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Abstract

Accurately modelling human economic behaviour remains a central challenge in
economics. Large language models have emerged as a potential solution, yet in labora-
tory asset markets experiments where humans consistently generate speculative bub-
bles, basic LLMs lack reasoning depth to replicate these patterns while frontier models
prove too rational, converging toward equilibrium rather than generating bubbles. We
replicate a canonical learning-to-forecast experiment using ten LL.Ms spanning multiple
capability levels. We find a sweet spot of intermediate reasoning capability: models
such as Qwen3-14B and OpenAl’s 03 produce bubbles with mispricing and volatility
comparable to humans, while both simpler and more advanced models converge to
fundamentals. Toggling reasoning on and off within a model establishes that reasoning
causally drives bubble formation. Analysis of agent justifications reveals the mecha-
nism: bubble-forming models engage in non-linear trend extrapolation, whereas the
most capable model anchors predictions to fundamentals. These findings suggest that
intermediate-capability reasoning LLMs may serve as surrogates for boundedly rational
human traders, with implications for economic modelling and market stability as Al
agents increasingly participate in financial systems.

*Disclosure statement: The authors declare no financial or other conflicts of interest related to this
research.



1 Introduction

A central challenge in economics is modelling human reactive behaviour, since economic
outcomes are inextricably linked to how individuals adapt their expectations amidst shifting
policies and market environments |Lucas Jr, [1976]. The rational expectations hypothesis
(REH), which assumes that agents form expectations consistent with the model being used,
has emerged as the dominant modelling response [Muth, 1961} [Sargent|, [1987]. REH provides
a tractable framework, but evidence from behavioural economics demonstrates that the as-
sumption is often wrong |[Tversky and Kahneman, [1974]. For example, in laboratory market
experiments where participants repeatedly forecast asset prices, they consistently coordi-
nate on trend-following strategies rather than anchoring predictions to fundamental values;
this generates speculative price bubbles that rational expectations cannot explain [Hommes
et all 2008, Bao et al. 2020, Hoyer et al., [2023]. These findings leave modellers caught
between two unsatisfying options: rational expectations, which is tractable but unrealistic,
or the vast space of possible behavioural rules, what Sims [1980] termed the “wilderness of
bounded rationality” [|where any departure from perfect rationality opens an intractable set
of alternatives.

Large language models (LLMs) offer a potential path through this wilderness. Because
LLMs process information and generate context-dependent responses, they can adapt to
changing conditions. Unlike behavioural rules specified by modellers, which face criticism as
ad hoc, LLMs have been trained on human-generated text that includes both descriptions
of human behaviour and economic theory. This training may provide grounding for agent
behaviour that is neither the perfect foresight of rational expectations nor arbitrary modeller
assumptions. Researchers have begun exploring whether LLMs could serve as surrogates for
human behaviour, starting by replicating participants in economic experiments, with the
promise of lower costs, scalability, and reproducibility |[Horton, 2023, Grossmann et al.,
2023, Dillion et al.l 2023].

Initial studies focused on single-shot games such as the Ultimatum Game, Prisoner’s
Dilemma, and Dictator Game, finding that LLMs can reproduce several aspects of indi-
vidual human economic behaviour [Filippas et al., |2024] Kitadai et al., |2023, Mei et al.,
2024, Brookins and DeBacker, 2023]. More recent work examines dynamic settings where
multiple LLM agents interact over time. Chen et al.|[2023] simulate auction markets, while
del Rio-Chanona et al.| [2025] study positive and negative feedback markets and find that
earlier LLMs (GPT-3.5, GPT-4) can distinguish between market types and exhibit bounded
rationality, though with less behavioural heterogeneity than humans. These studies establish
that LLMs can capture some market dynamics, but leave open the question of how well they
match human behaviour quantitatively.

A consistent finding is that models’ reasoning capabilities matter, but not in a straight-
forward way. On one hand, less capable models without advanced reasoning capabilities

IThe original term was the wilderness of “disequilibrium economics”, but the term has evolved to bounded
rationality since.



appear less able to capture more advanced human thinking patterns. For example, Gao
et al. [2025] study the 11-20 game with GPT-3.5, GPT-4 and models from the Claude-3 and
LLaMA-3 families, finding that these models exhibit shallower levels of strategic reasoning
than humans. Less capable models also show a muted tendency to form bubbles in asset
market experiments, possibly because they have less sophisticated extrapolation capabilities
than humans [Henning et al., 2025, [Muntoni, 2025]. On the other hand, the most capable
models appear excessively rational. Wang et al. [2025] find that the latest frontier LLMs,
equipped with the most advanced reasoning capabilities, act as fundamentalists rather than
trend-followers. These mixed findings suggest a puzzle: the challenge is finding a capability
level that matches human bounded rationality, a sweet spot between models that reason too
little and those that reason too much.

This puzzle motivates our focus on a range of reasoning models, a new class of LLMs
that output explicit chains of thought before providing final answers |[OpenAl, 2024]. We
reproduce the canonical learning-to-forecast experiment by [Hommes et al.| [2008], in which
participants predict asset prices over 50 periods in a positive feedback market. This ex-
periment is well-suited for our purposes: it is a benchmark in experimental economics with
detailed human data for comparison, and its design allows for both fundamentalist strategies
(anchoring to the rational expectations equilibrium) and trend-following strategies that gen-
erate bubbles. We study a wide range of models including both open-weight (Qwen, OLMO,
Gemma) and closed-weight (OpenAl) LLMs. Open-weight models are particularly valuable
because the model weights, and therefore model responses, are free and they give guaranteed
replicable results, unlike closed-weight models.

Under appropriate conditions, we find that reasoning LLMs exhibit bounded rationality
and form speculative bubbles similar to human participants. Our findings can be summarised
as follows. First, reasoning capability is associated with bubble formation: models such as
Qwen3-14B and OpenAl’s 03 form bubbles with mispricing statistics similar to human par-
ticipants, while non-reasoning models do not. Using Qwen3-14B, where reasoning can be
toggled on and off, we establish that this relationship is causal. Second, by analysing the
justifications of LLM agents, we identify non-linear extrapolation as a key mechanism: rea-
soning models that form bubbles show high rates of non-linear trend extrapolation (85% for
Qwen3-14B with reasoning versus 35% for the same model without reasoning). In contrast,
the most advanced model we test (GPT-5-mini) takes a fundamentalist approach and does
not form bubbles. Non-reasoning models are not found to be fundamentalists, but nor do
they make price predictions using non-linear extrapolation, leading to greater mispricing
than GPT-5-mini, without forming bubbles similar to humans. Third, markets with mixed-
ability agents, combining reasoning and non-reasoning models, produce less predictable and
more diverse outcomes than homogeneous markets, giving a potential solution to the lack of
heterogeneity found with LLM agents in previous studies.

These findings have implications for both economic modelling and market stability. For
modelling, our results suggest that reasoning LLMs at intermediate capability levels may
serve as useful surrogates for human participants, occupying a middle ground between the
excessive rationality of frontier models and the limited strategic depth of earlier LLMs.



This offers a potential route to incorporating bounded rationality into economic models
without requiring researchers to specify behavioural rules ex ante. For market stability, our
results matter because LLMs are increasingly deployed in financial applications [Zhao et al.|
2025]. Understanding how LLM agents behave in market settings is important not only for
validating their use as human surrogates, but also for anticipating how markets may behave
as Al systems become participants in their own right.

2 Methods

2.1 A laboratory asset market with positive feedback

Our basis is the market bubble experiment with human participants done by Hommes et al.
[2008]. The experiment simulates an artificial asset market with two key components: a
fundamental price determined by the asset’s economic fundamentals, and a realized market
price that depends on participants’ expectations. Six participants interact in each market
over 50 periods. The realized price at time ¢, p;, is determined by a market equilibrium
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where pj, ., represents participant h’s price prediction for period ¢ + 1, r is the risk-free
interest rate (5% per period), and ¢ is the mean dividend (3 guilders per period). This
creates a positive feedback market: when participants predict higher future prices, the re-
alized current price increases accordingly. The market has a theoretical fundamental price
of p/ = /v = 60, representing the present value of expected future dividends. This funda-
mental price is only reached if participants coordinate their expectations on it. However, as
Hommes et al.| [2008] found, participants often fail to coordinate on this fundamental price
and instead form speculative bubbles where prices rise substantially above fundamental val-
ues. To prevent prices from growing without bound, predictions are capped at a maximum
of 1000, though participants only discover this constraint if they attempt to exceed it.

Each participant plays the role of a financial advisor to a pension fund and at time ¢ must
predict the risky asset’s price for time ¢ + 1 (participants at time ¢ only know realised prices
up to time ¢ — 1 when making their predictions, making this a two time step prediction).
Participants are incentivized through earnings that depend inversely on their prediction
errors. The reward participant h earns in period £ is
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where earnings decrease quadratically with forecast error and reach zero when errors exceed
7. Participants are told their predictions influence their pension fund’s demand for the
asset (higher predictions lead to greater demand), and that market prices result from the
equilibrium between aggregate demand and fixed supply.
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At time t, participants have access to all realized prices up to period ¢t — 1, their own
predictions up to period t, their earnings from period t — 1, and their cumulative earnings.
They also know the market fundamentals: the mean dividend (y = 3) and risk-free rate (r =
0.05), which in principle allows for coordination on the fundamental price. The initial price
predictions (periods 1 and 2) are made with the guidance that prices will likely be between
0 and 100. However, participants do not know the exact market equilibrium equation, how
many other participants are in the market, or other participants’ predictions, strategies and
earnings. Participants have no communication with each other throughout the experiment.

