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Abstract

The use of large language models either as deci-
sion support systems, or in agentic workflows,
is rapidly transforming the digital ecosystem.
However, the understanding of LLM decision-
making under uncertainty remains limited. We
study LLM risky choices along two dimensions:
(1) prospect representation (based on an ex-
plicit representation or outcome history) and
(2) decision rationale (explanation). Our study,
which involves 20 frontier and open LLMs,
is complemented by a matched human sub-
jects experiment, which provides one reference
point, while an expected payoff maximizing
rational agent model provides another. We find
that LLMs cluster into two categories: reason-
ing models (RMs) and conversational models
(CMs). RMs tend towards rational behavior, are
insensitive to the order of prospects, gain/loss
framing, and explanations, and behave simi-
larly whether prospects are explicit or presented
via a history of outcomes. CMs are significantly
less rational, slightly more human-like, sensi-
tive to prospect ordering, framing, and explana-
tion, and exhibit a large description-history gap.
Paired comparisons of open LLMs suggest that
a key factor differentiating RMs and CMs is
training for mathematical reasoning.

1 Introduction

Large language models (LLMs) are increasingly
used in decision support (Benary et al., 2023;
Vrdoljak et al., 2025) as well as agentic work-
flows that invoke tools and execute multi-step
plans (Moncada-Ramirez et al., 2025; Webb et al.,
2025). Consequently, LLMs are becoming signif-
icant economic decision-makers, with uncertainty
a central consideration. Traditional computational
paradigms for decision-making under uncertainty
choose an option that maximizes expected utility or
payoff (Parkes and Wellman, 2015). On the other
hand, humans are known to systematically deviate
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from such behavior, and a host of mathematical de-
cision models has been proposed to capture human
risky choice (Connolly and Butler, 2006; Kahne-
man and Tversky, 1979; Peterson et al., 2021).

However, LLMs are neither explicitly designed
to maximize expected payoff, nor necessarily be-
have like humans. Rather, their competence is an
emergent property of scale and training paradigms
including next-word prediction, instruction fine-
tuning, human preference alignment, and mathe-
matical reasoning (Du et al., 2024; Guo et al., 2025;
Ouyang et al., 2022). The net effect of this soup
of training methods on LLM economic decision-
making under uncertainty remains unclear. In re-
sponse, a literature has begun to emerge that aims
to investigate LLM decision-making, particularly
under uncertainty (Binz and Schulz, 2023; Coda-
Forno et al., 2024; Jia et al., 2024; Ross et al., 2024;
Payne, 2025; Wang et al., 2025). However, there
remain conflicting accounts, for example, of the
extent LLMs are rational or align with prospect the-
ory and human behavior (Chen et al., 2023; Horton,
2023; Jia et al., 2024; Ross et al., 2024; Wang et al.,
2025; Payne, 2025). More fundamentally, given
the broad variety of training paradigms, goals, and
architectures, it is unclear whether a straightfor-
ward account of LLM economic decision making
is even possible.

We study the comparative behavior of LLMs
in a minimal, controlled two-option risky-choice
benchmark, focusing on two underexplored dimen-
sions: 1) how the prospects (uncertain options) are
represented and 2) the impact of requesting LLMs
to explain their decisions. The former is motivated
by the description—experience (D-E) gap in human
risky choice (Hertwig et al., 2004; Hertwig and
Erev, 2009; Wulff et al., 2018), which documents
that people can choose differently when the same
underlying prospects are learned through experi-
ence rather than read as explicit descriptions. The
latter is motivated by evidence that verbalizing rea-
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sons can change human judgments and preferences
(Festinger, 1962; Shafir et al., 1993; Wilson and
Schooler, 1991), and by the practical expectation
that Al systems should be explainable (Ferrario and
Loi, 2022; Zhao et al., 2024).

We consider 20 frontier and open LLMs, along
with human subjects’ choices over the same
prospects and treatments. LLMs are analyzed vis-a-
vis two references: 1) the human subjects pool, and
2) the idealized economicus rational agent. Within
the scope of our experiments, our key findings are:
1. LLMs cluster into two behavioral categories:

reasoning models (RMs) and conversational

models (CMs). RMs are similar to the economi-
cus while CMs are distinct from both the eco-
nomicus and the human subjects pool.

2. All models exhibit a description-history (DH)
gap, an analogue of the decision-experience
(DE) gap in which agents only see a history
of past outcomes. This gap is considerable for
CMs, but modest for RMs.

3. Explanations impact decisions for all models,
though the impact is greater for CMs. Sur-
prisingly, they are typically more aligned with
economicus under brief explanations than under
no explanation or mathematical explanations.

4. Paired analysis of open models suggests that
fine-tuning for mathematical reasoning is a
key differentiator between RMs and CMs.
Other parts of the training pipeline, however,
appear to have limited impact.

Related Work. LLMs are increasingly studied as
objects of behavioral analysis (Binz and Schulz,
2023; Coda-Forno et al., 2024; Dillion et al., 2023;
Hagendorff et al., 2023; Hayes et al., 2024; Hor-
ton, 2023; Ivanova, 2023). Jia et al. (2024) ana-
lyze LLM decisions by eliciting choices and fitting
prospect-theoretic models; subsequent work ex-
tends this by examining epistemic markers (Wang
et al., 2025), application contexts (Payne, 2025),
and persona matching (Liu et al., 2025). Horowitz
and Plonsky (2025) study a description-experience
gap in LLMs through repeated choice, unlike the
passive sampling used in our setting. Apart from
the bounded rationality focus, Chen et al. (2023)
instead focuses on rationality (consistency with util-
ity maximization) of GPTs directly (see also (Jiang
et al.,, 2025) for a survey) and Mazeika et al.
(2025) elicits the inherent value functions of vari-
ous LLMs, while Coda-Forno et al. (2024) provide
a benchmarking suite for LLM decision making un-

der risk. We provide a broader discussion of related
research in Appendix A. In general, existing work
tends to focus narrowly on a single theory, relies
on limited model coverage, overlooks the effects of
choice representation and output format, or lacks
matched human comparisons. Our work aims to
address some of these limitations.

2 Study Design

We investigate how large language models (LLMs)
make decisions when faced with uncertainty. To
do this comprehensively, we examine 20 different
LLMs (detailed in the Supplement, Appendix B.1).
Our selection covers two important goals: first, we
include widely used frontier models; second, we
use open-weight models of varying sizes and train-
ing stages to enable controlled comparisons. We
query all LLMs through a unified interface using
a minimal instruction template (see Supplement,
Appendix B.3 for our prompts and an additional
prompt sensitivity analysis). To measure behav-
ior, we compare LLM responses against two refer-
ences: human subject behavior and economicus, a
risk-neutral expected payoff maximizer.

2.1 Choices Among Prospects

Our study uses three base prospect pairs as a struc-

tured testbed. These pairs span different outcome

scales and are intentionally similar to (but not du-
plicates of) classic behavioral-economics stimuli

(Kahneman and Tversky, 2013; Peterson et al.,

2021). This design reduces the risk of LLM memo-

rization. See Appendix B.4 for details.

