrete-event 
simulation. Zenodo. Retrieved from https://doi.org/10. 
5281/zenodo.8193001 doi:

Monks, T., Currie, C. S. M., Onggo, B. S., Robinson, S., 
Kunc, M., & Taylor, S. J. E. (2019). Strengthening the 
reporting of empirical simulation studies: Introducing 
the stress guidelines. Journal of Simulation, 13(1), 55– 
67. Retrieved from https://doi.org/10.1080/17477778. 
2018.1442155

Monks, T., Harper, A., & Mustafee, N. (2024). Towards 
sharing tools and artefacts for reusable simulations in 
healthcare. Journal of Simulation, 1–20. https://doi.org/ 
10.1080/17477778.2024.2347882

Monks, T., Worthington, D., Allen, M., Pitt, M., Stein, K., 
& James, M. A. (2016). A modelling tool for capacity 
planning in acute and community stroke services. BMC 
Health Services Research, 16(1), 530. Retrieved from 
https://doi.org/10.1186/s12913-016-1789-4

Olea, C., Tucker, H., Phelan, J., Pattison, C., Zhang, S., 
Lieb, M., White, J. (2024). Evaluating persona prompt
ing for question answering tasks. In Proceedings of the 
10th International Conference on Artificial Intelligence 
and Soft Computing, Sydney, Australia.

Ouda, E., Sleptchenko, A., & Simsekler, M. C. E. (2023). 
Comprehensive review and future research agenda on 
discrete-event simulation and agent-based simulation of 
emergency departments. Simulation Modelling Practice 
and Theory, 129, 102823. https://doi.org/10.1016/j.sim
pat.2023.102823

Penn, M., & Viana, J. (2025). Infant care transfers: 
Simulating neonatal infant pathways and transfers 
across a neonatal network. Journal of the Operational 
Research Society, 76(9), 1731–1748. https://doi.org/10. 
1080/01605682.2024.2442503

Plooy, C. d., & Oosthuizen, R. (2023). AI usefulness in 
systems modelling and simulation: GPT-4 application. 
South African Journal of Industrial Engineering, 34(3), 
286–303. Retrieved 2023, December 26, from https:// 
sajie.journals.ac.za/pub/article/view/2944 https://doi.org/ 
10.7166/34-3-2944

Pornprasit, C., & Tantithamthavorn, C. (2024). Fine-tun
ing and prompt engineering for large language models- 
based code review automation. Information and 
Software Technology, 175, 107523. https://doi.org/10. 
1016/j.infsof.2024.107523

Radford, A., Narasimhan, K. (2018). Improving lan
guage understanding by generative pre-training. 
Retrieved from https://api.semanticscholar.org/ 
CorpusID:49313245

Robinson, S. (2008). Conceptual modelling for simulation 
part ii: A framework for conceptual modelling. Journal 
of the Operational Research Society, 59(3), 291–304. 
https://doi.org/10.1057/palgrave.jors.2602369

Salmon, A., Rachuba, S., Briscoe, S., & Pitt, M. (2018). A 
structured literature review of simulation modelling 
applied to emergency departments: Current patterns 
and emerging trends. Operations Research for Health 
Care, 19, 1–13. https://doi.org/10.1016/j.orhc.2018.01. 
001

Schwander, B., Nuijten, M., Evers, S., & Hiligsmann, M. 
(2021). Replication of published health economic obes
ity models: Assessment of facilitators, hurdles and 
reproduction success. PharmacoEconomics, 39(4), 433– 
446. Retrieved 2024, May 15, from https://www.ncbi. 

JOURNAL OF THE OPERATIONAL RESEARCH SOCIETY 23

https://arxiv.org/abs/2311.05232
https://arxiv.org/abs/2311.05232
https://doi.org/10.1080/00207543.2023.2276811
https://doi.org/10.1080/00207543.2023.2276811
https://doi.org/10.1145/3571730
https://arxiv.org/abs/2303.06689
https://arxiv.org/abs/2303.06689
https://doi.org/10.1145/2382577.2382579
https://arxiv.org/abs/2210.02406
https://doi.org/10.1080/24725579.2024.2322959
https://doi.org/10.1080/24725579.2024.2322959
https://doi.org/10.1097/MLR.0b013e3182a3e505
https://arxiv.org/abs/2005.11401
https://arxiv.org/abs/2107.13586
https://doi.org/10.1177/2381468320915242
https://doi.org/10.1177/2381468320915242
https://doi.org/10.1007/s40273-019-00836-y
https://doi.org/10.1007/s40273-019-00836-y
https://doi.org/10.1080/17477778.2023.2260772
https://doi.org/10.1080/17477778.2023.2260772
https://doi.org/10.3310/nihropenres.13467.1
https://doi.org/10.3310/nihropenres.13467.1
https://doi.org/10.5281/zenodo.8193001
https://doi.org/10.5281/zenodo.8193001
https://doi.org/10.1080/17477778.2018.1442155
https://doi.org/10.1080/17477778.2018.1442155
https://doi.org/10.1080/17477778.2024.2347882
https://doi.org/10.1080/17477778.2024.2347882
https://doi.org/10.1186/s12913-016-1789-4
https://doi.org/10.1016/j.simpat.2023.102823
https://doi.org/10.1016/j.simpat.2023.102823
https://doi.org/10.1080/01605682.2024.2442503
https://doi.org/10.1080/01605682.2024.2442503
https://sajie.journals.ac.za/pub/article/view/2944
https://sajie.journals.ac.za/pub/article/view/2944
https://doi.org/10.7166/34-3-2944
https://doi.org/10.7166/34-3-2944
https://doi.org/10.1016/j.infsof.2024.107523
https://doi.org/10.1016/j.infsof.2024.107523
https://api.semanticscholar.org/CorpusID:49313245
https://api.semanticscholar.org/CorpusID:49313245
https://doi.org/10.1057/palgrave.jors.2602369
https://doi.org/10.1016/j.orhc.2018.01.001
https://doi.org/10.1016/j.orhc.2018.01.001
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC8009773/