2.2 From human to LLM participants

We conduct the experiments with LLMs using a combination of locally run LLMs with open
weights [Wolf et all 2020], the OpenAI API and the Google API. Each time step occurs
sequentially, with all 6 agents giving their predictions at time ¢ for time ¢ + 1 before the
realised price and earnings for time ¢ are calculated and the next time step occurs.

2.2.1 LLM agent settings

We detail some of the key parameters in the translation to LLMs, how LLMs were queried
and the settings that were used in our experiments.

Model: at the core of an LLM agent is a model such as GPT-5-mini or Qwen3-14B.
We consider a wide range of models, with sizes ranging from 7 billion parameters up to
the extremely large models, such as those from OpenAl where the exact parameter counts
are undisclosed but are most likely 200 billion or more [Epoch Al 2025 Erdil, 2024]. We
also consider a range of LLM families, including Qwen (Alibaba), Gemma (Google), GPT
(OpenAl), o series (OpenAl) and OLMO (Ai2). The Qwen, Gemma and OLMO families
are open-source while the others are not. The models we consider in this paper are listed in
Table [I} along with the names we use to refer to them from here on and whether they have
reasoning capabilities. GPT-5-mini can output low, medium or high amounts of reasoning,
and throughout this paper we use the medium reasoning setting.

Temperature: the temperature parameter of an LLM controls how random the model’s
response is. Lower values, near 0, are closer to deterministic outputs, while higher numbers,
typically near 1, are used for more randomness and diversity of output. We use a temper-
ature of 1 throughout this paper. This is to allow diverse LLM outputs, which may aid
in replicating human diversity, and also to ensure consistency across models as some GPT
models only accept this value of the parameter.

Memory: in these experiments, we define memory as the number of an agents’ own
prior responses it sees as context for its next price prediction. For example, a memory of
2 would mean that the agent can see its last two price predictions, along with its thinking



Model Name in paper  Provider Reasoning

Qwen3-14B Qwen3 Alibaba  Yes
Qwen3-14B (reasoning disabled) Qwen3-NR Alibaba  No
Qwen2.5-7B-Instruct Qwen2.5 Alibaba  No
OLMO3-7B-Think OLMO-Think  AI2 Yes
OLMO3-7B-Instruct OLMO-Instruct AI2 No
Gemma3-27B Gemma Google  No
GPT-4.1 GPT-4.1 OpenAl  No
GPT-40-mini GPT-40-mini OpenAl  No
03-mini 03-mini OpenAl  Yes
03 03 OpenAl  Yes
GPT-5-mini GPT-5-mini OpenAl  Yes

Table 1: Large language models used in this paper. Qwen3-14B and Qwen3-14B
(reasoning disabled) are identical models but we disable reasoning for the latter. Reasoning
models are highlighted in blue.

where applicable, as well as the prior 2 user prompts. This provides the agent with some
context and continuity in methodology, in keeping with the way humans can remember how
they made prior predictions. We use a value of 2 throughout these experiments. Other
values could be considered but an exploration of the effects of memory is out of scope for
this work (see e.g. del Rio-Chanona et al.| [2025]).

Seed: this parameter is designed to allow reproducibility and encourage transparency.
LLM outputs are generally stochastic but setting the seed makes it possible to reproduce
this randomness. Open-source models are all run with predetermined seeds which change
across runs and which also change for every agent and every time step. In the OpenAl API,
setting the seed is said to give “(mostly) deterministic outputs across API calls”, making
these results most likely replicable despite OpenAl stopping short of giving a full guarantee
of reproducibility [OpenAlT, |2026]. The Google APT does not allow reproducibility through
the seed parameter. We use the Google API for Gemma queries only.

2.2.2 Prompts

We keep instructions for the LLMs as similar as possible to those used in the human ex-
periments. However, some minor changes are required. To interact with the LLMs in a
systematic manner, we include specifications in the system prompt and each user prompt to
reply in JSON format. Throughout, we design the prompts to provide clear instructions, and
also to allow the LLMs space to “think” (even if they are not explicitly finetuned to output
thinking tokens). This second point is achieved by specifying a “justification” key in the
JSON output in which the LLM is asked to justify its price prediction. A useful side-effect
of this is that we also have a logic trail for LLM agent price predictions throughout, giving
us useful insights into why LLM agents output the prices they do. Another consideration is
the amount of tabular data communicated to the agent at each time step as they receive the
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prior prices and their prior predictions. To aid LLM understanding of the data, we format
this information as a markdown table [Fang et al., 2024].

The system prompt is identical to the explanatory text given at the start of the original
experiment except for added instructions on the response format, asking that responses are
in JSON format and the keys that should be used. Then, for each time step a user prompt
is also created which reflects as closely as possible the information given on-screen to human
participants. The only addition is a re-iteration of the JSON formatting request. The original
experiments instructions in Hommes et al.| |2008] are in Appendix while details of the
prompts given to LLMs are in Appendix

While most experiments are run with neutral prompts which closely follow the original
experiment, we also explore how changing the prompting strategy of an LLM impacts the
formation of bubbles. We introduce a prompt encouraging non-linear thinking and prediction
strategies. The full prompt encouraging non-linear thinking is in Appendix [A.2] However,
unless otherwise specified, all experiments are run with the prompt most closely resembling
the original experiment.

2.2.3 Experiment flow

As in the original experiments by Hommes et al.| [2008|, each market has 6 agents and
the experiment is run over 50 time steps throughout this paper. At the initial time step,
agents are informed that the price is likely in-between 0 and 100, in keeping with the original
experiment. For this first time step alone, agents are also asked to predict the first two prices,
after which price predictions return to only forecasting one price. The original experiment
also imposes a maximum prediction of 1000, although participants are only told about this
artificial cap on predictions if they try to predict above the cap. We implement this as well,
adding an extra note to the system prompt that predictions must be less than or equal to
1000 if and only if an agent attempts to predict above the cap. The sequence of each time
step t is therefore:

1. Instructions and context: each LLM agent is given the experiment instructions, in
the form of a system prompt, as well as their own output from the last two time steps
according to the memory parameter of 2.

2. Prompt: each agent is also given a new user prompt, which includes information such
as prior realised prices, their prior predictions, their earnings at the last time step and
their total earnings so far.

3. Prediction: using the instructions, context and prompt, each LLM then outputs a
price prediction for time step ¢4 1, as well as a justification for this prediction in JSON
format.

4. Market price and earnings calculations: using the price predictions from all
agents for time step t + 1, the realised price for time step ¢ is calculated according to



Eq. [ With the realised price for time step ¢ and the predicted prices for time step ¢
(predicted at time step t — 1) we then calculate earnings for each agent according to

Eq. 2

2.3 Bubble formation measures

To quantify the extent of bubble formation and mispricing in experimental markets, we em-
ploy several standard measures from the experimental asset market literature. These mea-
sures capture different aspects of how prices deviate from fundamental values: the direction
and magnitude of mispricing, the peak amplitude of bubbles, and overall price volatility.

We use two primary sets of measures to assess mispricing with respect to the fundamen-
tal value. The first set consists of Relative Deviation (RD) and Relative Absolute Deviation
(RAD) [Stockl et al. 2010], which measure the average percentage deviation of prices from
the fundamental value (value of 1 is a 100% average mispricing). RD captures systematic
overpricing or underpricing (positive values indicate overpricing, negative values underpric-
ing), while RAD measures the absolute magnitude of mispricing regardless of direction. We
complement these with their numeraire-independent equivalents, Geometric Deviation (GD)
and Geometric Absolute Deviation (GAD) [Powell, 2016], which use geometric rather than
arithmetic means and are therefore invariant to the currency units used.

To capture the maximum extent of bubble formation, we use Relative Deviation Maxi-
mum (RDMAX), defined as the peak percentage deviation from fundamental value observed
during the experiment |[Razen et al., 2017, Hoyer et al., 2023, |Jiao et al.,|2025|. This measure
is particularly useful for identifying the amplitude of price bubbles. Finally, to assess overall
price variability and volatility, we calculate the standard deviation and interquartile range of
realized market prices [Hanaki et al.; 2023]. Formal definitions of all measures are provided

in Appendix

We identify bubbles using two complementary binary indicators. The first, P", fol-
lowing [Kopanyi-Peuker and Weber [2021], [2024], classifies an experiment as containing a
bubble if the mean price over all periods exceeds twice the fundamental price. The second
indicator, Ppupe, Which we introduce, defines a bubble as sustained overpricing where the
market price remains above five times the fundamental value (300) for at least five consec-
utive periods. Using two measures increases robustness, as there is no universally accepted
definition of experimental bubbles and each captures different aspects of bubble dynamics.
Further discussion is provided in Appendix where these two measures are shown to be
robust across different parameter values and to agree with each other, with Cohen’s kappa
scores of 0.7 or above in all comparisons.

We characterise bubbles using three dimensions: speed of formation, amplitude, and
burst dynamics. When experiments produce multiple bubbles, we focus our analysis on the
first bubble, as this captures the initial market dynamics before participants learn from the
burst. To measure these, we first identify the bubble peak as the first local maximum within



a seven-period window exceeding the threshold of 300 . The bubble start is defined as the
earliest period where all subsequent prices up to the peak remain above the fundamental
value.

Based on these definitions we calculate: (i) time to form (Zpottom—pear); the number of
periods from bubble start to peak; (ii) amplitude (AMP), defined as (p?* — p’)/p/ where
pP* is the peak price with respect to the fundamental price; and (iii) half-life (HALF), the
number of periods after the peak for prices to fall below half the peak value. These measures
allow us to compare how quickly bubbles form, how extreme they become, and how rapidly
they burst across different models.

