Supplementary Material S1: Analyses on Prior LLMs

S1. Quantitative Evaluation

S1.1. Overview

In this Supplementary Material, we examine the scores produced by well-known LLMs that
used to be state-of-the-art. We selected GPT-40 and Claude 3.5 Sonnet (20240620) as they were
previously the leading solutions for multimodal learning (https://arena.ai/leaderboard/
vision, rank on July 1st 2024). We also included deepseek R1 7B distilled combined with Janus
Pro 1B, as the DeepSeek suite of Al tools received significant attention following its release in
2025.

As in the main manuscript, the scores are performed for all three ABMs and we vary the
content of the prompts using a factorial design of experiments such that we can report on in-
teractions. As stated in the main manuscript, our quantitative evaluation reports six scores:
BLEU [1} 2], METEOR, ROUGE-1, ROUGE-2, ROUGE-L |1}, 3], and the Flesch Readabil-
ity Score [4]]. While the last score does not need a reference, the first five scores are computed by
comparing the LLM’s output with a reference summary. This complementary assessment makes
four simplifications compared to the main manuscript. Since the evaluation focuses on the ability
of LLMs to detect important trends in the visuals, we provide neither statistical summaries nor
the output produced by the context stage to help the LLMs. The evaluation accounts for both ex-
tractive (BERT) and abstractive (BART) summarization algorithms and we evaluate results with
respect to one summary for each ABM (labeled as ‘author’ in Supplementary Material S2).

S1.1.1. Optimal performances

The best results reported in Table [T] show that performances heavily depend on the experi-
mental setting and on the preferred metric, as different LLMs optimize different aspects of the
text and react differently across ABMs. Despite this volatility, we see that Claude is often the best
choice (4 out of 6 times) for reading ease while GPT is often the best choice (4 out of 6 times)
for most of the BLEU, ROUGE, and METEOR metrics. The Flesch readability ease rewards
shorter words, shorter sentences, and simpler syntax, which are aligned with Claude’s tendency
to generate less formal structures in conversational tone. In contrast, GPT is heavily optimized
for downstream NLP benchmarks such as captured by BLEU, ROUGE, and METEOR, where
being conservative in paraphrasing is an asset. DeepSeek is a surprisingly competitive solution,
particularly when considering that it is a distilled model with ‘only’ 7 billion parameters, as it
does very well for the RAGE ABM (sometimes outperforming the other two LLMs by a wide
margin) but is weaker on the other two ABMs. The intermediate positioning of DeepSeek was
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confirmed by our t-tests, as there is a statistically significant difference between DeepSeek and
GPT on reading ease (p=0.0035, t=3.00) and also a statistically significant difference between
DeepSeek and Claude on METEOR (p=0.0020, t=3.18).

When considering the summarization algorithms, BART produces summaries closer in phras-
ing and structure to the human-written summaries. This suggests that summaries written by hu-
mans are not copied from source documents but rather rewritten or paraphrased by modelers to
provide a high-level picture. To contextualize the influence of the ABMs, note that MHPM is
about ecological and evolutionary modeling, which may be more technical and abstract. This
technical language and complexity make the summaries harder to simplify and they may favor
LLMs that can reproduce domain-specific vocabulary. The Milk Adoption ABM is about behav-
ioral modeling with a consumer focus, discussing decision-making, preferences, and historical
trends. This more familiar content lets GPT match wording and Claude produce smooth, easy-
to-read text. DeepSeek’s proficiency in handling the RAGE model potentially arises from its
capacity to process and summarize content characterized by high variability, agent heterogene-
ity, and adaptive behaviors.

Table 1: For each ABM, LLM, and summarization algorithms, we report the best result based on optimizing the prompt.
For brevity, ROUGE is denoted by R.