nlm.nih.gov/pmc/articles/PMC8009773/ https://doi.org/ 
10.1007/s40273-021-01008-7

Shrestha, A., Mielke, K., Nguyen, T. A., & Giabbanelli, 
P. J. (2022). Automatically explaining a model: Using 
deep neural networks to generate text from causal maps 
In [Paper presentation]. 2022 Winter Simulation 
Conference (WSC) (pp. 2629–2640). https://doi.org/10. 
1109/WSC57314.2022.10015446

Shumailov, I., Shumaylov, Z., Zhao, Y., Papernot, N., 
Anderson, R., & Gal, Y. (2024). Ai models collapse 
when trained on recursively generated data. Nature, 
631(8022), 755–759. https://doi.org/10.1038/s41586- 
024-07566-y

Shuster, K., Poff, S., Chen, M., Kiela, D., Weston, J. 
(2021). Retrieval augmentation reduces hallucination in 
conversation. Retrieved from https://arxiv.org/abs/2104. 
07567

Soorapanth, S., Eldabi, T., & Young, T. (2023). Towards a 
framework for evaluating the costs and benefits of 
simulation modelling in healthcare. Journal of the 
Operational Research Society, 74(3), 637–646. https:// 
doi.org/10.1080/01605682.2022.2064780

Streamlit. (2025). Streamlit: The fastest way to build data 
apps. Retrieved 2025, February 14, from https://stream
lit.io/

Team SimPy. (2024). Simpy documentation. Retrieved 
2025, February 14, from https://simpy.readthedocs.io/ 
en/latest/

Tolk, A. (2024). Hybrid modeling integrating artificial 
intelligence and modeling & simulation paradigms 
[Paper presentation]. 2024 Winter Simulation 
Conference (WSC), (pp. 1271–1280). https://doi.org/ 
10.1109/WSC63780.2024.10838942

Vaswani, A., Shazeer, N., Parmar, N., Uszkoreit, J., Jones, 
L., Gomez, A. N., Polosukhin, I. (2023). Attention is all 
you need. Retrieved from https://arxiv.org/abs/1706. 
03762

V�azquez-Serrano, J. I., Peimbert-Garc�ıa, R. E., & 
C�ardenas-Barr�on, L. E. (2021). Discrete-event simula
tion modeling in healthcare: A comprehensive review. 
International Journal of Environmental Research and 
Public Health, 18(22), 12262. https://doi.org/10.3390/ 
ijerph182212262

Wang, T., Zhou, N., & Chen, Z. (2024). Enhancing com
puter programming education with LLMS: A study on 
effective prompt engineering for python code gener
ation. arXiv Preprint, arXiv:2407.05437.

Wenger, E. (2024). Ai produces gibberish when trained 
on too much ai-generated data. Nature, 631(8022), 
742–743. https://doi.org/10.1038/d41586-024-02355-z

White, J., Fu, Q., Hays, S., Sandborn, M., Olea, C., 
Gilbert, H., Schmidt, D. C. (2023). A prompt pattern 
catalog to enhance prompt engineering with chatGPT. 
Retrieved from https://arxiv.org/abs/2302.11382

Xing, X., Shi, F., Huang, J., Wu, Y., Nan, Y., Zhang, S., 
Fang, Y., Roberts, M., Sch€onlieb, C.-B., Del Ser, J., & 
Yang, G. (2025). On the caveats of AI autophagy. 
Nature Machine Intelligence, 7(2), 172–180. https://doi. 
org/10.1038/s42256-025-00984-1

Xu, C., Guan, S., Greene, D., Kechadi, M.-T. (2024). 
Benchmark data contamination of large language mod
els: A survey. Retrieved from https://arxiv.org/abs/2406. 
04244

Xu, Z., Jain, S., Kankanhalli, M. (2024). Hallucination is 
inevitable: An innate limitation of large language mod
els. Retrieved from https://arxiv.org/abs/2401.11817

Yakutcan, U., Demir, E., Hurst, J. R., & Taylor, P. C. 
(2022). Patient pathway modelling using discrete event 
simulation to improve the management of COPD. 
Journal of the Operational Research Society, 73(4), 754– 
778. https://doi.org/10.1080/01605682.2020.1854626

Yao, S., Zhao, J., Yu, D., Du, N., Shafran, I., Narasimhan, 
K., Cao, Y. (2023). React: Synergizing reasoning and 
acting in language models. Retrieved from https://arxiv. 
org/abs/2210.03629
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