Description-History Gap. Human decision-

making differs depending on how information is

presented. Research in the description—experience

(DE) gap shows that people decide differently when

given explicit information versus when they learn

through experience. We adapt this insight to study

LLMs. Rather than having LLMs interact dynami-

cally with an environment (which would introduce

confounds), we present prospects in two ways:

 Explicit Prospects. Each prospect specifies exact
payoff—probability pairs. For example: “70%
chance of $100, 30% chance of $0.”

e Implicit Prospects. We present prospects as simu-
lated histories — sequences of payoffs that would
result from repeated selection. For instance, a
simulated history might show 15 instances of
$100 and 5 instances of $0 from 20 trials, repre-
senting the same underlying distribution.
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We call the behavioral difference between these
presentations the description—history (DH) gap.
We test with simulated histories of 20 and 100 pay-
offs, with results aggregated across sample sizes
(see Appendix C.3 for breakdowns by size).
Decisions and Explanations. Our second key
consideration involves the impact that requesting
LLMs to provide a reason (explanation) has on its
decisions. We implement this using three prompt
styles that request either 1) no explanation (out-
put the choice only), 2) a one-sentence justifica-
tion (short explanation), or 3) a brief mathematical
or reasoning-style justification (math explanation).
See the Supplement (Appendix B.3) for details.

2.2 Human Subjects Experiments

To compare model behavior with human decision-
making, we collected responses from 360 U.S.-
based participants via Prolific. Each participant
selects among the same set of prospect pairs as
LLMs and is compensated at an average rate of
$24/hour. In analysis, we treat humans as a single
population distribution over choices. This study
was approved by the institutional IRB. We also
conducted an initial attention check by excluding
participants who spent an average of less than 8
seconds per question. As this exclusion did not lead
to significant changes in the results, we report the
analyses in the main text including all participants.

2.3 Interpretable Models of Behavior

To complement our analysis of the raw behav-
ioral data, we make use of interpretable models
of (LLM or human) behavior to obtain deeper in-
sights into behavior and effective risk preferences.
We consider two parameterizations of prospect the-
ory, both with four free parameters (presented in
full in Appendix B.2.1). The first is a standard
formulation with parameters o (risk preference),
A (loss aversion), v (probability weighting), and
B (decisiveness). However, because A and 3 are
not jointly identifiable in pure-loss prospects, we
also consider an alternative specification as our
primary model (a special case of the generalized
power value model (Peterson et al., 2021)), replac-
ing A and 8 with By and Bjoss for the gain and
loss frames, respectively, while retaining ¢ and .
In these models:

» Higher o implies risk seeking, ¢ — 0 entails risk

aversion, while o = 1 is risk neutral.

 Higher v implies underweighting of small proba-
bilities, v — 0 indicates overweighting of these,

and v = 1 means no probability distortion.

* Higher Bguin (and Bios) indicates greater deter-
minism in the gain (and loss) domain, while
B — 0 implies essentially uniformly random
choice. The ratio Sioss/Bgain SEIVES as a proxy
for loss aversion: a ratio greater than 1 indicates
higher sensitivity to utility differences in losses
than in gains.

To avoid pathologies, we bound all parameters in

[0.01,1000]. An economicus then roughly corre-

sponds to 0 = v = 1 and Bgain = Bioss = 1000.

2.4 Quantifying Behavior

Querying and parsing. For each model and in-
stantiated condition, we estimate a response distri-
bution through repeated querying of 10 times under
identical inputs. We use temperature 7' = 1 and a
maximum generation length of 1024 tokens. We
found that increasing the number of samples to 50
has minimal qualitative impact on the results, while
being significantly more costly. If an LLM output
does not contain a valid prospect choice, we retain
the raw output and mark the trial as invalid. Choice
rates are computed over valid trials.

Model Similarity and Goodness of Fit. Let =
refer to a pair of prospects, as well as a particular
way of presenting these, which includes: prospect
order, framing (loss vs. gain), nature of explana-
tion requested, and prospect presentation (explicit
vs. implicit, and the length of the history for the
latter). X denotes the set of all such contexts.

For a given context x and a model m (e.g.,
LLM, or a parametric model that we fit to data
collected from LLM or human choices), we use
pm(z) € [0,1] to denote the fraction of times
(probability) that m selects the reference prospect
(whichever we choose it to be) in this context.
For the economicus pe(z) is deterministic, while
pp () denotes the fraction of human subjects who
selected the reference prospect.

For a pair of models m and m’ (which can also
refer to h or e), we can measure how well m pre-
dicts (or fits) the behavior of m/ in two ways. The
first is mean-squared error (MSE):

MSE(pn.pur) = T 3 (P(#) = P (@)
zeX
However, when MSE is non-zero, it may fail to
capture an important property that decision pat-
terns “go together”, i.e., the extent to which an
increase or decrease in p,, across different con-
texts is accompanied by a similar change in p,,,.
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To capture this, we treat p,,(x) as a random vari-
able with context = viewed as the associated out-
come. We can then measure similarity between a
pair of models m and m’ using Pearson correla-
tion between responses over all contexts py,(X)
and p,, (X), Cor(pm(X),pm(X)). If m is an
interpretable parametric model fit to data, we eval-
uate both MSE and correlation on a held out (test)
dataset that is distinct from the data on which the
parameters of m were fit. Since the ability to cap-
ture the trends of behavior across contexts x is
essential to our analysis, we use correlation as the
primary measure of both (a) similarity of pairs of
models (e.g., LLMs), and (b) goodness of fit of a
parametric model. Nevertheless, we observe that
both MSE and correlation typically lead to the same
goodness-of-fit conclusions.
Decisiveness and Consistency. In addition to
model similarity and goodness of fit, two other be-
havioral traits we explore are decisiveness, which
captures the entropy in the decisions, and consis-
tency, of which we consider three forms. The first
is order consistency, capturing the degree to which
decisions tend to differ as a function of the order
in which the prospects are presented. The second
is prompt consistency, which measures the impact
of explanation types on the nature of decisions.
Finally, we consider frame consistency, which cap-
tures the impact of the gain vs. loss framing of
otherwise identical prospects on the decision.
Formally, decisiveness of a model m (or a hu-
man h) is defined as ‘71| > rex max{pn(z),1 —
pm(x)}. For consistency measures, let S(x)
define a collection of variations from the base
context = that we consider. For example, in
the case of ordering, S(x) is comprised of be-
fore and after a given prospect is switched.
Order and prompt consistency is then de-
fined as 1 — ﬁ > wex | MaXge gy Pm(2') —
Ming e g(z) Pm(2’)|. Frame consistency is defined

as 1 — 57 Ypex [Pm(gain) — (1 — pp(loss))|.
3 Behavior Patterns and Convergence

We begin our analysis by considering aggregate be-
havior for each LLM, as well as that of human and
economicus references. In Figure 1 we present pair-
wise correlations between pairs of frontier LLM
models, as well as humans and economicus.

An immediate observation from the figure is
the emergence of two LLM clusters: one that in-
cludes the (frontier) reasoning models GPT-5.1,

Economicus SN X . 0.35 0.57 0.53

Gpt-5.1

Deepseek-r1-0528
Gemini-2.5-pro 0.24 06
Gpt-4.1- 0.
Claude-haiku-4.5 - 0. -0.4

Gemini-2.5-flash - 0.

Deepseek-chat- 0.

puman m

Economicus -

Gpt-5.1 -

Deepseek-r1-0528 -
Gemini-2.5-pro - K
Claude-haiku-4.5 -}
Gemini-2.5-flash - §
Deepseek-chat -

Figure 1: Correlation matrix involving (1) frontier
LLMs (GPT-4.1 and 5.1, Gemini-2.5-Flash and Pro,
DeepSeek-R1 and Chat, and Claude-Haiku-4.5), (2)
economicus, and (3) human responses.

