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Abstract.  This study investigates the application of Large 
Language Models (LLMs) for structured information ex-
traction in the context of simulation modelling. Specifi-
cally, the performance of Meta-Llama-3-70B-Instruct was 
evaluated in extracting simulation model components —
such as sources, process steps, and parameters — from 
unstructured textual descriptions of logistics systems.  
The evaluation compared zero-shot and few-shot prompt-
ing strategies and analysed model consistency across 50 
repeated runs per prompt configuration. Metrics such as 
precision, recall, and F1-score were computed using fuzzy 
string matching. Results show that few-shot prompting 
improves extraction performance overall, with statistically 
significant gains in categories such as model parameters 
and sources.  
However, inconsistent effects were observed for other 
categories, including a decrease in key metrics identifica-
tion. Variability analysis using the coefficient of variation 
revealed differing levels of output stability across catego-
ries and prompts.  
The findings indicate that few-shot prompting with care-
fully chosen examples enhances model reliability but may 
introduce risks of hallucinated outputs and prompt-spe-
cific overfitting. Recommendations are provided for 
prompt engineering in simulation modelling applications. 
Future work will consider other LLM architectures, dy-
namic prompt selection, and integration of external vali-
dation mechanisms. 
 

Introduction 
Simulation modelling is a cornerstone in analysing and 
optimising complex systems, yet practitioners frequently 
face challenges when translating unstructured or inade-
quately structured information and data into coherent for-
mal model representations [2]. Traditionally, practition-
ers in simulation modelling invest considerable manual 
effort to meticulously extract crucial model elements 
from extensive textual descriptions. This manual trans-
formation process is time-consuming, labour-intensive, 
and prone to inconsistencies due to subjective interpreta-
tion and varying levels of expertise [10]. 

Structured information extraction from unstructured 
text has long been a central challenge in natural language 
processing. Traditional approaches—such as rule-based 
systems, pattern matching, and supervised machine 
learning—sought to automate this task by encoding ex-
pert knowledge or training models on large, labelled da-
tasets [4]. However, these methods typically require sig-
nificant domain expertise, extensive manual rule crea-
tion, or substantial annotated data. Consequently, they 
tend to lack adaptability, struggle to generalise across do-
mains, and often require considerable recalibration to re-
main effective in new or evolving contexts [4, 10].   

The emergence of Large Language Models (LLMs) 
marks a transformative shift in the field of natural lan-
guage processing. Pre-trained on massive text corpora, 
LLMs demonstrate remarkable capabilities in under-
standing context, generating human-like text, and per-
forming complex tasks with minimal domain-specific 
training, often through in-context learning or fine-tuning 
[8, 11].  

 
 
 

SNE 36(3), 2026, 123-129, DOI: 10.11128/sne.36.tn.10782 
Selected ASIM SPL 2025 Postconf. Publication: 2026-02-15 
Received Revised Extended: 2026-05-27; Accepted: 2026-07-20 
SNE - Simulation Notes Europe, ARGESIM Publisher Vienna 
ISSN Print 2305-9974, Online 2306-0271, www.sne-journal.org 



Brunschwiler et al.   Enhancing Information Extraction for Simulation Modelling Using LLMs 

124       SNE 36(3) – 9/2026 

T N 
Recent research has increasingly explored their po-

tential for structured data extraction across various do-
mains. For example, the “ExtractGPT” approach shows 
that LLMs can extract product attributes from textual de-
scriptions with limited training data, achieving competi-
tive performance [3]. Similarly, fine-tuned LLMs have 
been applied to complex scientific texts, highlighting 
their versatility and robustness in extracting structured 
information from unstructured input [4].  

These capabilities are particularly valuable in do-
mains such as Model-Driven Engineering (MDE) and 
Discrete-Event Simulation (DES), where formalizing 
textual system descriptions is a critical step in model con-
struction [17]. 

Prompt engineering has emerged as a critical factor in 
optimising LLM performance [15]. The way a task is pre-
sented to an LLM — including the instructions, the in-
clusion of examples (few-shot prompting), and the over-
all prompt structure — can significantly influence output 
quality and accuracy. White et al. [15] compiled a cata-
logue of prompt patterns, offering a systematic approach 
to designing effective prompts for various tasks, includ-
ing information extraction. 