Experimental condition Best score across dynamic prompt elements

ABM Summary | LLM BLEU | METEOR | R-1 | R-2 | R-L | Reading ease

BART Claude 0.11 0.35 0.58 | 0.22 | 0.27 | 63.70

(abstract) GPT 0.13 0.36 0.64 | 0.27 | 0.28 | 54.83

Milk DeepSeek | 0.09 0.34 0.59 | 0.22 | 0.25 | 61.87

BERT Claude 0.09 0.28 0.57 | 0.21 | 0.24 | 59.84

(extract) GPT 0.10 0.29 0.59 | 0.22 | 0.24 | 59.03

DeepSeek | 0.06 0.26 0.56 | 0.20 | 0.24 | 59.33

BART Claude 0.03 0.23 042 | 0.10 | 0.17 | 57.27

(abstract) GPT 0.03 0.26 044 | 0.11 | 0.18 | 55.44

RAGE DeepSeek | 0.04 0.30 0.50 | 0.17 | 0.20 | 56.25

BERT Claude 0.03 0.19 0.40 | 0.09 | 0.16 | 52.09

(extract) GPT 0.02 0.20 0.42 ] 0.09 | 0.17 | 51.99

DeepSeek | 0.04 0.25 0.47 | 0.12 | 0.21 | 60.04

BART Claude 0.03 0.25 0.40 | 0.10 | 0.17 | 54.52

(abstract) GPT 0.04 0.25 0.41 | 0.10 | 0.17 | 47.69

MEPM DeepSeek | 0.02 0.27 0.33 | 0.07 | 0.15 | 45.46

BERT Claude 0.04 0.21 0.40 | 0.10 | 0.17 | 51.07

(extract) GPT 0.04 0.21 0.42 | 0.10 | 0.17 | 51.18

DeepSeek | 0.03 0.25 0.40 | 0.08 | 0.17 | 51.18

S1.1.2. Impact of Experimental Design Factors

Table[2]reports statistically significant effects of an experimental variable (including the three
dynamic prompt elements) across the metrics. We observe that the content and structure of the
underlying ABM has a major influence on text generation quality — likely due to differences in
domain complexity, vocabulary, and narrative style. The summarization technique has a clear
impact on text fidelity and linguistic quality, especially for deeper n-gram overlap and ease of
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reading. The choice of LLM has a consistent effect on output, especially regarding precision and
clarity. In contrast, the dynamic prompt elements show little to no statistical significance across
metrics except for the reading ease.

Table 2: p-value from a one-way ANOVA between our six experimental variables (including the three dynamic prompt
elements in the bottom rows) and our six quantitative metrics, where 'R’ denotes ROUGE.

Variable | metric — BLEU | METEOR | R-1 R-2 R-L Reading ease
Agent-Based Model <0.01 | <0.01 <0.01 | <0.01 | <0.01 | <0.01
Summarization algorithm | <0.01 | <0.01 0.09 <0.01 | <0.01 | 0.71

LLM <0.01 | <0.01 <0.01 | 0.10 0.21 <0.01

Use of roles 0.83 0.89 0.96 0.35 0.42 0.36
Generating insights 0.45 0.30 0.37 0.73 0.65 <0.01
Providing examples 0.76 0.49 0.53 0.32 0.26 <0.01

Unlike ANOVA, which only tests for statistical significance, the factorial analysis summa-
rized in Table [6] quantifies the relative contribution of each factor to total variance, also making
it possible to compare their joint influence on model performance. That is, we show dependen-
cies in the architecture as the same prompt yields different outcomes depending on the LLM
or summarizer used. While these results confirm the role of the summarization algorithm and
the LLM, they provide additional information to the ANOVA. The summarization algorithm
(BART vs. BERT) determines how the ABM outputs are reworded and what information is em-
phasized, which impacts metrics that directly measure lexical overlap (BLEU, METEOR, and
ROUGE scores). So the choice of summarization algorithm clearly dominates the variance in
these metrics, especially for METEOR, which also accounts for paraphrasing and synonyms
(where BART’s generative style may shine more). As we know from the ANOVA, the LLM
choice was statistically significant for BLEU and ROUGE-1, which are sensitive to surface-level
lexical overlaps where LLMs clearly differ (e.g., Claude paraphrasing more, GPT being more
literal). The LLM does not seem to affect METEOR because the summarization algorithm dom-
inates. Most interestingly, the factorial analysis reveals that prompt elements do matter either
individually or by interacting with the other technical choices. Asking for insights has a notice-
able impact on reading ease since it affects how the LLM frames the outputs by using explanatory
language and potentially staying away from dense or technical phrasing. Interactions between
insights and examples emerge because examples help ground the response while insights ele-
vate reasoning, leading to a small improvement on n-gram matches (ROUGE-1) with reference
summaries written in similar style. The interactions of LLMs and examples for ROUGE-1 and
ROUGE-2 suggest that LLMs interpret example-driven prompts in different ways (e.g., Claude
may elaborate more). The interactions of summarization algorithms and insights for BLEU po-
tentially reflect that requests for insights generate more reasoning or causal language, which can
be captured more fluidly in abstractive summaries than in extractive summaries.