DeepSeek-R1, and Gemini-2.5-Pro, and the other
including their conversational counterparts (GPT-
4.1, DeepSeek-Chat, and Gemini-2.5-Flash), as
well as Claude-4.5-Haiku. In particular, correla-
tions among pairs of models within each cluster
are > 0.8, and in most cases = 0.9 or higher. In
contrast, correlations among pairs of models across
clusters tend to be considerably lower—typically
~ 0.6 or below. This appears to be an example of
convergence of frontier LLMs (Smith et al., 2025;
Zhou et al., 2025; Mazeika et al., 2025), albeit
across two distinct lines that reflect their target use.
Henceforth, we thus distinguish between reasoning
models (RMs) and conversational models (CM) in
terms of their respective decision-making behavior
under uncertainty. This split into RMs and CMs is
also observed in open models; see the full heatmap
in the Supplement (Appendix C.1).

Our next finding is that neither RMs nor CMs
are particularly similar to human behavior. This
observation is reflected in the remarkably low pair-
wise correlation in Figure 1 between each frontier
LLM and human: the highest is with the Claude
Haiku model at only 0.42. However, we do observe
an intuitive pattern: RMs are considerably more
different from human behavior than the CMs.

On the other hand, RMs are quite similar to the
economicus reference, with correlations ranging
from 0.86 to 1. In contrast, CMs exhibit low simi-
larity to economicus, with correlations below 0.5.
We also note that human behavior is essentially un-
correlated with economicus, with correlation only
0.14. This is likely a consequence of selecting
prospects that most emphasize the deviation of hu-
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man behavior from expected utility maximization.

To confirm that these structural differences are
robust to sampling noise, we conducted an empiri-
cal bootstrap analysis: for each model and prospect
pair, we resampled 1,000 synthetic datasets from
a Binomial distribution parameterized by the ob-
served choice frequency, and recomputed all behav-
ioral metrics. The RM—CM clustering, as well as
the deviation of human behavior from both, hold
with p < 0.001 across all comparisons.

To simplify presentation, in Figure 2, we intro-
duce the HE representation, plotting each model
on a two-dimensional space anchored by human
and economicus correlations (note humans have a
non-zero correlation to the economicus). This visu-
alization provides a compact, interpretable frame-
work for understanding LLLM behavior relative to
two behavioral extremes. The RM and CM clusters
emerge here as well, with open models mapping
predictably to each. For example, Qwen2.5-7B-
Instruct is a CM model, while its mathematical rea-
soning variant is clearly an RM model (being far
more economicus-like and somewhat less human-
like than the instruct version). We see the same
pattern with Qwen3-30B as well as with Olmo-3-
7B (although here, the “Think” variant is slightly
more human-like). In general, we observe that RMs
tend to be far more economicus-like, and (usually)
slightly less human-like compared to CMs.
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Figure 2: Pairwise correlation between each frontier
model and both the human and economicus references,
shown as a 2D plot. Circles are CMs while x’s are RMs.

The addition of open models also serves to pro-

vide a deeper insight into what features of the train-
ing paradigm lead to the CM-RM distinction. The
key, it appears, is explicit mathematical reasoning:
models that are designed and trained for mathemat-
ical reasoning are consistently in the RM group,
while those which are not fall into the CM group.

Moreover, the open models also allow us to ob-
serve the impact that model size has. Specifically,
we find that in general, larger models tend to be
more human-like and more economicus-like com-
pared to their smaller counterparts. This can be
viewed as a form of Pareto dominance, treating the
Pareto frontier (the line in Figure 2) as providing
the best tradeoffs in the human-to-economicus sim-
ilarity space. Thus, smaller models are typically
Pareto dominated by larger models. Moreover, an
open, possibly smaller RM, can dominate a frontier
CM (Qwen3-30B-thinking v.s. Gemini-2.5-Flash),
suggesting that the size and training techniques
both play a significant role. We do find that all
frontier RMs are at or near the Pareto frontier.

In our final aggregate analysis, we consider the
decisiveness and consistency properties (i.e., rela-
tive invariance of decisions as we change the order
and framing of prospects, as well as if we request
an explanation) of LL.Ms, also comparing with the
reference provided by the pool of human subjects.

1.0
Gpt-5.1

Gemini-2.5-pro

Deepseek-r1-0528

Claude-haiku-4.5

Gemini-2.5-flash
0.4

Gpt-4.1
-0.2

Deepseek-chat

Human

-0.0

Frame

Decisiveness Order Profnpt

Figure 3: Consistency and decisiveness heatmap for
frontier models and the human subjects.

The results provided in Figure 3 for the frontier
models again exhibit a clear distinction between
RMs and CMs along each of these dimensions.
Actually, all LLLMs appear to be rather decisive,
especially as compared to the general human sub-
jects pool, but RMs are nevertheless generally more
decisive than CMs. The difference in terms of con-
sistency is even more substantial. RMs are nearly
order-invariant (just like economicus would be),
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whereas CMs tend to be strongly influenced by the
order in which the prospects appear. CMs are also
highly sensitive to the framing (gain vs. loss) and
prompt (nature of explanation requested; more on
this in Section 5), while RMs are not. Remarkably,
both in terms of order and frame sensitivity, hu-
mans are far more like RMs. For example, surpris-
ingly, human behavior appears to be considerably
less influenced by gain/loss framing than CMs.

4 Description-History Gap in LLMs

In this section, we explore the description-history
gap (DH gap)—that is, the behavior discrepan-
cies between explicit (description) and implicit
prospects (experience history)—of LLMs and hu-
man subjects in the same contexts x.
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Figure 4: HE representation of frontier LLMs (with
human subjects as the reference). Change from explicit
(blue) to implicit (red) prospects for each model is indi-
cated by the arrows. RMs are x’s and CMs are circles.

The results, presented as the HE representation
of each model as well as the human subjects, are
provided in Figure 4 for the frontier LLM models
and in Figure 5 for open LLMs. Consider first the
frontier LLMs, for which the observations are more
crisp (Figure 4). An immediate and rather striking
observation is that for all models—whether RMs
(x’s) or CMs (circles)—the change from explicit
to implicit prospects increases the similarity to hu-
man behavior, and lowers similarity to economicus.
An even more striking observation is the difference
in how much the change to implicit prospects im-
pacts RMs and CMs. In the case of the former, the
impact tends to be moderate. For example, neither
GPT-5.1 nor DeepSeek-R1 become especially less
economicus-like when deciding from experience,

though the change is more notable with Gemini
Pro. For CMs, however, the change is dramatic:
they become significantly more human-like, and
significantly less economicus-like. Indeed, while
RMs remain similar to one another in either set-
ting, CMs occupy a relatively broad HE represen-
tation range under explicit prospects, but cluster
closely with implicit prospects. For reference, we
also show the change for the human subjects, who,
somewhat surprisingly, become more economicus-
like when prospects are presented implicitly; this
likely accounts for the increased LLM-to-human
correlation for RMs with implicit prospects.
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-04 -0.2 0.0_ 0.2. 0.4 0.6 _0.8 1.0
Correlation with Economicus

Figure 5: HE representation of open LLMs (with human
subjects as the reference). Change from explicit (blue)
to implicit (red) prospects for each model is indicated
by the arrows. RMs are x’s and CMs are circles.