By analyzing whether bubbles form and how they grow, we can assess whether LLM
agents behave consistently with rational expectations. Under rational expectations, the
market equilibrium admits two types of solutions. The first is the steady state where prices
remain at the fundamental value p/ = 60 for all periods, which is obtained if agents coordi-
nate on the “no bubble” condition (the expected present value of future prices tends to zero
as time goes to infinity). The second type are rational bubbles, where prices grow exponen-
tially at the rate of return: p, = p/ + R'c, where R = 1 +r = 1.05 and c is any positive
constant [Hommes et al., 2008]. Rational bubbles satisfy rational expectations because if all
agents expect this growth rate, it becomes self-fulfilling.

We distinguish rational bubbles from speculative bubbles (driven by boundedly rational
expectations) by testing the growth rate. For a rational bubble, the log deviation from
fundamentals grows at a constant rate: if ¢, = In(p, — p/), then ¢,41 — ¢ = In R ~ 0.049.
Following Hommes et al. [2008], we calculate ¢;+1 — ¢; from the bubble start to the first
deceleration point before the peak (where p; — p—1 < pi_1 — pi—2). We then conduct a
one-sided t-test with Hy : ;41 — ¢ < In R against Hy : ¢;+1 — ¢ > In R. Rejection of the null
hypothesis indicates a speculative bubble growing faster than rational expectations would
predict, consistent with boundedly rational trend extrapolation by agents.

2.4 Analysis of price prediction strategies

We use two methods to analyse the prediction strategies of each LLM agent. The LLM agents
output as a final answer a JSON including both a price prediction and a justification for that
price prediction. The first method analyses the written justification given by the agent for
its price prediction. The second method looks directly at the outputted price prediction and
considers whether a linear or a non-linear extrapolation method best explains the agent’s
price prediction.



2.4.1 Analysis of price prediction justifications

We use Gemma to classify the justifications of each agent and each time step into two
separate binary indicators for: 1) if the agent uses non-linear reasoning in their prediction
and 2) if the agent considers a fundamental value when making their prediction.

To answer if non-linear extrapolation is used, we ask Gemma to determine if there is
evidence of “clear and explicit” use of non-linear extrapolation in the agent’s justification.
The examples given are: quadratic or higher-order polynomials, exponential models, rea-
soning about returns or percentage changes in price rather than absolute price changes and
reasoning about rates of change in price differences. The full prompt is shown in Appendix
[A.5] We do not consider the first three time steps as there would not be enough data in
these time steps to validly use non-linear methods. For runs with bubbles, we only consider
justifications before the peak of the first bubble as after this, the limit of 1000 is introduced
and could skew price prediction methods. For non-bubble experiment runs, we consider only
up to time step 12 as this around when the average bubble peaks, ensuring a fair comparison
between bubble and non-bubble experiments. We validate the classifier by hand-annotating
200 randomly selected justifications from across models, and find that the LLM classifier
gives an accuracy of 0.86 against human-labelled ground truth. Further details, including
precision, recall and F1 scores, are given in Appendix

A similar method is used to classify if LLM agents show evidence of using the funda-
mental price in the price prediction. We ask Gemma to classify if the agent “clearly and
explicitly anchors their prediction around what they consider is a fundamental asset price”.
We focus only on the first 5 time steps for this classification. This classifier is validated in
the same way as before, giving an accuracy of 0.96. Further details are in Appendix [A.6]

2.4.2 Quantitative analysis of price predictions

We also classify the methods used for price prediction by each agent by answering the
question: given the same information as the agent, does a non-linear model best explain the
agent’s price prediction? To do this, for every agent we consider predictions made after time
step 5 and before the peak of the bubble, if a bubble is formed, or otherwise before time
step 12. We take the last 5 realised prices available to the agent (from ¢ —6 to ¢t — 1) and fit
a linear, quadratic, cubic and exponential curve to these 5 prices. We also consider a naive
prediction method, which simply takes the last price available at ¢ — 1. These 5 models are
then used to predict the price at time ¢ 4+ 1, and the model which is closest to the agent’s
actual prediction for ¢t + 1 is taken as the “winner”. If the winner is a quadratic, cubic or
exponential model, then we conclude that the agent most likely used a non-linear method
for their price prediction, and we therefore classify that agent as having used non-linear
reasoning at that time step.

More discussion of a comparison between the two classification methods is given in
Appendix [A.7] We find that although the two methods for classifying whether an agent uses
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non-linear extrapolation do not always agree on individual points (Cohen’s kappa of 0.21),
they do both show the same conclusions, as discussed in Section 3.3} Using both methods
significantly increases the robustness of our findings.

3 Results

3.1 Comparing bubble formation across models

We find that reasoning is associated with bubble formation but is not sufficient alone in
determining if agents will form bubbles. A selection of experimental results across reasoning
and non-reasoning LLM agents, as well as human participants, is presented in Figure [I}

1000+

7504
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500
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Qwen3 03-mini

Reasoning LLM
Price

Gemma GPT-4.1

—— Realised price
7501 Agent predictions

Non-Reasoning LLM
Price
(]
o
S

0 20 40 0 20 40 0 20 40 0 20 40
Time Step Time Step Time Step Time Step

Figure 1: Comparing results across humans and LLM agents. Human results are
from Hommes et al|[2008]. The top row shows 4 of the 6 experiment runs with humans.
The LLM experiments show two results per model. Reasoning models show results that are
qualitatively more similar to humans than non-reasoning models.

With this experimental setup, prices with both human agents and reasoning LLLM agents
fluctuate wildly, with peak prices reaching well above the fundamental price, pf = 60, before
crashing down. In most cases where a bubble is formed, the peak approaches the artificial
limit price of 1000 and after the crash most often drops to below the fundamental price. This
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is in sharp contrast to non-reasoning LLM agents, where prices are much more stable around
the fundamental price with little deviation compared to humans and reasoning agents. This
makes the results with reasoning models qualitatively more like human results, as we can
say that, with humans and reasoning agents, bubbles appear to form.

To quantify the degree of mispricing and the volatility of the prices for different agent
types, we use the measures discussed in Section [2.3] These are calculated for a range of
different LLMs, varying in size, provider and reasoning capabilities, as well as for the results
with humans. The average measures across independent experimental repeats are presented

in Table Bl

Mispricing Volatility
Model Rpts RD RDMAX Std pr IQR pr
OLMO-Think 17 6.08 14.90 353.74  666.37
03-mini 3 524 13.80 289.42  508.76
Qwen3 20 3.25 14.32 301.37  279.40
Humans 6 2.40 12.16 215.63  213.77
03 3 1.61 13.68 207.49 75.21
GPT-40-mini 3 0.29 0.63  13.50 22.17
OLMO-Instruct 20 0.14 0.28 7.64 10.51
Qwen2.5 20 0.08 0.30 8.09 13.10
GPT-4.1 3 0.01 0.11 3.34 3.80
GPT-5-mini 3 -0.00 0.00 0.74 0.00
Gemma 18 -0.04 0.01 3.14 3.93

Table 2: Averaged statistics across experimental repeats. Models are sorted by
descending average RD values. Rows highlighted in blue are reasoning models, while the
row highlighted in yellow is the human results from |Hommes et al.|[2008]. Rpts is the number
of independent experiment repeats. The mispricing measures Relative Deviation (RD) and
Maximum Relative Deviation (RDMAX), are expressed as multiples of the fundamental
price (p/ = 60); for example, RDMAX values around 14 indicate prices were overvalued by
approximately 14 times the fundamental value at their peak. Std pr is the standard deviation
of the realised prices while IQR pr is the interquartile range of the realised prices. A complete
set of measures is shown in Appendix Most reasoning models develop bubbles similar
to humans in our experiments.

The results divide the models into two groups, with OLMO-Think, 03-mini, Qwen3 and
03 all showing larger average mispricing and volatility than the others. These four models
are more similar to the human results, where there is also a propensity towards overpricing
and volatile prices, consistent with bubble formation. We note that all models that show
bubble price action are reasoning models that have specifically been built or fine-tuned
to output thinking tokens before eventually outputting their final answer. However, not all
reasoning models exhibit bubble formation behaviour: GPT-5-mini, one of the latest
models from OpenAl, is equipped with reasoning but does not form bubbles. It should be
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noted that GPT-5-mini can use low, medium, or high amounts of reasoning, and for all
experiments we use a medium amount of reasoning. Changing the setting of the amount of
reasoning used could change the results with GPT-5-mini.

While the price action with reasoning LLM agents is in many ways qualitatively and
quantitatively similar to the results with human agents (except for GPT-5-mini), there re-
main key differences. For example, some of the results with humans show fairly stable price
action at the start of the experiment before a bubble is triggered. In contrast, the bubbles
from LLMs appear to all be triggered almost immediately. The bubbles formed by humans
also seem to burst faster than those formed by LLMs, with the latter exhibiting higher prices
after the bubble peak for longer. We compare the bubbles formed by reasoning models with
those formed by humans by quantifying the time to form the first bubble, its amplitude
and its half life as well as if there is evidence of it being a speculative bubble. The average
statistics are shown in Table Bl

Bubble frequency Bubble characteristics
Model R,ptS Pbubble Pbrgl%llg Tbottom—)peak HALF AMP SPEC
Qwen3 20 1.00 1.00 6.60 .58 14.32 0.95
03-mini 3 1.00 1.00 .00 11.00 13.59 1.00
OLMO-Think 17 1.00 1.00 6.76 6.82 14.39 0.71
Humans 6 0.83 0.83 15.60 3.20 14.03 0.80
03 3 0.67 1.00 10.00 3.00 14.29 0.50

Table 3: Averaged statistics across repeats for models with bubbles. Models are
sorted by descending proportion of runs with a bubble, Py, using the method introduced
in this paper. The proportion using the bubble detection from Kopanyi-Peuker and Weber
[2021} [2024], Prear | is added for robustness. Rpts is the number of independent experiment
repeats. The time for the bubble to form (Tpottom—peak), half-life of the bubble (HALF),
amplitude of the bubble (AMP) and proportion of experiments with speculative bubbles
(SPEC) are averaged across experiments only where a bubble is formed. Human results
from Hommes et al|[2008] are highlighted in yellow. Compared to humans, LLMs tend to
form bubbles faster, but these bubbles then burst more slowly.