The correlation matrix (Table @) confirms expected relationships among evaluation metrics:
BLEU, METEOR, and ROUGE variants are strongly intercorrelated due to their shared reliance
on lexical overlap, while Flesch reading ease shows weaker, moderate correlations, reflecting its
distinct focus on stylistic clarity rather than content similarity. These correlations also support
our results in section 4.2.2. On the one hand, we observe one cluster of content metrics (BLEU,
METEOR, ROUGE) that are strongly correlated, thus validating their shared reaction to the
summarization algorithms. On the other hand, we see the readability measure, which is weakly
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Table 3: Effect of individual prompt elements and pairs of elements onto the quantitative scores. This uses a factorial
design of experiments, thus the scores correspond to the percentage of contribution to variance. Scores above 5 are
emphasized in bold.

Feature BLEU | METEOR | R-1 R-2 R-L Reading ease
Example 1.85 0.39 5.09 | 056 | 090 | 19.32
Example and Insight 0.07 0.56 549 | 205 | 202 |0.10
Insight 0.30 0.17 252 | 463 | 5.66 | 43.64
LLM 29.07 | 2.70 32.87 | 3.06 | 0.26 | 21.57
LLM and Example 0.24 0.47 998 | 6.94 1.10 | 4.68
LLM and Insight 0.19 0.08 0.58 | 028 | 0.74 | 3.15
LLM and Role 1.95 0.08 0.13 | 0.81 0.69 1.94
Role 0.14 0.01 0.01 4.01 291 1.47
Role and Example 0.43 0.01 042 | 3.21 0.49 1.21
Role and Insight 1.15 0.11 1.21 046 | 0.07 1.86
Summary 51.29 | 94.93 18.72 | 72.44 | 55.97 | 0.25
Summary and Example | 0.62 0.33 0.52 | 0.30 1.63 0.03
Summary and Insight 6.93 0.12 0.00 | 0.30 | 0.31 0.63
Summary and LLM 5.27 0.04 20.97 | 0.21 26.32 | 0.02
Summary and Role 0.50 0.02 1.50 | 075 | 093 | 0.14

correlated to the rest, thus validating its separate reaction to prompt design and the LLM.

Table 4: Correlation matrix among the quantitative scores to verify expected relationships.

BLEU | METEOR | R-1 | R-2 | R-L | Reading ease
BLEU 0.76 091 | 094 | 0.93 | 0.47
METEOR 0.76 0.70 | 0.76 | 0.77 | 0.35
R-1 0.91 0.70 0.96 | 0.96 | 0.55
R-2 0.94 0.76 0.96 09 | 055
R-L 0.93 0.77 0.96 | 0.96 0.54
Reading ease | 0.47 0.35 0.55 | 0.55 | 0.54

S2. Qualitative Evaluation

S2.1. Principles of Qualitative Evaluation

Qualitative evaluation involves assessing the generated content on criteria such as faithfulness
and coverage. While fluency (quality of writing) was measured in earlier studies as GPT-2 and
GPT-3 occasionally struggled with grammar or spelling [5], this is less of a concern with the
state-of-the-art LLMs available in 2025. Faithfulness refers to how accurately a summary reflects
the facts and meaning of the source content without introducing errors or hallucinations, while
coverage measures how well the summary includes the key points and important information
from the original text. In other words, we would like key data from the simulation to be in the
summary (coverage) and we would not like content in the summary that wasn’t sourced from the
simulation (faithfulness).