We can see some of the same trends with open
LLMs (Figure 5), but with rather substantive differ-
ences. In particular, reasoning models no longer ex-
hibit a small DH gap that we observed with frontier
models: moving from explicit to implicit prospect
representation, nearly all gaps are rather dramatic,
with the bulk of the shift away from being economi-
cus-like (i.e., to the left), although with a slightly
more human-like shift as well. In addition, we can
observe a non-trivial model size effect: the shifts
are sharper, and differences from economicus-like
behavior milder, with larger (30B and 32B) models
than with smaller (7B) models. Nevertheless, we
generally still see the RM vs. CM distinction, with
the former models consistently to the right (more
economicus-like) of the latter.

We note that all the models we tested have very
long context windows. For example, DeepSeek-
Chat has a 128K context limit. Even a 100-sample
history represents only a small fraction of this avail-
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able context, making it unlikely that the observed
gap stems from context length limitations. This
is further supported by results in the Appendix C
showing that many LLMs exhibit more rational
behavior with longer (100-sample) histories than
with shorter (20-sample) histories, providing strong
evidence that context constraints are not the under-
lying cause of the DH gap.

5 Explaining Decisions

Besides asking LL.Ms to make autonomous deci-
sions under uncertainty, it is quite natural to addi-
tionally request a rationale—an explanation—of
their decisions. However, at least when it comes to
human decisions, providing such a rationale may
itself impact the decision. Are LLMs similarly
impacted when asked to provide an explanation?
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Figure 6: HE representation and the impact of explana-
tions. Red: no explanation; Blue: one-sentence explana-
tion; Green: math explanation.

We investigate this by prompting LLMs for two
kinds of explanations: a short (one-sentence) ex-
planation and a full mathematical reasoning trace.
Figure 6 visualizes the impact of these two expla-
nation modes. What emerges is a surprising pat-
tern, captured by the sequence of arrows starting
at “no explanation” (red), then pointing to “short
explanation” (blue), and then to “math explana-
tion” (green). In particular, short explanations in-
crease the degree of rationality (i.e., correlation
with economicus) of most models, while asking

for a longer rationale often reduces decision ra-
tionality in comparison with the former. Notably,
this pattern is largely consistent for both frontier
and open CMs, with Claude-4.5-Haiku somewhat
of an outlier, whose both types of explanations
result in behavior that is less like economicus com-
pared to no explanation provided. Trends in RM
behavior across explanation modes are more het-
erogeneous: More than half of the models (GPT-
5.1, DeepSeek-R1, Olmo3-7B-think, and Qwen2.5-
Math-7B-Instruct) exhibit strong stability; Gemini-
2.5-Pro follows a pattern similar to the CMs; In
contrast, Qwen3-30B-Thinking and Olmo3-32B-
Think show significant changes when prompted to
provide a mathematical explanation, while no dif-
ferences are observed between the no-explanation
and brief-explanation modes. One possible expla-
nation is that, because CMs are not trained for
mathematical reasoning, prompting them to pro-
vide mathematical explanations may only induce
verbosity but no improved rationality.

6 Interpretable Models of LLM Behavior
6.1 Analysis of Frontier Models

Our analysis thus far has considered the relation-
ships among LLMs to one another, as well as to
the behavior of human subjects and a rational risk-
neutral utility maximizer (economicus). However,
such comparisons yield only relatively coarse in-
sight into actual behavioral tendencies. To dig
deeper, we fit simple 4-parameter models of be-
havior to our data (see Section 2.3) for both LLMs
and human subjects to offer interpretable charac-
terizations of the underlying tendencies of LLMs
that drive their decisions, contrasting these with
both human subjects and economicus. Here, we
present the results for the generalized power value
model; results for the alternative parameterization
are provided in Appendix C.7.

Model o Y | Bain | Bioss | Corr | MSE
DeepSeek-R1 | 0.86 | 0.81 | 832 | 711 | 0.98 | 0.007
Gemini-Pro 0.81 | 0.84 | 815 | 857 | 0.96 | 0.014
GPT-5.1 0.87 | 0.81 | 1000 | 802 | 1.00 | 0.001
Claude Haiku | 0.89 | 0.80 | 221 | 244 | 0.71 | 0.053
DeepSeek-Chat | 0.86 | 0.82 | 181 | 149 | 0.77 | 0.040
Gemini-Flash | 0.93 | 0.89 | 27 42 | 0.87 | 0.015
GPT-4.1 0.79 | 2.17 | 205 | 0.01 | 0.55 | 0.050
Human 0871079 | 96 | 0.01 | 0.79 | 0.004

Table 1: Dual-Beta prospect theory parameters for deci-
sions with explicit prospects.

The results for explicit prospects are provided
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in Table 1 for the frontier models (corresponding
confidence intervals are provided in Appendix C.5).
First, we observe that human o and v are compa-
rable to those of most LLMs, suggesting similar
risk preferences and probability weighting across
agents. The key distinction lies in decisiveness:
humans exhibit moderate (g, but near-zero Sioss,
indicating they are far less consistent in the loss do-
main than in the gain domain. We can also note that
human behavior appears to be relatively predictable
by the simple 4-parameter prospect theoretic model,
with MSE < 0.01 and correlation between the
model and actual human behavior > 0.75.

As we would expect, the frontier RMs exhibit
behavior that is relatively close to rational (eco-
nomicus): o and +y are relatively close to 1, while
both Bgin and Pioss are high. RMs are also ex-
tremely predictable by simple parametric models,
with nearly perfect correlation between predictions
and behavior. Moreover, even CMs’ behavior in
this setting appears to be close to economicus, with
the substantive difference from RMs being consid-
erably smaller values of Bjoss and SBgain (lower level
of determinism). For the most part, CMs, too, are
relatively well modeled by the simple 4-parameter
models, with the exception of GPT-4.1, which has a
lower correlation between predictions and behavior
and a near-zero [3joss — resembling humans in be-
ing essentially random in the loss domain, though
with high Bg,iy in the gain domain.

Model o Y | Begin | Bioss | Corr | MSE
DeepSeek-R1 0.99 | 1.00 | 1000 | 346 | 0.98 | 0.009
Gemini-Pro 098 | 0.99 | 147 | 100 | 0.94 | 0.025
GPT-5.1 1.01 1 0.99 | 460 | 1000 | 0.98 | 0.010
Claude Haiku 1.07 | 0.98 | 481 | 23 | 0.55 | 0.078
DeepSeek-Chat | 0.83 | 0.72 | 11 | 0.01 | 0.45 | 0.048
Gemini-Flash 1.57 1 0.82 | 2.61 | 14 | 0.58 | 0.047
GPT-4.1 1.53 1 0.74 | 0.01 | 39 | 0.58 | 0.106
Human 0981092| 7 7 0.53 | 0.022

Table 2: Dual-Beta prospect theory parameters for deci-
sions with implicit prospects.

Turning next to implicit prospects (Table 2), our
first notable observation is that human behavior is
now much closer to economicus: o and y are now
all relatively close to 1, and notably Bguin and Bioss
are now roughly equal, indicating that the strong
gain—loss asymmetry in decisiveness observed with
explicit prospects disappears. RMs largely remain
close to economicus in this setting. Moreover, all
three RMs remain highly predictable with the sim-
ple 4-parameter models: correlation is near-perfect,
while MSE is quite low.