While the average amplitude of the first bubble formed in LLM experiments is compa-
rable to that of bubbles formed by humans, we see that LLMs on average form a bubble
quicker than humans and, for most reasoning LLMs, the bubble bursts slower than with
humans. The model which comes closest to reproducing the shapes of the human bubbles
is 03, which has a time for the bubble to form of 10 time steps compared to humans at 15.6
and a bubble half-life of 3 time steps, similar to the 3.2 with humans. The smaller reasoning
models, Qwen3, 03-mini and OLMO-Think, are all much faster to form bubbles but take
from 6.82-11 time steps on average for the price to go below half its peak.

However, across all reasoning LLMs there is significant evidence at the 5% level of
speculative bubbles in almost all bubbles that are produced. It should be noted that even in
bubbles where there is insufficient evidence to reject the null hypothesis of a rational bubble,
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this may be due to insufficient data (when a bubble forms too quickly) or that a rational
bubble was truly formed. This finding is in keeping with the human bubbles in |[Hommes
et al.| [2008], where there was sufficient evidence in 4 of the 5 experiments with bubbles to
conclude that the bubbles formed were speculative. This is significant as it suggests that
bubbles formed by reasoning LLMs are consistent with boundedly rational price predictions
by agents, in keeping with the bounded rationality exhibited by humans.

Overall, our results suggest that reasoning capabilities, except in the very most recent
models, are associated with the formation of bubbles, making these results more similar to
those from humans than those from LLM agents without reasoning capabilities. Further,
when a bubble does form, there is evidence that reasoning LLMs follow boundedly rational
prediction strategies, similarly to the bubbles formed by humans. However, reasoning models
do not successfully replicate the time taken for a bubble to form or burst.

3.2 Impacts of reasoning on bubble formation

Our initial analysis showed that reasoning capabilities are often associated with bubble
formation; we now attempt to show this relationship is causal. To isolate the impact of
reasoning on bubble formation, we run experiments with Qwen3 and find evidence that
reasoning causes bubble formation in Qwen3. Qwen3 is an ideal candidate for our tests
because it is a reasoning model equipped with a mode in which the same model will not
output any reasoning |Qwenl |2025]. Therefore, we can keep all other parameters identical
and make causal claims about the impact of reasoning. The average summary statistics for
Qwen3 with and without reasoning (Qwen3 and Qwen3-NR) are presented in Table .

Mispricing Volatility
Model Rpts RD RDMAX Std pr IQR pr
Qwen3 20 3.25 14.32 301.37 279.40
Qwen3-NR 40 0.44 0.86 17.10 27.40

Table 4: Comparison of Qwen3 with and without reasoning. Qwen3 is regular Qwen3-
14B with reasoning, Qwen3-NR refers to the same model but with reasoning turned off.
Reported statistics are averaged across the independent repeats. The reasoning model is
highlighted in blue. Rpts is the number of independent experiment repeats. The mispric-
ing measures Relative Deviation (RD) and Maximum Relative Deviation (RDMAX), are
expressed as multiples of the fundamental price (p/ = 60). Std pr is the standard deviation
of the realised prices while IQR pr is the interquartile range of the realised prices. A com-
plete set of measures is reported in Appendix [B.2] Switching on reasoning in Qwen3 causes
bubbles to occur.

The Qwen3 model when reasoning is turned off has on average much lower mispricing,
overpricing and volatility of price tendencies, in line with no bubbles forming and similar to
the results of non-reasoning models such as GPT-40-mini. To make this more concrete, we
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perform a one-sided Mann-Whitney-Wilcoxon (MWW) test for each of the statistics in Table
with a null hypothesis that the medians of the underlying distributions are equal and the
alternate hypothesis that the median of the statistic distribution is higher with reasoning
than without. For added robustness and given we are performing several statistical tests,
we also use a Holm correction and report the adjusted p values as well. All tests are found
to reject the null hypothesis at the 0.001 level, both with and without the Holm correction
(p-values reported in Appendix . This offers strong evidence that the Qwen3 (with
reasoning) on average has larger absolute deviations from the theoretical value, over-prices
the asset more and has more price variability than Qwen3-NR (Qwen3 without reasoning).
Since all other parameters are held equal, this suggests that the reasoning used by Qwen3
causally impacts the overpricing, which is indicative of bubble formation.

This result is supported by the results reported in Table 2| for OLMO-Think and OLMO-
Instruct. These two models use the same base model but are fine-tuned in different ways,
such that OLMO-Think outputs intermediate reasoning tokens, but OLMO-Instruct does
not [Olmo et al., [2025]. These two models are therefore very closely related, although they
are not identical. The OLMO-Think agents show on average higher mispricing, over-pricing
and volatility in the realised prices compared to OLMO-Instruct. This supports the idea
that reasoning causes bubble formation, although we cannot make as strong a claim with
the OLMO models as with Qwen3 since the two OLMO models are not identical.

3.3 Non-linear thinking in reasoning models causes bubbles

By exploring the justifications of LLM agents, we find that a key difference between rea-
soning and non-reasoning models is the amount of non-linear extrapolation they do. The
results of the classifications are given in Table [5] These results show a striking difference
between results for Qwen3 and Qwen3-NR, with the reasoning model showing far more ev-
idence of non-linear reasoning. Using the LLM classification method (Section , the
reasoning model has 85.51% of its justifications showing evidence of non-linear extrapolation
compared to only 34.72% for the non-reasoning model. The same pattern is shown using
the quantitative classification method (Section . 03-mini also shows a high proportion,
89.74% with the LLM classifier, of its justifications including non-linear extrapolation meth-
ods. This gives evidence that a high proportion of non-linear extrapolation is associated
with bubble formation.

To consider whether the non-linear thinking causes bubbles to form, we prompt Qwen3-
NR (Qwen3 with reasoning turned off) to “take its time”, “think step-by-step” and to use
non-linear methods and reasoning. With this altered prompt (see Appendix and all else
held equal, we find that the propensity of the non-reasoning model to form bubbles increases
significantly. The average bubble measures are reported in Table[6] Using the MWW test as
before, we find that for the non-reasoning model, nonlinear prompting gives a higher average
mispricing and higher price variation than regular prompting, significant at the 0.01 level,
even with a Holm correction. This is in line with more bubbles being produced. Details of
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Model Rpts Non-linear (Quant) (%) Non-linear (%) Fundamental (%)

Qwen3 20 81.40 85.51 12.50
03-mini 3 80.00 89.74 6.41
Qwen3-NR 40 47.08 34.72 6.50
GPT-5-mini 3 6.67 25.00 38.89

Table 5: Classification of price predictions of agents. Rpts is the number of inde-
pendent experiments run. Quant refers to the quantitative classification method while the
two remaining classifications use the LLM classifier. The non-linear and fundamental clas-
sifications are not mutually exclusive, as an agent could use neither method (a linear trend
follower for example) or both (agent weights prediction between non-linear trend following
and anchoring to fundamental value for example). The classifications are also done on dif-
ferent time steps, as per Section This means that the percentages do not sum to 100.
Reasoning models are highlighted in blue. Reasoning allows non-linear extrapolation.

the p-values are reported in Appendix [B.3]

The non-linear prompt does seem to move the non-reasoning agents closer to the rea-
soning agents, although there is still some differences between the two. Using once again a
one-sided MWW test, we test if Qwen3 (reasoning model with normal prompting) gives on
average higher mispricing statistics than Qwen3-NR with non-linear prompting. We do not
find sufficient evidence to reject the null hypothesis at a 0.01 level for RAD, GAD, RD and
GD. In other words, we do not find sufficient evidence to say that Qwen3 produces higher
values for these measures on average compared to Qwen3-NR with non-linear prompting.
The exception to this is RDMAX, where there is evidence at the 0.01 level to suggest that
Qwen3 gives higher values on average than Qwen3-NR with non-linear prompting. Further
details of p-values are in Appendix[B.3] The remaining differences, for example in RDMAX,
may be because the reasoning model still has more space to think and therefore is still better
able to use non-linear reasoning. There may also be other factors in play, such as for example
a better understanding of the experiment setup. Most likely, it is a combination of several
factors. However, with Qwen3 we find evidence that non-linear thinking causally increases
the likelihood of observing bubbles in this experiment.