The evaluation can be performed manually by human readers. A structured process ensures
consistency and reliability [[6]: initially, a first batch of summaries are rated collaboratively to es-
tablish a standard and negotiate meaning. Subsequently, another batch is independently rated to
measure interrater agreement using Cohen’s Kappa, which ranges from -1 to 1, where 1 indicates
perfect agreement, O indicates no agreement beyond chance, and negative values indicate agree-
ment less than chance{ﬂ Finally, if a satisfactory level of interrater agreement has been achieved,
the remaining results can be individually rated, thus allowing to cover a larger amount of data for
the same manpower.

While qualitative assessment frequently relies on human evaluators, it can also be conducted
with LLMs. This allows the analysis to be performed at a larger scale, which may be needed
when scanning a large volume of summaries generated by LLMs across various parameter values.
When LLMs are used, Cohen’s Kappa is still computed between the LLM and a human reader
to assess whether the LLM is capable of independently rating the material.

$2.2. Calibration process and Kappa scores

We explored both qualitative rating by human readers and evaluation by LLMs.

First, we hired two human readers, external to the authors of this manuscript to avoid conflicts
of interest by which we would develop and rate our own solutions. Using the process outlined
in the previous section, the two human readers perform a qualitative evaluation by ranking the
generated reports according to faithfulness and coverage using the 5-point Likert scale [8, 9].
Since LLM generations often involve a large amount of output, it is common to manually assess
only a random sample of these results. We provided a rubric and walked the raters on how to rate
summarized reports for faithfulness and coverage based on a simulation model that was not used
in our study. Then, we asked the raters to independently assess 6 (out of 432) of our generated
reports. We computed their interrater agreement using the Cohen’s Kappa metric

Since the 5-point Likert scale consists of ordered categorical variables comprising multiple
categories, we used the weighted Kappa as recommended in the literature [10]. The results
from this first batch were Kcoverage = 1 and Kyaimfuiness = 0.33. We facilitated a meeting with
the two raters, asking them to justify their assessments and come to an agreement on ratings
for all cases that were interpreted differently. The raters often disagreed on the scoring and
only occasionally reached consensus after discussion. After rating additional batches of reports
and meeting again two more times, the kappa scores declined. The decline in Cohen’s kappa
following the adjudication process likely reflects the inherent complexity and subjectivity of the
evaluation task. Indeed, it is expected that tasks requiring inference (e.g., generating insights
from simulation outputs and connecting them to a model’s design and goals) lead to significantly
lower agreement compared to simple tasks [[11]. As pointed out in the main manuscript, the fact
that different human readers do not agree on what should go in a summary of a simulation model
is in line with prior works, in which several human readers were given the same summaries yet
converted them into different models [12].

'A common challenge is the high variability in Cohen’s Kappa values, indicating inconsistent agreement among
raters: some tudie report a very high kappa of 0.93 [6], while other may have much lower value. To address this,
researchers are increasingly defining detailed rubrics to enhance precision and clarity in ratings. Two predominant
approaches are often employed: descriptive rubrics [7]], which provide detailed criteria for each level of performance,
and holistic rubrics [6], which offer a single overall score based on a general impression of performance. These rubrics
aim to standardize the evaluation process, reduce variability, and ensure more reliable and consistent assessments across
different raters
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Second, we evaluated the ability of three LLMs (DeepSeek’s Janus Pro 1B, GPT-40, Claude
3.5 Sonnet) at evaluating faithfulness and coverage. We computed the inter-rater agreement
between these solutions and a human rater. The scores shown in Table 5| suggest two takeaways:
(1) no single LLM is best at evaluating all aspects, and (ii) the extreme scores (e.g., GPT thinks
faithfulness is always poor while Claude believes that coverage is usually perfect) and low inter-
rater agreement limit the interpretability of evaluations by LLMs. The outputs from Janus Pro
1B were not usable as it hallucinated to the point that it did not provide scores.