In the field of simulation modelling, the use of Artifi-
cial Intelligence (AI) and Large Language Models 
(LLMs) is steadily increasing. For example, AI has been 
applied to generate syntactically and functionally valid 
simulation models of logistics systems from natural lan-
guage descriptions in the form of Python code [8]. How-
ever, these approaches often lack systematic evaluation 
regarding the quality and robustness of the generated 
models. Similarly, LLMs have been used in multi-agent 
systems to support model parameterisation within Digital 
Twins, suggesting their potential to streamline simulation 
workflows [16].  

Nevertheless, while these developments point to a 
broader applicability of LLMs in simulation modelling, 
detailed investigations into the extraction of model com-
ponents—such as sources, processes, parameters, and 
performance metrics—from textual descriptions remain 
limited. 

This study investigates the capabilities of a state-of-
the-art LLM, specifically Meta-Llama-3-70B-Instruct [1, 
6], in extracting model elements from natural-language 
descriptions of logistic systems, thought of as a first step 
towards deriving model specifications from unstructured 
system information.  

 
 

It aims to answer three main questions: 
1. How accurately can the LLM identify and extract 

components of simulation models from various 
texts that describe logistics systems? 

2. How do different prompting strategies—ranging 
from zero-shot to few-shot with illustrative ex-
amples—influence extraction quality? 

3. How consistent are the LLM outputs across re-
peated executions of identical prompts, and 
which implications thereof follow the model's in-
herent robustness and reliability for practical ap-
plications? 

To this end, the influence of different prompting strate-
gies is evaluated systematically, applying fuzzy string 
matching [5] based on Levenshtein distance [9] and qual-
itatively using semantic similarity assessment [12], along 
with standard information retrieval metrics (precision, re-
call, and F1-score) to provide a quantitative measure of 
performance.  

Finally, the variability across repeated executions is 
analysed to evaluate robustness. 

The remainder of this paper is structured as follows: 
Section 1 details the methodology, including the experi-
mental design, dataset characteristics, prompt variations, 
and the specific evaluation metrics used. Section 2 pre-
sents and interprets the results of the experiments. Fi-
nally, Section 3 summarises the key findings and contri-
butions and concludes with implications and future re-
search directions. 

1 Methodology 
To rigorously evaluate the capabilities of LLMs in ex-
tracting structured information pertinent to simulation 
modelling, a comprehensive experimental methodology 
was designed and executed.  

This section details the specific LLM employed, the 
dataset constructed for the evaluation, the experimental 
procedures followed, the targeted output format, and the 
multifaceted evaluation metrics used to assess perfor-
mance and robustness. Prompt examples, evaluation 
scripts, and replication materials are available on GitHub: 
https://github.zhaw.ch/SimOpt/Enhancing-Information-
Extraction-for-Simulation-Modelling-Using-Large-Lan-
guage-Models.git 
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1.1 Large Language Model 

The core of this investigation utilised the Meta-
Llama-3-70B-Instruct model, a state-of-the-art LLM de-
veloped by Meta AI [1, 6].  

This model was selected due to its advanced instruc-
tion-following capabilities and strong performance 
benchmarks across various natural language processing 
tasks, making it a suitable candidate for the complex in-
formation extraction required in the context of simulation 
modelling.  

At the time of this study, the model was freely acces-
sible via the Groq platform [7] and offered unlimited in-
quiries, thereby enabling extensive experimentation 
without resource constraints. 

1.2 Dataset and Task Description 
The dataset comprised five (5) distinct textual descrip-
tions detailing logistics systems. These descriptions were 
carefully curated to represent varying levels of complex-
ity (Tab. 1). For each textual description, a corresponding 
structured list of expected model elements was manually 
created by domain experts, serving as the ground truth for 
evaluation.  

In this context, system complexity refers to the struc-
tural and functional richness of the described logistics 
processes. While simple systems primarily consist of lin-
ear sequences of process steps, medium-complexity sys-
tems include additional resource interactions, and com-
plex systems further incorporate elements such as storage 
stages and pull-based control mechanisms. 

The task presented to the LLM was to process each 
textual description and extract relevant model elements, 
organizing them into predefined categories.  

 

Table 1: Logistics system and their respective levels of 
complexity. 