Analysing the justifications also suggests why GPT-5-mini does not form bubbles, in
contrast to another advanced OpenAl reasoning model such as 03-mini. Table |5 shows that
GPT-5-mini has a far higher propensity to consider the fundamental asset value (88.89% of
the time) in the first 5 time steps than o03-mini, Qwen3 or Qwen3-NR (6.41%, 12.5% and
6.5% respectively). GPT-5-mini also has the lowest evidence of non-linear extrapolation of
the four models, at only 25% of the justifications analysed using the LLM classifier. GPT-5-
mini acts more like a fundamentalist than the other models, meaning that prices remain more
anchored to the fundamental value and bubbles do not form. GPT-5-mini’s fundamentalist
strategy in this experiment also ties in with the results found by [Wang et al.| [2025], where
the most advanced reasoning models were found to predict very near the fundamental value
and therefore did not form bubbles. The behaviour of GPT-5-mini is notable as it suggests
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Mispricing Volatility

Model Prompt  Rpts RD RDMAX §Std pr IQR pr
Qwen3 normal 20 3.25 14.32 301.37  279.40
Qwen3-NR nonlinear 40 2.73 6.61 135.61 206.06

normal 40 0.44 0.86 17.10 27.40

Table 6: Qwen3 without reasoning but with nonlinear prompt gets closer to
Qwen3 with reasoning. Qwen3 is regular Qwen3 with reasoning, NR refers to the same
model but with reasoning turned off. Rpts is the number of independent experiment repeats.
The mispricing measures Relative Deviation (RD) and Maximum Relative Deviation (RD-
MAX), are expressed as multiples of the fundamental price (p/ = 60). Std pr is the standard
deviation of the realised prices while IQR pr is the interquartile range of the realised prices.
A complete set of measures is given in Appendix

that the most advanced reasoning models give more stable price action, which is good for
the stability of systems where they operate, but does not replicate the human propensity to
form bubbles as well as less advanced reasoning models.

We conclude that non-linear extrapolation appears to play a key role in the emergence
of bubbles, and reasoning models generally do more non-linear extrapolation. The exception
to this is GPT-5-mini, which appears to take a more fundamentalist approach compared to
the other models. This is most likely why GPT-5-mini does not form bubbles, and highlights
that different LLMs use different prediction styles.

3.4 Mixing models increases heterogeneity

Thus far, we have only considered the setting where all 6 agents in an experiment use the
same LLM to output their price prediction; we now consider the case with different LLMs-
agents within a single experiment run. We focus on differing reasoning capabilities within the
6 agents by considering mixtures of Qwen3 and Qwen3-NR (i.e. with and without reasoning),
as well as a mixture between Qwen3 (with reasoning) and Gemma. For example, we might
run the asset market experiment with two Qwen3-NR agents alongside four Qwen3 agents.
We call markets in which agents have differing reasoning capabilities a “mixed market”
and markets where all agents have the same underlying LLM and reasoning capabilities a
“homogenous market”.

We present a selection of measures in Table [7] capturing average mispricing, volatil-
ity, propensity to form bubbles and the shape of the bubbles formed. For the most part,
mixed markets fall between the results for homogenous markets with reasoning agents and
homogenous markets with non-reasoning agents in terms of their propensity to misprice and
the volatility of the prices. This makes sense as there is likely a mixture of different strategies
for price prediction in mixed markets as a result of the mixed agent types. The exception
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Mispricing Volatility =~ Bubble formation & shape

Model RptS RD Std pr Pbubble Tbottom—)peak HALF
1 Qwen3-NR vs 5 Qwen3 20 3.51 273.09 0.90 7.47  10.53
Qwen3 20 3.25 301.37 1.00 6.60 8.58
Humans 6 2.40 215.63 0.83 15.60 3.20
2 Qwen3-NR vs 4 Qwen3 20 2.39 149.95 0.45 9.00 11.88
3 Qwen3-NR vs 3 Qwen3 20 1.68 98.27 0.25 11.75 9.00
3 Gemma vs 3 Qwen3 18 1.09 83.43 0.22 13.50 7.33
Qwen3-NR 40 0.44 17.10 0.00 - -
Gemma 18 -0.04 3.14 0.00 - -

Table 7: Averaged statistics across experimental repeats. Models are sorted by
descending average RD values. Rows highlighted in green are mixed markets, while the
row highlighted in yellow is the human results from Hommes et al|[2008]. All other rows
are homogenous markets. Rpts is the number of independent experiment repeats. Relative
Deviation (RD), is expressed as a multiple of the fundamental price (p/ = 60). Std pr is
the standard deviation of the realised prices while Py is the proportion of experiments
with bubbles, using our binary indicator. Tiottom—pear and HALF are the average time to
form a bubble and half-life of the bubble, calculated only when a bubble is formed. A full
set of measures is given in Appendix B.4. Mixed markets tend to sit between homogenous
non-reasoning and homogenous reasoning markets.

to this is the mixture of one Qwen3-NR with five Qwen3 reasoning agents, which exhibits
higher average overpricing, according to the RD measure. This can be explained by using
the bubble shape measures, such as the time for a bubble to form, Tiottom—speak,; and the
half-life of the bubble, HALF. We note that 90% of the runs with one Qwen3-NR and five
Qwen3 agents form bubbles, but that on average these bubbles take longer to form and to
burst than homogenous markets with Qwen3 agents, as they have larger average values of
Thottom—pear and HALF. This explains why on average this mixed combination of agents has
a larger tendency towards over-pricing than 6 homogenous Qwen3 agents.

We also note from Table [7] that two Qwen3-NR agents with four Qwen3 agents show
similar average statistics to the human results in RD (and similarly for RAD, GD, and
GAD; see Appendix . However, a closer look at Pyusbic, Thottom—speak, and HALF reveals
differences between this mixed market and human results. The mixed market forms bubbles
only about half as often as humans, it forms them more quickly on average, but once bubbles
reach their peak, they take longer on average to burst. In summary, while a mixture of two
Qwen3-NR and four Qwen3 agents matches human results in terms of average mispricing, it
differs in both how often bubbles form and what shape they take.

Mixing agents with different reasoning abilities also increases the heterogeneity of re-
sults. Table [8 shows that key measures of overpricing (RD) and the shape of the bubbles
when formed (Thottom—spear and HALF) all have a larger standard deviation across experi-
mental runs for mixed markets. In other words, there is more variation between independent
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runs of the experiment when the agents have mixed reasoning capabilities.

Model Rpts Std RD  Std Thottom—spearr  Std HALF
2 Qwen3-NR vs 4 Qwen3 20 2.92 1.00 6.64
3 Qwen3-NR vs 3 Qwen3 20 2.57 2.99 2.00
3 Gemma vs 3 Qwen3 18 2.12 2.38 0.58
1 Qwen3-NR vs 5 Qwen3 20 1.94 1.84 5.58
Humans 6 1.19 7.54 0.45
Qwen3 20 0.72 1.76 1.50
Qwen3-NR 40 0.29 - -
Gemma 18 0.04 - -

Table 8: Standard deviation of statistics across experimental repeats. Models are
sorted by descending Std RD values. Rows highlighted in green are mixed markets, while the
row highlighted in yellow is the human results from Hommes et al.|[2008]. All other rows are
homogenous markets. Rpts is the number of independent experiment repeats. STD RD is
the standard deviation of the Relative Deviation over experimental repeats. Std Tiottom—speak
and Std HALF are the standard deviations of the time for a bubble to form and the bubbles
half-life respectively. Mixed market produce more diverse outcomes than homogenous ones.

We find that mixed markets yield more diverse and less predictable outcomes than ho-
mogeneous ones. This is important since, outside experimental settings, deployed Al agents
are likely to interact as heterogeneous populations, making emergent behaviour harder to
anticipate. We also highlight the importance of using diverse measures when evaluating
experimental asset markets, as general measures such as mispricing and volatility can be
misleading. We show an example where a specific mixture of agents appears similar to hu-
mans on the surface but differs markedly in bubble frequency and shape. This has important
methodological implications for the study and design of experimental asset markets.

4 Discussion and Conclusion

Our results show that reasoning LLMs at intermediate capability levels can replicate human-
like bounded rationality and speculative bubble formation in asset market experiments. We
find a strong association between reasoning capabilities and bubble formation, and establish
this relationship is causal using Qwen3-14B where reasoning can be toggled on and off.
Analysis of agent justifications reveals that reasoning models act like chartists: it is not
extrapolation per se, but non-linear extrapolation that drives bubble formation. However,
reasoning does not guarantee bubbles. The most advanced model we test (GPT-5-mini)
takes a fundamentalist approach and produces stable price dynamics, consistent with the
heterogeneous agent model literature where fundamentalists stabilise markets and chartists
amplify deviations [Hommes, 2006]. We also find markets with mixed-ability agents produce
less predictable outcomes and a wider range of results than homogeneous markets.
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These findings are consistent with prior work showing that LLMs exhibit bounded ra-
tionality rather than strict rational expectations [del Rio-Chanona et al.| [2025], and that the
state of the art models behave more like textbook-rational agents [Wang et al., [2025]. Non-
reasoning models appear to lack the strategic depth required for speculation; evidence from
k-level reasoning games suggests they engage in shallower strategic thinking than humans
[Gao et al., |2025], which may explain their failure to coordinate on trend-following even when
forecasting two periods ahead (notably, human bubbles in this experiment only emerge with
two-step-ahead forecasting). At the other extreme, frontier reasoning models solve the co-
ordination problem “too well,” recognising that anchoring to fundamentals is optimal when
others do the same. Intermediate reasoning models occupy a middle ground: capable enough
to extrapolate non-linearly from price trends, but not so capable as to reason through to
the fundamentalist equilibrium. This means that they satisfy many of the classical theories
suggested for why humans form bubbles, such as coordination on trend extrapolation, posi-
tive feedback expectations and bounded rationality of agents |[Anufriev and Hommes, 2012}
Hommes et al., 2008, [2021, Hommes| 2011]. This also aligns with the original experimental
conditions, where human participants made decisions under time pressure, plausibly relying
more on intuitive pattern recognition than deliberate calculation [Kahneman, [2011].

We extend this literature in two directions. First, we establish causality by toggling
reasoning within a single model architecture, rather than comparing across different mod-
els. Second, by analysing agent justifications, we identify non-linear extrapolation as a key
mechanism distinguishing bubble-forming from non-bubble-forming behaviour, opening the
black box of how LLM agents form price expectations. Methodologically, this demonstrates
that LLM justifications can reveal cognitive strategies underlying aggregate outcomes, an
advantage over human experiments where reasoning is typically unobserved.