Table 5: Ability of different LLMs at evaluating faithfulness and coverage with respect to a human rater.

Faithfulness Coverage

Cases | Human GPT | Claude | Human | GPT | Claude
1 2 5 5 4 5

2 2 2 5 5 3 5

3 1 1 2 4 1 2

4 3 2 5 5 4 5

5 5 2 5 5 3 5

6 3 2 4 5 3 5

7 4 3 5 5 4 5

8 4 2 5 4 2 5
Weighted kappa 0.2 0.16 0 0.33
% agreement (Po) | 0.71 | 0.59 | 0.56 | 0.90

S$2.3. Results

While noting the limitations stated in the subsection above, we have provided the qualitative
scores for a comprehensive assessment-by-LLM of all automatically generated reports. Note that
using an LLM to evaluate its own output is risky, especially for tasks requiring factual correctness
or critical judgment. Instead of self-evaluating, the LLM tends to favor its own responses, lacks
objectivity, and may confuse fluency with accuracy. For example, it would be problematic to
directly generate a summary via GPT and ask GPT whether it likes its own summary. In our
case, the risk is mitigated because the text initially generated by a LLM is summarized through
another algorithm (BERT or BART) and then it is evaluated.

The inter-rater agreements showed us that GPT is best for faithfulness while Claude is prefer-
able for coverage. However, GPT tends to give low scores while Claude yields high scores. The
evaluation by LLMs is still informative because, even if the absolute score is overly generous or
severe, it responds to changes in our experimental design (i.e., the prompt elements such as roles
and insights). In other words, we do not use the LLMs to make absolute judgments (“this sum-
mary is bad”) but rather to detect relative differences (“we have higher scores if the prompt asks
to generate insights”). The factorial analysis in Table [] shows that the choice of LLM makes the
most difference. Interestingly for coverage, some LLMs are better able to utilize examples than
others and setting a role has an impact. When it comes to faithfulness, we observe interactions
between setting a role and providing examples or asking for insight generation.



S3. Examples of complete prompts

Prompt 1 : text is a feature from the design of experiments. fext is a part of the prompt

changing according to the model and the experiment

You are an expert in Consumer Behavior without any statistics
background.

Your goal is to explain an agent-based model. Your explanation must include the context
of the model, its goals, and key parameters. For each parameter, include the range of val-
ues (if provided) and the value that we have set. Do not write any summary or conclusion.

We have 16 parameters:

o memory-lifetime, from 1.0 to 10.0. We set it to 5.
alt-health-mean-initial, from 1.0 to 3.0. We set it to 1.69.
habit-threshold, from 1.0 to 10.0. We set it to 2.
p-interact, from 0.0 to 1.0. We set it to 0.3.
social-susceptibility, from 0.0 to 1.0. We set it to 0.2.
incumbent-initial-habit, from 0.0 to 10.0. We set it to 10.
alt-env-mean-initial, from 0.0 to 3.0. We set it to 1.12.
social-blindness, from 0.0 to 1.0. We set it to 0.51.
Jjustification, from 0.0 to 1.0. We set it to 0.61.
cognitive-dissonance-threshold, from 0.0 to 1.0. We set it to 0.15.
network-parameter, from 2.0 to 10.0. We set it to 8.
number-of-agents. We set it to 1000.
habit-on?. We set it to True.
network-type. We set it to “watts-strogatz”.
norms. We set it to True.
social-conformity. We set it to 0.28.
The context and goals of the model are as follows.
The overall objective of the agent-based model is to reproduce adoption behaviours of
milk consumption by the British public (1974-2005), by replicating individual prefer-
ences and decision factors. Specifically, the goal of the model is to explore the influence
of perception, habits and social influence in an individual’s decision-making process of
milk choice. The model looks to replicate the substitution of whole milk for skimmed
and semi-skimmed milk from the 1970s onwards. The main outcome reported here is the
average weekly consumption of each milk type per person. The simulation uses both a
theoretical grounding and empirical data to inform the ABM, with calibration performed
against observed macro level data.
In particular, the study conducts an experiment to compare the performance of two model
variants in reproducing observed milk consumption trends. These variants present differ-
ent mechanisms for how agents become disposed to consider their choices, representing
a threshold based, and a probability-based approach. Decision-making follows a ba-
sic structure of: agent perception of choice characteristics, the triggering, or not, of
disposition to consider alternatives, a set of scored choice functions made up of the per-
ceived characteristics and modulated by habit and social influence, and finally, choice




evaluation where agents consider the impact of their choices and may adjust their future
decisions.