In the case of CMs, implicit prospects induce
considerable variation in behavior. Claude Haiku
and Gemini-Flash both show [ several times
larger than [g,in, indicating greater decisiveness
in the loss domain, while GPT-4.1 shows an even
more extreme version of this pattern (Bjoss = 39
VS. Bgain = 0.01). Most CMs exhibit some degree
of probability overweighting (v < 1), with the ex-
ception of Claude Haiku (v = 1). All CMs have
decisiveness that is now comparable to that of the
human subjects pool, but several orders of magni-
tude below RMs. Notably, frontier CMs in both
explicit and implicit prospect settings are consid-
erably less predictable with 4-parameter prospect
theory models than RMs.

We note that these results differ in several
ways from the alternative PT parameterization (Ap-
pendix C.7). Most strikingly, the standard model
fits extreme values of ¢ and ~y for human subjects
(0 = 0.04, v = 0.13 for explicit prospects), cor-
responding to strong risk aversion and probability
distortion that sharply distinguish humans from
LLMs. Under the dual-beta specification, how-
ever, human o and ~ are comparable to those of
most LLMs (o = 0.87, v = 0.79); the distinction
shifts entirely to the decisiveness parameters. This
discrepancy likely arises because A and [ are con-
founded in the loss domain (see Appendix B.2.1),
causing the standard model to compensate through
distorted value function parameters. The standard
model also exhibits instability in A and /3 across
RMs (e.g., A = 1000 paired with 8 = 1000 for sev-
eral models), further illustrating the identifiability
issue. Despite these differences, both parameter-
izations achieve similar goodness of fit and yield
qualitatively consistent conclusions regarding the
RM-CM distinction.

6.2 Analysis of Open Models: the Impact of
Training and Scale

Our final analysis makes use of open models to
investigate the impact of training paradigms on the
effective LLM behavior. Table 3 presents the pa-
rameters for Qwen and Olmo models of different
sizes before and after reasoning training phases.
Our results largely confirm that training for math-
ematical reasoning consistently improves model
rationality (including decisiveness) with explicit
prospects. In addition, it significantly increases
model predictability (in the sense of goodness of
fit for the 4-parameter model as reflected by MSE).
Notably, Qwen2.5-7B-Instruct and Qwen3-30B-
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Instruct both exhibit near-zero o alongside much
higher Bgin, echoing the human pattern of loss-
domain randomness observed in Table 1.

Model o Y | Baain | Bioss | Corr | MSE
Qwen2.5-7B-Instruct | 0.84 | 0.75 | 57 0.01 | 0.64 | 0.030
Qwen2.5-Math-7B 0.85 | 0.82 | 1000 | 403 | 1.00 | 0.001
Qwen3-30B-Instruct | 0.94 | 0.85 | 56 | 0.01 | 0.57 | 0.041
Qwen3-30B-Thinking | 0.87 | 0.81 | 726 | 1000 | 0.99 | 0.004
Olmo-3-7B-Instruct 0.88 | 0.81 | 215 121 | 0.73 | 0.041
Olmo-3-7B-Think 1.33 | 1.16 | 1000 | 1000 | 1.00 | 0.001
Olmo-3-32B-Think 1.33 | 1.16 | 1000 | 1000 | 1.00 | 0.000

Table 3: Dual-Beta prospect theory parameters compar-
ing instruction-tuned and reasoning models with explicit
prospects.

Model o Y | Bain | Bioss | Corr | MSE
Qwen2.5-7B-Instruct | 48 | 0.66 | 0.01 | 2.45 | 0.46 | 0.070
Qwen2.5-Math-7B 0.55 | 0.88 7 0.82 | 0.54 | 0.027
Qwen3-30B-Instruct 1.10 | 0.83 17 | 2.84 | 0.50 | 0.047
Qwen3-30B-Thinking | 1.00 | 0.88 | 668 | 585 | 0.94 | 0.025
Olmo-3-7B-Instruct 1.25 1099 | 4.80 | 1.29 | 0.44 | 0.020
Olmo-3-7B-Think 0.73 | 0.71 | 1000 | 466 | 1.00 | 0.001
Olmo-3-32B-Think 0.95 | 1.07 | 1000 | 235 | 0.93 | 0.032

Table 4: Prospect theory model parameters comparing
instruction-tuned and reasoning models with implicit
prospects.

Table 4 presents analogous results with im-
plicit prospects. Here, we see a similar effect of
reasoning-based training with several of the models,
although it appears to be somewhat less consistent
than with explicit prospects.

In the Supplement (Appendix C.4), we report
checkpoints from each post-training stage (SFT,
DPO, and RLVF) for both the instruction and think-
ing variants of the open models. As we observe
no systematic effects attributable to either DPO
or RLVF training, and since Olmo3-7B-Think and
Olmo3-7B-Instruct share the same base model, one
hypothesis can be that the initial SFT stage is the
primary source of divergence between a reasoning
and a conversational variant of models.

7 Conclusion

We study LLM economic behavior through a con-
trolled comparison spanning a diverse model suite
and a human baseline. Beyond the canonical con-
text manipulations of option order and outcome
framing, we test two levers central to language-
mediated decision making—the representation of
risky options as explicit prospects versus outcome
histories, and explanation prompting—and find that
both systematically shift model choices. However,
none of the evaluated models are fully human-like

in this one-shot risky-choice setting; instead, be-
havior exhibits a robust two-cluster structure, sep-
arating “reasoning”’ and “conversational” models.
Reasoning models are more invariant to contex-
tual perturbations and tend to converge toward
an expected payoff-maximizing economicus base-
line, whereas conversational models remain more
context-sensitive and, in some conditions, display
more human-like deviations. Our results suggest
that LLM economic behavior reflects both model
family and the decision interface: how alternatives
are represented and responses elicited.

8 Limitations

Our analysis exhibits several limitations. First, our
analysis of explanation prompting is incomplete on
the human side: we did not elicit all explanation
modes from human participants, and we also do not
disentangle whether effects depend on the order-
ing of “decide” versus “explain” (e.g., explanation-
before-choice vs choice-before-explanation). Sec-
ond, in our implicit (sample-based) representation,
we aggregate two finite sample lengths (20 and
100 outcomes); because these settings can yield
noticeably different behavior, a more systematic
treatment of sample size is an important direction
for future work. Third, while we vary several
factors, fully characterizing their interactions is
challenging: joint effects can be non-additive and
can induce aggregation artifacts (e.g., Simpson’s
paradox), and studying them reliably would likely
require substantially more stimuli and a broader
set of decision problems than the limited prospect
families considered here. Finally, our prospect-
theoretic parameterization is intended as a descrip-
tive summary rather than a definitive mechanism:
the four-parameter model can suffer from identifia-
bility and boundary-fitting issues in this setting, so
fitted parameters should be interpreted cautiously
and primarily through robust qualitative compar-
isons rather than as precise estimates.

Despite these limitations, our work makes im-
portant progress on several fronts. The RM-CM
clustering provides the first systematic behavioral
taxonomy of LLMs, the DH gap offers a novel
window into how LLMs represent uncertain infor-
mation, and our analysis of training effects (mathe-
matical reasoning as the primary differentiator) is
one of the first to directly test competing explana-
tions for LLM behavioral variation.
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This appendix provides supplementary information
to support the main analysis.