Several limitations constrain interpretation. Data leakage remains a concern: LLMs
may have been trained on descriptions of this experiment [Barrie and Tornberg, 2025]. How-
ever, agents did not reproduce human results exactly, and several failed to identify the
correct fundamental price of 60, suggesting behaviour is not simply retrieved from train-
ing data. Second, we study a single canonical experiment; generalisation to other market
structures remains open. In particular, Qwen3-14B and other reasoning models replicate
human behaviour well in this setup but generalisation to other scenarios is not guaranteed.
Third, while mixed-capability markets yielded greater heterogeneity, they did not recover
the full heterogeneity observed in human markets. Future work could explore different agent
mixtures or compare markets with varied compositions systematically.

For economic modelling, our results suggest that intermediate-capability reasoning LLMs
may serve as useful surrogates for human participants, offering a path through the wilderness
of bounded rationality. Rather than choosing between rational expectations (tractable but
unrealistic) and ad hoc behavioural rules, researchers may be able to use LLM agents whose
behaviour emerges from training on human-generated text. For market stability, our findings
challenge the conclusion that LLMs produce stable outcomes in the absence of exterior shocks
Henning et al. [2025], Muntoni| [2025]. The relationship between Al capability and market
dynamics is non-monotonic: intermediate reasoning produces the most volatile price action,
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while both low-capability and frontier models converge to fundamentals. As Al systems with
heterogeneous capabilities enter financial markets, understanding these interactions becomes
important for both practitioners and regulators.
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A Methodology

A.1 Original experiment instructions

General information.

You are a financial advisor to a pension fund that wants to optimally invest a large
amount of money. The pension fund has two investment options: a risk free investment and
a risky investment. The risk free investment is putting all money on a bank account paying
a fixed and known interest rate. The alternative risky investment is an investment in the
stock market with uncertain return. In each time period the pension fund has to decide
which fraction of its money to put on the bank account and which fraction of the money to
spend on buying stocks. In order to make an optimal investment decision the pension fund
needs an accurate prediction of the price of the stock. As their financial advisor, you have
to predict the stock market price during 51 subsequent time periods. Your earnings during
the experiment depend upon your forecasting accuracy. The smaller your forecasting errors
in each period, the higher your total earnings.

Forecasting task of the financial advisor.

The only task of the financial advisors in this experiment is to forecast the stock market
index in each time period as accurate as possible. The stock price has to be predicted two
time periods ahead. At the beginning of the experiment begins, you have to predict the
stock price in the first two periods. It is very likely that the stock price will be between
0 and 100 in the first two periods. After all participants have given their predictions for
the first two periods, the stock market price for the first period will be revealed and based
upon your forecasting error your earnings for period 1 will be given. After that you have to
give your prediction for the stock market index in the third period. After all participants
have given their predictions for period 3, the stock market index in the second period will
be revealed and, based upon your forecasting error your earnings for period 2 will be given.
This process continues for 51 time periods.

The available information for forecasting the stock price in period t consists of:

e all past prices up to period t - 2, and
e past predictions up to period t - 1, and

e total earnings up to period t - 2

Information about the stock market.

The stock market price is determined by equilibrium between demand and supply of
stocks. The stock market price in period t will be that price for which aggregate demand
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equals supply. The supply of stocks is fixed during the experiment. The demand for stocks
is determined by the aggregate demand of a number of large pension funds active. Each
pension fund is advised by a participant of the experiment.

Information about the investment strategies of the pension funds.

The precise investment strategy of the pension fund that you are advising and the 1
investment strategies of the other pension funds are unknown. The bank account of the risk
free investment pays a fixed interest rate of 5% per time period. The holder of the stock
receives a dividend payment in each time period. These dividend payments are uncertain
however and vary over time. Economic experts of the pension funds have computed that the
average dividend payments are 3 guilder per time period. The return of the stock market
per time period is uncertain and depends upon (unknown) dividend payments as well as
upon price changes of the stock. As the financial advisor of a pension fund you are not
asked to forecast dividends, but you are only asked to forecast the price of the stock in each
time period. Based upon your stock market price forecast, your pension fund will make an
optimal investment decision. The higher your price forecast the larger will be the fraction of
money invested by your pension fund in the stock market, so the larger will be their demand
for stocks.

Earnings.

Earnings will depend upon forecasting accuracy only. The better you predict the stock
market price in each period, the higher your aggregate earnings. Earnings will be according
to the following earnings table.

26



Table 9: Earnings (Payoff) Table
Error Points Error Points Error Points Error Points Error Points
0.10 1300 1.50 1240 3.00 1061 4.40 786 5.80 408
0.15 1299 1.55 1236 3.05 1053 4.45 775 5.85 392
0.20 1299 1.60 1232 3.10 1045 4.50 763 5.90 376
0.25 1298 1.65 1228 3.15 1037 4.55 751 5.95 361
0.30 1298 1.70 1223 3.20 1028 4.60 739 6.00 345
0.35 1297 1.75 1219 3.25 1020 4.65 726 6.05 329
0.40 1296 1.80 1214 3.30 1011 4.70 714 6.10 313
0.45 1295 1.85 1209 3.35 1002 4.75 701 6.15 297
0.50 1293 1.90 1204 3.40 993 4.80 689 6.20 280
0.55 1292 1.95 1199 3.45 984 4.85 676 6.25 264
0.60 1290 2.00 1194 3.50 975 4.90 663 6.30 247
0.65 1289 2.05 1189 3.55 966 4.95 650 6.35 230
0.70 1287 2.10 1183 3.60 956 5.00 637 6.40 213
0.75 1285 2.15 1177 3.65 947 5.05 623 6.45 196
0.80 1283 2.20 1172 3.70 937 5.10 610 6.50 179
0.85 1281 2.25 1166 3.75 927 5.15 596 6.55 162
0.90 1279 2.30 1160 3.80 917 5.20 583 6.60 144
0.95 1276 2.35 1153 3.85 907 5.25 569 6.65 127
1.00 1273 2.40 1147 3.90 896 5.30 555 6.70 109
1.05 1271 2.45 1141 3.95 886 5.35 541 6.75 91
1.10 1268 2.60 1121 4.00 876 5.40 526 6.80 73
1.15 1265 2.65 1114 4.05 865 5.45 512 6.85 55
1.20 1262 2.70 1107 4.10 854 5.50 497 6.90 37
1.25 1259 2.75 1099 4.15 843 5.55 483 6.95 19
1.30 1255 2.80 1092 4.20 832 5.60 468 > 7.00 0
1.35 1252 2.85 1085 4.25 821 5.65 453
1.40 1248 2.90 1077 4.30 809 5.70 438
1.45 1244 2.95 1069 4.35 798 5.75 423

Note: 1300 points equal 1 Dutch guilder.

A.2 LLM experiment prompts

System prompt

LLM Prompt

General information: You are a financial advisor to a pension fund that
wants to optimally invest a large amount of money. The pension fund has
two investment options: a risk free investment and a risky investment.
The risk free investment is putting all money on a bank account paying
a fixed and known interest rate. The alternative risky investment is

an investment in the stock market with uncertain return. In each time
period the pension fund has to decide which fraction of its money to put
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on the bank account and which fraction of the money to spend on buying
stocks. In order to make an optimal investment decision the pension
fund needs an accurate prediction of the price of the stock. As their
financial advisor, you have to predict the stock market price during
subsequent time periods. Your earnings during the experiment depend upon
your forecasting accuracy. The smaller your forecasting errors in each
period, the higher your total earnings.

Forecasting task of the financial advisor: The only task of the
financial advisors in this experiment is to forecast the stock market
index in each time period as accurate as possible. The stock price

has to be predicted two time periods ahead. At the beginning of the
experiment begins, you have to predict the stock price in the first two
periods. It is very likely that the stock price will be between 0 and
100 in the first two periods. After all participants have given their
predictions for the first two periods, the stock market price for the
first period will be revealed and based upon your forecasting error

your earnings for period 1 will be given. After that you have to give
your prediction for the stock market index in the third period. After
all participants have given their predictions for period 3, the stock
market index in the second period will be revealed and, based upon your
forecasting error your earnings for period 2 will be given. This process
continues for time periods. The available information at period t for
forecasting the stock price in period t consists of: - all past prices
up to period t-2, and - past predictions up to period t-1, and - total
earnings up to period t-2

Information about the stock market: The stock market price is determined
by equilibrium between demand and supply of stocks. The stock market
price in period t will be that price for which aggregate demand equals
supply. The supply of stocks is fixed during the experiment. The demand
for stocks is determined by the aggregate demand of a number of large
pension funds active. Each pension fund is advised by a participant of
the experiment.

Information about the investment strategies of the pension funds: The
precise investment strategy of the pension fund that you are advising and
the investment strategies of the other pension funds are unknown. The
bank account of the risk free investment pays a fixed interest rate of

5% per time period. The holder of the stock receives a dividend payment
in each time period. These dividend payments are uncertain however and
vary over time. Economic experts of the pension funds have computed

that the average dividend payments are 3 guilder per time period. The
return of the stock market per time period is uncertain and depends upon
(unknown) dividend payments as well as upon price changes of the stock.
As the financial advisor of a pension fund you are not asked to forecast
dividends, but you are only asked to forecast the price of the stock in
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each time period. Based upon your stock market price forecast, your
pension fund will make an optimal investment decision. The higher your
price forecast the larger will be the fraction of money invested by your
pension fund in the stock market, so the larger will be their demand for
stocks.