 

These categories included the essential simulation com-
ponents: 

• Sources (e.g., delivery of raw ingredients) 
• Process steps (e.g., washing, grinding, heating) 
• Sinks (e.g., shipping of products) 
• Parameters (e.g., process time, arrival rate) 
• Decision variables (e.g. capacities, number of 

employees) 

• Key metrics (e.g., queue length, waiting time,  
utilisation) 

1.3 Experimental Setup 

The experimental design focused on assessing the impact 
of different prompting strategies on the LLM's extraction 
performance.  

Each of the five system descriptions was presented to 
the Meta-Llama-3-70B-Instruct model using six (6) dis-
tinct prompt configurations. One configuration repre-
sented a zero-shot prompt, where the model received 
only the task instruction and the target system description 
without any illustrative examples.  

The remaining five configurations employed a few-
shot learning approach. In these configurations, the 
prompt included the task instruction, the target system 
description, and one complete example consisting of one 
of the other system descriptions paired with its corre-
sponding ground truth output in JavaScript Object Nota-
tion (JSON). 

To evaluate the consistency and reliability of the 
model's output, each of the distinct 25 scenarios (i.e., all 
combinations of system description and prompt configu-
rations) was executed 50 times (replications), yielding a 
substantial dataset for statistical analysis.  

Welch’s t-test (at 99% confidence level) was em-
ployed to test for significant differences of the mean per-
formance with respect to different prompts and the Krus-
kal-Wallis test followed by a Wilcoxon post-hoc test (at 
99% confidence level) were used to test for significant 
differences between few-shot prompts with examples of 
different complexity.  

For the experiments and the analysis Python (version 
3.11.4) was used as well as the packages SciPy (version 
1.11.2) [14] and Pingouin (version 0.5.5) [13]. 

 

System Complex-
ity 

Description of complexity 

Ice cream production Simple 
Linear sequence of process 
steps 

Service operations Simple 
Laboratory process Simple  

 
Restaurant service Medium Includes additional resource  

interactions 
Juice factory Complex  incorporates elements such 

as storage stages and pull-
based control mechanisms 
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1.4 Output Format 
To facilitate automated evaluation and ensure structured 
output, the LLM was explicitly instructed to format its 
response as a single, nested JSON object. This JSON ob-
ject was required to contain keys corresponding to the 
predefined model element categories, with the values be-
ing lists of strings representing the extracted elements for 
each category. Adherence to this structured JSON format 
was crucial for the subsequent automated evaluation 
pipeline. 

1.5 Evaluation Metrics 
A multi-pronged approach was adopted to evaluate the 
quality and consistency of the LLM's extractions, lever-
aging both textual similarity and standard information re-
trieval metrics. 

Textual and Semantic Similarity 
Recognizing that LLM outputs might capture the correct 
semantic meaning with slight variations in phrasing, two 
similarity measures were employed. Firstly, fuzzy string 
matching was performed using the Fuzzywuzzy library 
[5], which uses the Levenshtein distance [9] between the 
predicted and expected strings. A threshold of 50% on 
the similarity was used to determine if a predicted item 
was considered a match to an expected item, allowing for 
minor textual discrepancies. 

Additionally, semantic similarity was qualitatively 
assessed using sentence transformers based on Siamese 
BERT-Networks [12]. This involved generating vector 
embeddings for both expected and predicted items and 
calculating the cosine similarity between these embed-
dings, providing a measure of semantic equivalence in-
dependent of exact wording. 

Information Retrieval Metrics 
Based on the matches identified through the similarity 
measures, standard information retrieval metrics were 
calculated for each category and overall.  

True positives (TP) were counted when an expected 
item was correctly identified (found a similar item in the 
prediction). False negatives (FN) were counted when an 
expected item was missed by the model. False positives 
(FP) were counted when the model predicted an item that 
was not present in the expected list (hallucination). 

 
 
 

From these counts, the following metrics were derived: 
 
• Precision = TP / (TP + FP): Fraction of predicted 

items correctly identified. 
• Recall = TP / (TP + FN): Fraction of expected items 

correctly identified. 
• F1-score = (2 × precision × recall) / (precision  

+ recall): The harmonic mean of precision and recall, 
providing a balanced measure of accuracy. 
 

These metrics were calculated for individual categories 
first, then at category level as well (missing categories 
increase FN, hallucinated categories increase FP), and fi-
nally aggregated across all categories to yield an overall 
score of the model's performance. The analysis focused 
on the F1-score. 