A Additional Related Works

Behavioral models for economic behavior. In the
main body, we summarize different agents’ behav-
ior using an augmented prospect-theoretic model.
Beyond prospect theory (Kahneman and Tversky,
1979), a broad family of models has been pro-
posed for risky choice, including regret—rejoicing
accounts (Connolly and Butler, 2006), mixture
models (Harrison and Rutstrém, 2009), and more
flexible neural approaches (Peterson et al., 2021).
These alternatives often trade off interpretability
against predictive flexibility, and model compari-
son in practice is constrained by identifiability and
data requirements (Myung, 2000). In light of on-
going debates about the descriptive adequacy of
prospect theory for human choice (Bouchouicha
et al., 2024), we treat our parameter estimates as a
compact behavioral summary rather than a defini-
tive mechanism; developing and validating richer
models that better capture LLM-specific decision
artifacts is an important direction for future work.

LLM agents and LLMs as human simulators.
LLM-based agents are increasingly used in inter-
active systems and simulations, sometimes explic-
itly as proxies for human participants (e.g., “sili-
con samples” and generative agents) (Argyle et al.,
2023; Park et al., 2023). Closest in spirit to our set-
ting are economically-motivated agent frameworks
such as Homo Silicus (Horton, 2023) and EconA-
gent (Li et al., 2024). However, both our results and
prior work (Agnew et al., 2024; Horowitz and Plon-
sky, 2025) suggest systematic gaps between LLM
and human behavior, implying that LLM-based hu-
man simulation should be interpreted cautiously,
especially when used for social-scientific inference
or high-stakes product decisions.

Other types of LLM decision making. Beyond
one-shot risky choice, an active line of work eval-
uates LLM decision making in strategic interac-
tion. Prior studies examine classical game settings,
from matrix games (Fan et al., 2024; Akata et al.,
2025; Mao et al., 2025) to richer multi-agent en-
vironments (see (Zhang et al., 2024) for a survey),
and generally find that strong instruction-following
and reasoning ability does not reliably translate
into game-theoretic rationality. At the same time,
this area would benefit from larger-scale and more
systematic protocols; recent work has begun to
probe strategic behavior under controlled pertur-
bations, including contextual and framing-style ef-
fects (Lore and Heydari, 2024; Robinson and Bur-
den, 2025).

B Additional Study Design Details

B.1 LLMs Used

As mentioned in the main body, our model
suite is designed to (i) cover widely used fron-
tier black-box systems from major providers
and (ii) enable controlled comparisons using
open-weight models spanning different sizes
and training stages. Specifically, we include
7 black-box models (Claude Haiku-4.5, GPT-
4.1, GPT-5.1, Gemini-2.5-Flash, Gemini-2.5-Pro,
DeepSeek Chat, DeepSeek RI), 7 open-weight
models ( Qwen2.5-7B-Instruct, Qwen2.5-Math-
7B-Instruct, Qwen2.5-30B-instruct, Qwen2.5-30B-
math-instruct, Olmo3-7B-think, Olmo3-32B-think,
Olmo3-7B-instruct), and 6 intermediate check-
points within the OLMo3 family (Olmo3-7B-
think-sft, Olmo3-7B-think-dpo, Olmo3-7B-instruct-
sft, Olmo3-7B-instruct-dpo, Olmo3-32B-think-sft,
Olmo3-32B-think-dpo). This set spans multiple
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teams (Anthropic, OpenAl, Google, DeepSeek,
Meta, Qwen, Allen-Al), scales (7B-32B for open-
weight models), and post-training stages (instruc-
tion and reasoning SFT — DPO — RLVF).

B.2 Behavior Models
B.2.1 Prospect Theory

Our parametric model builds upon the framework
adopted by Wang et al. (2025), which follows a
standard prospect theory model from prior litera-
ture. In this framework, decision-making is mod-
eled via two distinct components: a value func-
tion v(x) that maps objective outcomes to subjec-
tive utility, and a probability weighting function
w(p) that accounts for the non-linear perception
of probabilities, combined with a stochastic choice
rule. We consider two parameterizations: a stan-
dard formulation with a loss aversion coefficient
A and a single decisiveness parameter (3, and a
dual-beta (generalized power value model (Peter-
son et al., 2021)) specification that replaces these
with domain-specific decisiveness parameters Sgain
and Bjoss. We describe the dual-beta specification
below; the standard formulation differs only in the
value function and choice rule, as detailed at the
end of this section.

Subjective utility is formalized via the value
function, v(x). In the dual-beta specification, we
utilize a symmetric power function:

i forz >0

v(z) = { €))

—(—x)? forxz <O0.

This functional form is modulated by the curva-
ture parameter o (risk preference), governing the
marginal sensitivity to payoff magnitude.

To capture the non-linear distortion of objective
probabilities p into subjective decision weights, we
utilize the canonical probability weighting func-
tion introduced by Kahneman and Tversky (1979):

Y
= 2
W eram @
where the parameter v modulates the curvature of
the weighting function.

The aggregate utility for a binary prospect in the

form P = (z,p;y, q) is defined as follows:

UGUZ{“W+W@XM@— () [1]

w(p)v(z) +wlgv(y)  [2],

where [1]is "if z >y > 0orz < y < 0" and 2]
is"ifx <0 <y"

Finally, we define the predicted probability of
choosing option A for each lottery using a logistic
choice rule with domain-dependent decisiveness.
The probability is given by:

1
1+4e 2’

where A = Beontest - (W(A) — u(B)). The preci-
sion parameter Seontert Varies depending on the
outcome domain:

P(choose A) = 4)

Bloss  Otherwise.

In this framework, the standard concept of loss
aversion is implicitly captured by the ratio between
Bloss and ﬁgain' Speciﬁcally, a ratio Bloss/ﬁgam >
1 implies that the model is more sensitive to utility
differences (steeper value slope) in the loss domain
than in the gain domain, serving as a direct proxy
for the traditional loss aversion parameter A\. We
minimize MSE to estimate the four learnable pa-
rameters: 0,7, Bgain, and Bloss-

B ; ifo7 AsTB,YB 20
/Bconte:vt = { e Y Y (5)

Standard Formulation. The standard prospect
theory parameterization replaces the dual-beta
choice rule with a single decisiveness parameter 3
and introduces a loss aversion coefficient A into the
value function:

i forz >0
v(z) = (6)
—A(—x)? forx <0,
with the choice probability given by
P(choose A) = o(8-(u(A) —u(B))), where

o(-) is the logistic function. This yields four
parameters: o, A, v, and 3. However, in pure-loss
prospects—where all payoffs are non-positive—A\
factors out of every value term, so the choice
probability depends only on the product /3 - X rather
than on each parameter individually. The two are
therefore not jointly identifiable in the loss domain.
We adopt the dual-beta specification as our primary
model to avoid this issue; results for the standard
formulation are provided in Appendix C.7 and
yield qualitatively similar conclusions.

B.2.2 Regret Aversion

As an alternative to the reference-dependent valua-
tion of Prospect Theory, we also consider a regret-
based model. In this framework, the utility of an
option is derived not from independent evaluation,
but from a direct pairwise comparison of outcomes.
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We adopt a parameterized regret function where
the subjective evaluation () depends on the differ-
ence § = x4 — xp between the payoffs of the two
options. The evaluation function is defined as:

Q(0) = &+ r - sgn(d) - 0], (7

where x weights the non-linear regret (or rejoicing)
component, and « controls the curvature or sensi-
tivity of this term relative to the payoff difference.