Earnings: earnings will depend upon forecasting accuracy only. The
better you predict the stock market price in each period, the higher your
aggregate earnings. Earnings will be according to the following earnings
table.

| error | points | |---—-—-- |- | 1 0.1 | 1300 | | 0.15 | 1299 | |
0.2 | 1299 | | 0.256 | 1298 | | 0.3 | 1298 | | 0.35 | 1297 | | 0.4 | 1296
| | 0.45 | 1295 | | 0.5 | 1293 | | 0.55 | 1292 | | 0.6 | 1290 | | 0.65

| 1289 | | 0.7 | 1287 | | 0.76 | 1285 | | 0.8 | 1283 | | 0.85 | 1281 |

| 0.9 | 1279 | | 0.95 | 1276 | | 1 | 1273 | | 1.05 | 1271 | | 1.1 | 1268
| | 1.15 | 1265 | | 1.2 | 1262 | | 1.256 | 12569 | | 1.3 | 125656 | | 1.35

| 1252 | | 1.4 | 1248 | | 1.45 | 1244 | | 1.5 | 1240 | | 1.55 | 1236 | |
1.6 | 1232 | | 1.65 | 1228 | | 1.7 | 1223 | | 1.75 | 1219 | | 1.8 | 1214
| 1 1.85 1 1209 | | 1.9 | 1204 | | 1.95 | 1199 | | 2 | 1194 | | 2.05 |
1189 | | 2.1 | 1183 | | 2.15 | 1177 | | 2.2 | 1172 | | 2.25 | 1166 | |
2.3 |1 1160 | | 2.35 | 1163 | | 2.4 | 1147 | | 2.45 | 1141 | | 2.6 | 1121
| 1 2.65 | 1114 | | 2.7 | 1107 | | 2.756 | 1099 | | 2.8 | 1092 | | 2.85 |
1085 | | 2.9 | 1077 | | 2.95 | 1069 | | 3 | 1061 | | 3.05 | 1053 | | 3.1
| 1045 | | 3.15 | 1037 | | 3.2 | 1028 | | 3.25 | 1020 | | 3.3 | 1011 |

| 3.35 | 1002 | | 3.4 | 993 | | 3.45 | 984 | | 3.5 | 975 | | 3.55 | 966
| | 3.6 | 956 | | 3.65 | 947 | | 3.7 | 937 | | 3.756 | 927 | | 3.8 | 917
| 1 3.85 1907 | | 3.9 |189% | | 3.95 | 886 | | 4| 876 | | 4.05 | 865

| 1 4.1 1854 | | 4.15 | 843 | | 4.2 | 832 | | 4.25 | 821 | | 4.3 | 809
| | 4.356 | 798 | | 4.4 | 786 | | 4.45 | 775 | | 4.5 | 763 | | 4.55 | 751
| | 4.6 | 739 | | 4.65 | 726 | | 4.7 | 714 | | 4.75 | 701 | | 4.8 | 689
| 1 4.85 | 676 | | 4.9 | 663 | | 4.95 | 650 | | 5 | 637 | | 5.05 | 623

| | 5.1 1610 | | 5.156 | 596 | | 5.2 | 683 | | 5.25 | 569 | | 6.3 | 555
| | 56.35 | 541 | | 6.4 | 526 | | 5.45 | 512 | | 5.5 | 497 | | 5.55 | 483
| | 6.6 | 468 | | 5.65 | 453 | | 5.7 | 438 | | 5.75 | 423 | | 5.8 | 408
| | 56.86 | 392 | | 6.9 | 376 | | 5.95 | 361 | | 6 | 345 | | 6.05 | 329 |
| 6.1 | 313 | | 6.15 | 297 | | 6.2 | 280 | | 6.256 | 264 | | 6.3 | 247 |

| 6.35 | 230 | | 6.4 | 213 | | 6.45 | 196 | | 6.5 | 179 | | 6.55 | 162 |
| 6.6 | 144 | | 6.65 | 127 | | 6.7 | 109 | | 6.75 | 91 | | 6.8 | 73 | |
6.85 | 65 | | 6.9 | 37 | [ 6.95 | 19 | | >=7 | 0 |

Response format: Your response should be exclusively in JSON format
with keys: ’reasoning’ where you explain your rationale and method for

prediction, and ’predictedValue’, the numeric value of your predicted
market price. Nothing outside the JSON format should be written.

Only for the first time step should there be three keys: ’reasoning’,
’predictedValuel’, and ’predictedValue2’.
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Initial user prompt

LLM Prompt

This is the first time step, give an initial price prediction for the

first two periods. It is very likely that the stock price will be

between 0 and 100 in the first two periods.

Your response should be in the format:

{"reasoning": "your reasoning here", "predictedValuel": xx.xx,
"predictedValue2": xx.xXx}

Subsequent user prompt

LLM Prompt

Current time step: {}; below is a markdown table showing historical
market prices and your predictioms:

{}
Total earnings up to time {}: {}. Earnings at last time step: {}.
Make your prediction for what the price will be in time period {}.
Your response should be in the format:

{"reasoning": "your reasoning here", "predictedValue": xx.xx}

Non-linear user prompt

LLM Prompt

Current time step: {}; below is a markdown table showing historical
market prices and your predictions:

{}

Total earnings up to time {}: {}. Earnings at last time step: {}.
Make your prediction for what the price will be in time period {}.
Take your time, think step by step, and try to extrapolate observed
trends into the future. Pay particular attention to modelling second
and higher order trends in the price. This could include quadratic
models, exponential models, looking at the change in price differences
or modelling the price returns rather than the absolute price.
Your response should be in the format:

{"reasoning": ‘"your reasoning here", "predictedValue": xx.xx}

Price cap message

Predictions above 1000 or below O are not accepted please submit a
prediction between O and 1000.
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A.3 Bubble measures definitions

Let p; denote the realised market price at time ¢, 7 be the total number of periods, p/ the
fundamental value (where p/ = 60 for our experiment) and p be the average realised price.
The following measures are used to quantify price deviations and market volatility:

1. Relative Deviation (RD): Measures the average overpricing relative to the funda-

mental price.
1 ~pe— 9
RD=_) =

(3)

2. Relative Absolute Deviation (RAD): Measures the average magnitude of absolute
mispricing.

AD 1 o |pr — /] A
R _TZ;TT_ (4)

3. Maximum Relative Deviation (RDMAX): Measures the peak amplitude (the
highest relative bubble) reached during the session.

o
RDMsznme” p) (5)
t pf

4. Geometric Deviation (GD): A numeraire-independent equivalent of RD.
1 — D
p— _t J—
GD = exp (T 521 In (pf>) 1 (6)

5. Geometric Absolute Deviation (GAD): A numeraire-independent equivalent of

RAD.
(7))

6. Price Variability: To measure the variability of price action, we employ the standard
deviation and the interquartile range (IQR) of the price series:

T
t=

GAD = exp (% Z

1

Op = % Z(pt - D) (8)

t=1

IQR = Q3(pt) — Q1(p) (9)
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A.4 Robustness of bubble indicators

We test the robustness of each binary bubble indicator, as well as the agreement between
the two indicators. Considering 150 independent experiment runs from across 11 different
models, of which roughly a third of runs exhibited bubble-like behaviour, we classify each
run 19 different ways. The first 15 classifications correspond to the binary bubble indicator
introduced in this paper, Pyume, in which prices must be above a chosen threshold for a
certain number of time steps in order to classify a run as containing a bubble. We consider
five thresholds (180, 240, 300, 360, 420) and three lengths of time (3, 5, 7), giving the
15 classifications. The second binary bubble indicator, P, requires the average price
to be above a given threshold in order for a bubble to be deemed to have formed. We
consider four thresholds (90, 120, 150, 180). Once all 150 experimental runs have been
classified using these 19 classifiers, we calculate Cohen’s kappa to measure agreement between
the bubble indicators. This measure ranges from -1 to 1, with higher values signalling
stronger agreement. We find that all Cohen kappa scores are above 0.7, indicating very
strong agreement between the two methods and across parameter values. These results are
shown in Figure
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Figure 2: Cohen’s kappa scores between binary bubble indicators.
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A.5 LLM classifier prompts

Prompt for LLM classification of whether an agent used non-linear extrapolation in their
price prediction:

LLM Prompt

Analyse the following response from an agent trying to predict the price
of an asset in a market experiment. Identify if the agent is clearly and
explicitly using non-linear extrapolation to make their prediction, and
explain your reasoning. Some examples of non-linear reasoning are:

- Uses a quadratic or higher order polynomial - Uses an exponential model
- Reasons about the returns of the price, or percentage change in price,
rather than about absolute price changes - Reasons about the rate of
change of the differences in prices.

Your response should be in exclusively in JSON format, with the structure
below:

{"reasoning": "your reasoning here", "Non-linear extrapolation": 1 if
non-linear extrapolation is used, O otherwise}

Here is the text to analyse:

B

Prompt for LLM classification of whether an agent used a fundamental valuation in
their price prediction:

LLM Prompt

Analyse the following response from an agent trying to predict the price
of an asset in a market experiment. Identify if the agent is clearly

and explicitly anchoring their prediction around what they consider is a
fundamental asset price. This fundamental price can be calculated in any
way, such as dividend discounting or any other method. For reference,
the correct fundamental price in this experiment is 60 but the agent
could be anchoring to a different, incorrect, fundamental value.