1.6 Consistency Analysis 
To evaluate the robustness and reliability of the LLM's 
output across multiple runs, the consistency of the per-
formance metrics was analysed. The Coefficient of Var-
iation (CV), defined as the standard deviation divided by 
the mean, was computed for the metrics defined above 
for each scenario (combination of system description and 
prompt configuration) across 50 runs. A lower CV indi-
cates greater stability and more consistent performance 
from the model under identical conditions. 

2 Results 
Each of the 25 scenarios (5 system descriptions times 5 
prompts) were executed 50 times using the Meta-Llama-
3-70B-Instruct model. The responses were evaluated as 
described in Sec. 1.5 to yield an F1-score for each of the 
six model element categories (see Section 1.2) and aggre-
gated as an overall score. Some runs were excluded from 
the analysis due to formatting issues: 2 of 250 zero-shot 
scenarios and 12 out of 1000 few-shot scenarios. 

2.1 Comparison of Zero-shot and Few-shot 
Prompting 

The impact of the general prompting strategy on model 
performance was evaluated comparing between zero-
shot (instruction only) and few-shot (instruction plus ex-
ample) scenarios, see Table 2.  
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Category Few-shot Zero-shot p-value 

 count mean std count mean std  

Overall 7729 0.528 0.466 2032 0.462 0.47 < 10-7 

Sources 988 0.284 0.451 248 0.202 0.402 0.00509 

Process steps 988 0.564 0.361 248 0.592 0.412 0.32595 

Sinks 988 0.240 0.425 248 0.202 0.402 0.17915 

Decision variables 988 0.968 0.171 248 1 0 < 10-7 

Model parameters 988 0.898 0.236 248 0.297 0.386 < 10-7 

Key metrics 932 0.322 0.467 248 0.605 0.49 < 10-7 

Table 2: Comparison of F1-scores between few-shot  
  and zero-shot prompting across model element 
 categories and overall. P-values are given from 
Welch’s t-test. 

In the overall F1-score, few-shot prompting led to a sig-
nificant improvement compared to zero-shot prompting. 
However, individual model element categories showed 
varying results: The most substantial gain was observed 
for model parameters. Sources also showed a significant, 
though smaller, improvement. In contrast, key metrics 
exhibited a significant performance drop under few-shot 
prompting. Process steps and sinks showed no statisti-
cally significant differences. Decision variables re-
mained near-perfect in both settings, with only a minimal 
decline in the few-shot condition. 

2.2 Prompt Example Complexity and 
Generalisation 

Focusing on the few-shot prompt scenarios, the overall 
F1-score for different complexity groups of the presented 
examples (see Table 1) was compared.  

The Kruskal-Wallis test showed significant differ-
ences (p < 10-18) between the complexity groups, while 
the Wilcoxon post-hoc test revealed that simple examples 
(mean F1 of 0.565) outperformed medium complex 
(mean F1 of 0.487) as well as complex examples (mean 
F1 of 0.472), both significantly (p < 10-8).  

Medium complex and complex examples did not lead 
to significantly different F1-scores (p = 0.091). 

The analysis revealed several hallucinated outputs 
(i.e., false positives) that, while not listed in the summary 
table, adversely affected overall performance.  

These hallucinations involved fabricated or irrelevant 
category labels, such as: 
• "simulation of ice cream production" 
• "distribution centre" (not existing in the ground truth) 
• "inbound activities" (created as an incorrect category 

header) 

2.3 Consistency and Stability of Model 
Outputs 

To assess the robustness of model performance the coef-
ficient of variation (CV) of the overall F1-score was cal-
culated over all 50 replications for each of the 25 scenar-
ios, see Figure 1.  

The CV provides a normalised measure of variability 
that enables comparison across categories. 

The results reveal clear patterns of variability across 
the different categories. In the sources category, variabil-
ity increased when examples were included in the 
prompt, indicating greater inconsistency in those cases. 