The agents in the model represent adult consumers who occupy a random position in
an information environment. Each agent has a disposition to consider alternative milk
choices. Two disposition mechanisms are tested in the model, a threshold-based ap-
proach, and a probability-based approach. Each agent makes a choice of milk selection
based on a function for each alternative, made up of the perceived health and environ-
mental characteristics of each choice. These are computed at the initialisation of the sim-
ulation and then calculated at each time step. An agent’s milk choice function is modified
by habit, social influence, and evaluation of previous choices. Agents ascribe different
relative importance to each constituent part of the choice function (health factors and en-
vironmental factors). If the disposition requirement has been met, consumption of each
milk type is split proportionately by the size of each choice function, modulated by the
other influences. If not, agents keep their existing choice.

Agents (n=1,000) start with an existing choice based on the dominant position of whole
milk versus skimmed varieties in 1974 (start year of the data). All agents are part of a
social network. Each agent in the network can sense and be influenced by the choice
function of each milk alternative for other agents in their network. Links between agents
are unidirectional, and influence occurs as a function of interaction probability, with
the degree of influence characterised by agent susceptibility. Social norms are globally
perceived by agents and impact the weightings of the choice function Setup and Go.
Monitors:

Two monitors track the number of turtles that have consumed mostly whole-milk (incum-
bent initial choice) or skimmed/semi-skimmed milk (alternative initial choice).

Plots:

One plot shows the percentage of majority whole milk or skimmed/semi-skimmed milk
consumers.

The second plots the average consumption of each milk type over time. This is the data
that the calibration exercise uses to try and replicate observed consumption data.
Parameters:

12 parameters that governs whether an agent will consider changing its milk type, and
how much of each milk type an agent will consume. We refer viewers to the manuscript
based on this model for further details. The appearance of a crossover in the types of
milk consumed and the shape of the curves over time.




Prompt 2 : text is a feature from the design of experiments. text is a part of the prompt

changing according to the model and the experiment

You are an expert in Consumer Behavior with a statistics background

We have a plot from repeated simulations of an agent based model. Your goal is to
describe the trends in details from the plot, mentioning key time steps and values taken
by the metric in the plot, and interpreting them based on the context of the model. The
report must objectively describe the trends in the data without addressing the quality of
the simulation. Do not refer to the plot or any visual in your description. If a plot has
very simple dynamics, simply state them without expanding.

Here is an example of the style of the report: The total number
of earthquakes recorded in the region starts at 5,000 then it
declines rapidly over the first 400 time steps. This initial
decline could be attributed to the depletion of immediate stress
points within the fault lines, as the most susceptible areas
release their pent-up energy early in the simulation. It increases
briefly at around 500 steps, likely due to the aftershocks and
secondary stress points being triggered as the system seeks a new
equilibrium. The simulation ends with the number of earthquakes
near zero, indicating that the majority of the stress has been
released and the system has stabilized.

The total seismic activity follows the same pattern, starting

at 10,000 events and declining steadily. This steady decline
reflects a systematic reduction in seismic energy over time, as

the energy distribution within the tectonic plates becomes more
uniform. There is low variance across simulation runs in the

first 100 steps, but deviations become noticeable afterward. This
suggests that while the initial reactions to stress are highly
predictable, as time progresses, the system’s complexity introduces
more variability. This variability could be due to differences in
secondary stress points and the non-linear nature of seismic energy
release over time.

When summarizing trends, provide brief insights about their
implications for decision makers.

The attachment is the plot representing the average weekly consumption of whole milk
per agent
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