The total expected regret-adjusted value for a
prospect A, denoted R4, is computed by aggre-
gating these evaluations over the distribution of
outcomes:

Ra=) piQxa;—5,), (®)

where the summation is taken over the correspond-
ing outcome pairs of the two prospects. The value
Rp is computed analogously. The final probability
of selecting Option A is determined via a logistic
function of the difference in these values:

1

P(Choose A) = e

©))

where Arg acts as a decisiveness parameter (anal-
ogous to [ in our Prospect Theory specification).
This model yields three learnable parameters: x, c,
and Areg.

B.2.3 Model Fitting

We fit our models by minimizing the Mean Squared
Error (MSE) between the model’s predicted selec-
tion probabilities and the observed empirical choice
rates. For a dataset of N trials, the objective func-
tion is:

(10)

n— Z (2~ 0 (0)”

We optimize this objective using the L-BFGS-B
algorithm which allows for bound constraints on
parameters. This ensures that parameters remain
within theoretically valid ranges.

Model Variants and Starting Points. To ensure
robustness and avoid local minima, we implement
a multi-start strategy for every fit (ngans = 20).
We fit five model variants: the dual-beta PT model
used in the main analysis, three variants of the
standard PT parameterization to isolate different

behavioral components, and a regret-based alterna-
tive. For each variant, we utilize a combination of
fixed baselines and random initializations:

* Dual-Beta PT (0, 7, Bgain, Biess) This is the
primary model reported in the main text.

— Starts:  Fixed starts at [1,1,1,1],
[1,1,1000,1],  [1,1,1,1000], and
[1,1,1000,1000], plus random sam-
ples with o,y ~ U(0.01,3) and
Baains Bioss ~ U (0.01, 100).

* Model 1: Beta-Only PT (5). This model as-
sumes Expected Utility (fixingo = A =~ =
1) and fits only the decisiveness parameter /3.

— Starts: Fixed starts at 3 = 1.0 (neutral)
and 8 = 1000.0 (deterministic), plus ran-
dom samples 5 ~ U(0.01, 100).

* Model 2: Shape-Only PT (o, \,7). This
model fits the risk and loss parameters while
fixing noise/decisiveness at § = 1.

— Starts: Fixed start at [1, 1, 1] (risk neu-
tral), plus random samples for all param-
eters ~ U(0.01, 3).

* Model 3: Full PT (o, A, v, 3). This model
fits all four parameters simultaneously. To im-
prove convergence, we employ a "warm start"
strategy using the best fits from the simpler

models.
— Starts: Fixed starts at [1,1,1,1] and
[1,1,1,1000]. Crucially, we also in-

clude the composed solution from Mod-
els 1 and 2 ([om2, Ym2, Am2, Bm1]) as a
starting point, alongside random sam-
ples with o, A,y ~ U(0.01,3) and 5 ~
U(0.01,100).

* Model 4: Regret Theory (Areg, %, ). This
fits the three parameters of the regret model.

— Starts: Fixed start at [1,1,1.5] (stan-
dard regret), plus random samples for
Areg ~ U(0.01,1000) and shape param-
eters k, a ~ U(0,1000).

Robustness Checks. For every fit, the parame-
ter set yielding the lowest MSE across all initial-
ization attempts is selected as the final estimate.
Parameters are bounded to [0.01, 1000] to prevent
numerical instability, and payoff magnitudes are
normalized by the maximum absolute payoff in the
batch prior to fitting.
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Uncertainty Estimation. To assess the reliabil-
ity of our parameter estimates, we calculated 95%
confidence intervals using a parametric bootstrap
procedure. First, we computed the predicted choice
probabilities p; for each prospect pair 7 using the
best-fitting parameters 6 derived from the origi-
nal data. We then generated B = 1000 synthetic
datasets; for each dataset, the number of times Op-
tion A was chosen for prospect ¢ was simulated
from a Binomial distribution Bin(n = 20, p = p;),
reflecting the approximately 20 valid trials per con-
dition in our data collection. The model was re-
fitted to each synthetic dataset to obtain a distri-
bution of bootstrap estimates {#%, ..., 6%}. The
95% confidence intervals were determined using
the percentile method, defined by the 2.5!" and
97.5t" percentiles of the bootstrap distribution.

B.3 Prompts and Prompts Sensitivity Tests

Each prompt is the concatenation of three parts:
(1) a context block (explicit vs. implicit prospect),
(ii) an explanation instruction (one of three styles),
and (iii) the choice block presenting Options A
and B. The template used for all conditions is the
following:

{CONTEXT_BLOCK?}
{EXPLANATION_INSTRUCTION}
Option A: {A_TEXT}
Option B: {B_TEXT}

Inside the context block, it’s one of the two:

Explicit prospect: You will be provided with
two options with different payoffs and uncer-
tainties.

Implicit prospect: You will be provided with
two options that are histories of past payoffs.

Inside the explanation-instruction block, it’s one of
the three:

no_explanation Respond your choice with ‘A’ or
‘B’ only.

one_sentence_explanation Respond your
choice with ‘A’ or ‘B’ plus one brief sentence
for explanation.

math_explanation Respond your choice with ‘A’
or ‘B’ plus a brief mathematical explanation.

Additionally, we conducted prompt sensitivity
analysis using three variations: "You will be pro-
vided with...", "Here are...", "Please consider...".
We collected data from 4 RMs (gpt-5.1, gemini-
2.5-pro, Olmo3-7B-think,Qwen2.5-Math-instruct)
and 4 CMs (gpt-4.1, gemini-2.5-flash, Olmo3-7B-
instruct,Qwen2.5-instruct). Overall, we found that
the RM-CM gap is robust across prompt variations.
In particular, the range of RM—RM correlation is
(0.82 to 0.99) with mean 0.91, whereas the range
of RM—-CM correlation is (0.21 to 0.78) with mean
of 0.31.

B.4 Prospects

We use three base prospects as a small but struc-
tured set for probing the macro-level trends of dif-
ferent LLMs’ risky choice behavior. Together they
vary (i) the scale of outcomes (single-digit, hun-
dreds, thousands), (ii) the probability regime (low,
medium, high; including a sure loss), and (iii) how
close the options are in expected value (near-ties
vs. clearer separations). This design lets us test
whether model behavior is stable across salient pay-
off magnitudes and uncertainty levels while keep-
ing the task minimal.

In the explicit condition, each pair is pre-
sented directly in terms of outcomes and probabili-
ties. In the implicit condition, we present payoff
histories generated by sampling n = {20,100}
returns from the same underlying distributions us-
ing four seeds. In total, each model answers 6
explicit prospect questions (3 base prospects x
2 frames) and 48 implicit prospect questions (3
base prospects x 2 frames X (4 histories with
n=20 + 4 histories with n=100)). Crossing these
with two option orderings and three explanation in-
structions yields (6 + 48) x 2 x 3 = 324 questions
per model.

* Base Prospect 1.
Option A: (Lose) 100 with probability 0.33;
otherwise 0.
Option B: (Lose) 96 with probability 0.34;
otherwise 0.

* Base Prospect 2 .
Option A: (Lose) 5000 with probability 0.80;
otherwise 0.
Option B: (Lose) 3500 with certainty.

* Base Prospect 3.
Option A: (Lose) 7 with probability 0.10; oth-
erwise 0.
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Option B: (Lose) 4 with probability 0.20; oth-
erwise 0.