 

 

 
    Figure 1: Category-specific variability – coefficients of variation of the F1-score by category and example-use  

summarising n=5 zero-shot scenarios (without example) and n=20 few-shot scenarios (with example). 
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 A similar trend was found for process steps and key 

metrics, where the inclusion of examples also led to 
higher variability. In contrast, model parameters showed 
a decrease in variability under the with-example condi-
tion, suggesting more consistent performance. For deci-
sion variables, variability remained very low in both con-
ditions. Sinks, on the other hand, exhibited moderate var-
iability when examples were present, but showed no var-
iability without examples. Overall, the CV analysis high-
lights that the degree of output variability differs notably 
by model element category and is not uniformly reduced 
nor increased through the use of examples. 

Importantly, variability also depended on the specific 
example provided in the few-shot prompt. Providing dif-
ferent examples influenced the consistency of outputs 
distinctly across the evaluated categories, highlighting 
the sensitivity of model performance to the selection of 
specific prompts. In some cases, providing an example 
lowered the observed variability. However, certain cate-
gories showed significantly higher variability, thus, less 
consistent extractions.  

In general, categories that are well-structured and 
clearly defined tended to produce more stable outputs, 
whereas those involving higher complexity or ambiguity 
yielded greater dispersion in results. A detailed analysis 
of these findings is outside the scope of this work and 
may need more scenarios. 

3 Discussion and Conclusions 
The results demonstrate that prompting strategies affect 
extraction performance in a category-specific manner. 
Few-shot prompting notably improved performance for 
model parameters and sources, indicating that structured 
examples help the model interpret and extract these more 
context-sensitive elements.  

The substantial gain in F1-score for model parameters 
suggests the model relies heavily on format cues to iden-
tify variable-like content. 

In contrast, performance for sinks and process steps 
remained stable across prompting strategies. These ele-
ments likely occur more explicitly in natural language, 
making them easier to be identified even in zero-shot set-
tings. 
Interestingly, key metrics performed significantly worse 
under few-shot prompting, suggesting that the examples 
may have introduced ambiguity or misled the model re-
garding the structure of performance indicators.  

This highlights a potential risk of overfitting or 
misgeneralisation when examples are poorly chosen. De-
cision variables, although showing a small decline, re-
mained near perfect in both conditions, potentially indi-
cating a ceiling effect or unnecessary complexity intro-
duced by few-shot prompts. 

Prompt complexity also played a notable role. Simple 
examples led to better generalisation, while prompts 
based on medium or complex systems reduced perfor-
mance. This suggests that simpler inputs help the model 
generalise better and minimise the cognitive load on the 
model. 

Variability analysis showed that prompting with ex-
amples does not uniformly enhance output stability. In 
categories like model parameters, consistency improved, 
but others—such as sources and key metrics—exhibited 
greater variability. These effects were also influenced by 
the specific example used in the prompt, emphasizing 
that prompt selection matters not just for accuracy but 
also for robustness. 

Overall, prompts with structurally clear, well-defined 
elements produced more stable results. Categories that 
were more ambiguous or complex in nature led to in-
creased dispersion. These findings suggest that prompt 
design should prioritise clarity and simplicity, tailored to 
the target extraction category.  

Building on these insights, future research could ex-
plore adaptive prompt strategies, such as dynamic exam-
ple selection based on input similarity or prompt refine-
ment guided by reinforcement learning. Furthermore, in-
tegrating external knowledge sources or leveraging 
chain of thought prompting may enhance recall for chal-
lenging categories, such as source elements.  

Comparative studies across different LLM families 
could reveal whether the effects of prompt complexity 
generalise across architectures. In addition, evaluating a 
broader set of example systems and test cases—including 
more complex scenarios—would offer deeper insight 
into how LLMs can support practitioners throughout the 
simulation modelling process.  

Finally, linking information extraction with code gen-
eration represents a logical next step towards fully inte-
grated simulation development environments. 

The investigation at hand underscores the efficacy of 
few shot prompting with simple, well structured exam-
ples for enhancing LLM information extraction. By sys-
tematically quantifying performance gains, variability re-
ductions, and error profiles, actionable guidelines for 
prompt engineers were provided.  
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These may set the stage for next generation adaptive 

prompting frameworks. 
While the findings provide a solid foundation for im-

proving information extraction in simulation modelling, 
a practical application in real-world simulation pro-
jects—where domain heterogeneity, incomplete descrip-
tions, and complex system behaviours prevail—remains 
a significant step ahead and will require further valida-
tion, tooling, and integration into modelling workflows. 
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