Your response should be in exclusively in JSON format, with the structure
below:

{"reasoning": "your reasoning here", "Fundamental": 1 if fundamental
price is used, 0O otherwise}

Here is the text to analyse:

0
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A.6 Validation of LLM classifiers

precision recall fl-score support

0.0 0.96 0.83 0.89  139.00
1.0 0.71  0.92 0.80 61.00
macro avg 0.83  0.88 0.85  200.00
weighted avg 0.88  0.86 0.86  200.00

Table 10: Comparison of LLM classification with hand-labelled ground truth for
the non-linear extrapolation classification. Compares Gemma classifications against
ground-truth hand-labelled classifications for 200 randomly selected justification traces from
across a range of models. 1 represents a classification of the justification as showing evidence
of non-linear extrapolation.

precision recall fl-score support

0.0 1.00  0.95 0.98  149.00
1.0 0.88  1.00 0.94 51.00
macro avg 0.94 0.98 0.96  200.00
weighted avg 0.97  0.96 0.97  200.00

Table 11: Comparison of LLM classification with hand-labelled ground truth for
the fundamental classification. Compares Gemma classifications against ground-truth
hand-labelled classifications for 200 randomly selected justification traces from across a range
of models. 1 represents a classification of the justification as showing evidence of using a
fundamental valuation for the asset.

A.7 Comparison of quantitative classifier and LLM classifier

We compare the two classification methods across all runs with Qwen3, Qwen3-NR, 03-mini
and GPT-5-mini between period 6 and either two before the peak of the first bubble or time
step 12. The Cohen’s kappa between the two measures is 0.21, where Cohen’s kappa goes
from -1 to 1, with 1 indicating a perfect agreement and -1 perfect disagreement. A score of
0.21 suggests that the two methods tend to agree more than they would be random chance.
However, there remains disagreement between the two methods.

This disagreement could be for several reasons. Firstly, the quantitative classification
method uses the previous 5 realised prices, while in reality agents may be using a different
number of time steps to fit their non-linear method. The quantitative method also only
considers a finite number of different classifications methods. If the agent uses a different
non-linear method, the LLM classification may classify the extrapolation as non-linear but
not the quantitative method. There may also be cases where an agent might say they
are using non-linear methods but either do not actually do this in practice, or get the
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method wrong. The setup of the experiment, where the last known price is at t — 1 but the
prediction is for t + 1 makes this more likely, as if the agent uses a non-linear method but
incorrectly only predicts one time step forward, the quantitative and LLM classifications may
disagree. Finally, the Gemma classifier itself may simply make a mistake, as LLM classifiers
are themselves stochastic and the question asked of the LLM has room for some subjectivity.

Despite these differences in the classifications, both methods show the same results, as
found in Section 3.3

B Results

B.1 Comparing bubble formation across models

Mispricing Volatility
Model Rpts RAD GAD RD GD RDMAX Stdpr IQR pr
OLMO-Think 17 639 490 6.08 2.54 14.90 353.74 666.37
03-mini 3 528 352 524 3.38 13.80 289.42  508.76
Qwen3 20 3.45 1.85 3.25 1.14 14.32 301.37 279.40
Humans 6 260 1.68 240 0.99 12.16 215.63  213.77
03 3 169 078 1.61 0.59 13.68 207.49 75.21
GPT-40-mini 3 031 029 0.29 0.27 0.63 13.50 22.17
OLMO-Instruct 20 0.18 0.18 0.14 0.13 0.28 7.64 10.51
Qwen2.5 20 0.14 0.14 0.08 0.07 0.30 8.09 13.10
GPT-4.1 3 004 0.04 0.01 0.00 0.11 3.34 3.80
GPT-5-mini 3 0.00 0.00 -0.00 -0.00 0.00 0.74 0.00
Gemma 18 0.06 0.07 -0.04 -0.04 0.01 3.14 3.93

Table 12: Averaged statistics across experimental repeats. Models are sorted by de-
scending average RAD values. Rows highlighted in blue are reasoning models, while the row
highlighted in yellow is the human results from Hommes et al.| [2008]. The mispricing mea-
sures, Relative Absolute Deviation (RAD), Geometric Absolute Deviation (GAD), Relative
Deviation (RD), Geometric Deviation (GD) and Maximum Relative Deviation (RDMAX),
are expressed as multiples of the fundamental price (p/ = 60); for example, RDMAX values
around 14 indicate prices were overvalued by approximately 14 times the fundamental value
at their peak. Std pr is the standard deviation of the realised prices while IQR pr is the
interquartile range of the realised prices.

B.2 Impacts of reasoning on bubble formation
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Mispricing Volatility

Model Rpts RAD GAD RD GD RDMAX Stdpr IQR pr
Qwen3 20 345 185 325 1.14 14.32 301.37  279.40
Qwen3-NR 40 046 043 044 0.40 0.86 17.10  27.40

Table 13: Comparison of Qwen3 with and without reasoning. Qwen3 is regular
Qwen3-14B with reasoning, Qwen3-NR refers to the same model but with reasoning turned
off. Reported statistics are averaged across the independent repeats. Reasoning model is

highlighted in blue.

Metric RAD GAD RD GD RDMAX

p 1.87e-10  2.52e-10  1.87e-10 2.25e-06  1.59e-10
padj 7.95e-10 7.95e-10 7.95e-10 2.25e-06  7.95e-10

Table 14: MWW test p-values for Qwen3 reasoning vs non-reasoning. This shows
that Qwen3 with reasoning on average over-values the asset and produces more volatile
realised prices than Qwen3 without reasoning. p is the raw MWW p value, with p adj the
Holm adjusted value.

B.3 Non-linear thinking in reasoning models causes bubbles

Mispricing Volatility
Model Prompt Rpts RAD GAD RD GD RDMAX Stdpr IQR pr
Qwen3 normal 20 345 185 325 1.14 14.32 301.37  279.40
Qwen3-NR nonlinear 40 282 210 2.73 1.84 6.61 135.61 206.06
normal 40 0.46 0.43 0.44 0.40 0.86 17.10 27.40

Table 15: Qwen3 without reasoning but with nonlinear prompt gets closer to
reasoning. Qwen3 is regular Qwen3 with reasoning, NR refers to the same model but with
reasoning turned off.
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Metric RAD GAD RD GD RDMAX

p 6.68e-06 1.80e-06 7.61e-04 7.36e-03  2.73e-06
padj  2.00e-05 9.00e-06 1.52e-03 7.36e-03  1.09e-05

Table 16: MWW test p-values for Qwen3 non-reasoning with non-linear prompt-
ing vs normal prompting. This shows that Qwen3 non-reasoning with non-linear prompt-
ing on average over-values the asset compared to with normal prompting. p is the raw MWW
p value, with p adj the Holm adjusted value.

Metric RAD GAD RD GD RDMAX

p 4.16e-02 1.92e-01 5.57e-02 4.84e-01  2.16e-08
padj 1.66e-01 3.84e-01 1.67e-01 4.84e-01  1.08e-07

Table 17: MWW test p-values for Qwen3 non-reasoning with non-linear prompt-
ing vs Qwen3 with reasoning and normal prompting. This shows that Qwen3 non-
reasoning with non-linear prompting is only significantly different for RDMAX. p is the raw
MWW p value, with p adj the Holm adjusted value.

B.4 Mixing models increases heterogeneity
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Mispricing Volatility

Model Rpts RAD GAD RD GD RDMAX Stdpr IQR pr
1 Qwen3-NR vs 5 Qwen3 20 3.71 223 351 1.51 12.92 273.09 328.11
Qwen3 20 345 185 325 1.14 14.32 301.37  279.40
Humans 6 260 1.68 240 0.99 12.16 215.63  213.77
2 Qwen3-NR vs 4 Qwen3 20 253 176 239 1.38 7.18 149.95 167.04
3 Qwen3-NR vs 3 Qwen3 20 1.83 144 168 1.05 4.75  98.27  121.69
3 Gemma vs 3 Qwen3 18 125 089 1.09 0.53 3.90 83.43 97.34
Qwen3-NR 40 0.46 043 044 040 0.86 17.10 27.40
Gemma 18 0.06 0.07 -0.04 -0.04 0.01 3.14 3.93

Table 18: Averaged statistics across experimental repeats. Models are sorted by
descending average RD values. Rows highlighted in green are mixed markets, while the row
highlighted in yellow is the human results from Hommes et al. [2008]. All other rows are
homogenous markets. Mispricing metrics are expressed as a multiple of the fundamental
price (p/ = 60). Std pr is the standard deviation of the realised prices while IQR pr is the
interquartile range of the prices.

Bubbles occur Bubble shape
Model RptS Pbubble Pgﬁg&g Tbottom%peak HALF AMP SPEC
Qwen3 20 1.00 1.00 6.60 8.58 14.32 0.95
1 Qwen3-NR vs 5 Qwen3 20 0.90 0.90 747  10.53 14.28 1.00
Humans 6 0.83 0.83 15.60 3.20 14.03 0.80
2 Qwen3-NR vs 4 Qwen3 20 0.45 0.50 9.00 11.88 14.45 1.00
3 Qwen3-NR vs 3 Qwen3 20 0.25 0.40 11.75 9.00 14.22 1.00
3 Gemma vs 3 Qwen3 18 0.22 0.28 13.50 7.33 14.90 1.00
Qwen3-NR 40 0.00 0.05 NaN ~ NaN NaN NaN
Gemma 18 0.00 0.00 NaN NaN NaN NaN

Table 19: Averaged statistics across experimental repeats. Models are sorted by
descending average Py, values. Rows highlighted in green are mixed markets, while the
row highlighted in yellow is the human results from Hommes et al.,| [2008]. All other rows
are homogenous markets. Thottom—speak, HALEF and AMP are the time to form, half-life and
amplitude of bubbles respectively. SPEC is whether bubbles formed are speculative or not.
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