C Additional Experimental Results

C.1 Correlations Heatmaps

Examining the full heatmap in Figure 7, we ob-
serve that the open models can also be grouped into
two clusters: RMs (Qwen2.5-math-7B-instruct,
Qwen3-30B-think, Olmo3-32B-think, Olmo3-7B-
think) and CMs (Qwen2.5-7B-instruct, Qwen3-
30B-instruct, Olmo3-7B-instruct). Notably, for
explicit prospects, the RMs exhibit high mutual
correlation at least 0.98, as well as strong corre-
lation with economicus, which manifests as the
prominent red block in the top-left corner of the
heatmap. In contrast, for implicit prospects, the
CMs form a more coherent cluster in the bottom-
right corner, with correlations exceeding 0.68 re-
gardless of model size. In both settings, however,
the models display relatively weak similarity to
human performance.

C.2 Consistency and Decisiveness

Figure 10 shows that the patterns observed in fron-
tier models also generalize to open models: RMs
generally exhibit higher decisiveness and consis-
tency. Interestingly, humans appear more decisive
but less consistent when transitioning from explicit
to implicit prospects, with changes of at least 6%,
a trend not observed in any of the models.

C.3 Sample Size Effects for Implicit Prospect

In Figure 13, we observe that the blue points (ex-
plicit prospects) are concentrated toward the bot-
tom right, which is consistent with the picture when
the implicit prospect results are aggregated. Only
Qwen2.5-7B-instruct appears as an outlier. Further-
more, treating the explicit prospect as a limiting
case with sample size n = oo, frontier CMs exhibit
a consistent pattern: as the sample size decreases,
the models become less economicus-like and more
human-like. In contrast, frontier RMs show smaller
changes across explicit versus implicit prospects
and between sample sizes (n = 20, 100).

C.4 Additional Details on Impact of Training
and Scale for Open Models

Here, we present the complete results for the se-
quential training checkpoints—SFT, DPO, and
RLVF (final)—for both the instruction and think-
ing variants of the open Olmo3 models. Their

training details can be found in the technical re-
port (Ettinger et al., 2025). The results for the
dual-beta model, reported in Tables 5 and 6, do
not indicate any systematic variation attributable to
either the DPO or RLVF training stages. Again,
given that Olmo3-7B-Instruct-SFT is initialized
from Olmo3-7B-Think-SFT, the observed param-
eter differences are consistent with the hypothesis
that the initial SFT stage may be the primary source
of divergence between the two model variants.

Model o Y | Bain | Biogs | Corr | MSE
Olmo-3-7B-Instruct-SFT | 0.88 | 0.80 | 309 | 130 | 0.80 | 0.029
Olmo-3-7B-Instruct-DPO | 0.88 | 0.81 | 320 | 142 | 0.82 | 0.030
Olmo-3-7B-Instruct 0.88 | 0.81 | 215 | 121 | 0.73 | 0.041
Olmo-3-7B-Think-SFT 1.27 | 1.13 | 1000 | 509 | 1.00 | 0.001
Olmo-3-7B-Think-DPO | 1.33 | 1.16 | 1000 | 1000 | 1.00 | 0.000
Olmo-3-7B-Think 1.33 | 1.16 | 1000 | 1000 | 1.00 | 0.001
Olmo-3-32B-Think-SFT | 1.33 | 1.16 | 1000 | 1000 | 1.00 | 0.000
Olmo-3-32B-Think-DPO | 1.33 | 1.16 | 1000 | 1000 | 1.00 | 0.000
Olmo-3-32B-Think 1.33 | 1.16 | 1000 | 1000 | 1.00 | 0.000

Table 5: Dual-beta prospect theory model parameters
for models over sequential training stages (explicit
prospects).

Model o Y | Baain | Bioss | Corr | MSE
Olmo-3-7B-Instruct-SFT | 2.40 | 1.26 | 1.41 | 0.01 | 0.35 | 0.021
Olmo-3-7B-Instruct-DPO | 1.50 | 1.05 | 2.86 | 0.07 | 0.37 | 0.020
Olmo-3-7B-Instruct 1.25 1099 | 480 | 1.29 | 044 | 0.020
Olmo-3-7B-Think-SFT 0.78 | 1.04 | 21.7 | 10.6 | 0.61 | 0.097
Olmo-3-7B-Think-DPO 0.98 | 0.86 | 1000 | 824 | 0.96 | 0.015
Olmo-3-7B-Think 0.73 | 0.71 | 1000 | 466 | 1.00 | 0.001
Olmo-3-32B-Think-SFT | 0.88 | 0.95 | 418 | 355 | 0.95 | 0.023
Olmo-3-32B-Think-DPO | 0.96 | 0.89 | 1000 | 563 | 0.99 | 0.003
Olmo-3-32B-Think 0.95 | 1.07 | 1000 | 235 | 0.93 | 0.032

Table 6: Dual-beta prospect theory model parameters
for models over sequential training stages (implicit
prospects).

C.5 Confidence Intervals

Tables 7, 8, 9, and 10 present the 95% confidence
intervals for the dual-beta prospect theory model,
estimated via the parametric bootstrap method de-
scribed in Appendix B.2.3 with B = 1000 itera-
tions.

Model o v Bigain Bross
DeepSeek-R1 [0.81,0.96] | [0.80,0.91] | [832,832] [711,711]
Gemini-2.5-Pro [0.76,0.86] | [0.81,0.88] | [951,951] | [1000, 1000]
GPT-5.1 [1.28,1.35] | [1.14, 1.22] | [1000, 1000] | [1000, 1000]
Claude-4.5-Haiku | [0.88,0.91] | [0.79,0.81] | [221,221] [244, 244]
DeepSeek-Chat [0.84,0.89] | [0.81,0.84] | [181,181] [149, 149]
Gemini-2.5-Flash | [0.84,3.27] | [0.81,4.61] | [4.53,303] [15, 1000]
GPT-4.1 [0.52,0.95] | [1.33,2.48] | [202,282] [0.01, 42]
Human [0.32,3.59] | [0.01,2.21] [7,379] [0.01, 189]

Table 7: 95% Confidence Intervals for dual-beta
prospect theory parameters of black-box models with
explicit prospects.
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Figure 7: Correlation matrix involving (1) LLMs, (2) economicus, and (3) human responses to all questions.

Model a 2l ﬂg:in ﬂIOSS
DeepSeek-R1 [0.97, 1.01] | [0.98, 1.04] | [1000, 1000] | [346, 346]
Gemini-2.5-Pro | [0.96,0.99] | [0.97, 1.02] | [147, 147] | [100, 100]
GPT-5.1 [0.99,1.03] | [0.96,1.02] | [460,460] | [1000, 1000]
Claude-4.5-Haiku | [1.01, 1.14] | [0.92, 1.10] | [3.27,6.59] | [19.1,28.1]
DeepSeek-Chat [0.68,0.96] | [0.68,0.78] | [8.43,14.0] | [0.01, 1.24]
Gemini-2.5-Flash | [1.46, 1.68] | [0.77,0.89] | [1.29,3.89] | [11.8,17.2]
GPT-4.1 [1.44,1.59] | [0.72,0.77] | [0.01,1.57] | [34.6,47.5]
Human [0.78,1.19] | [0.79,1.77] | [3.68,11.1] | [3.71,11.7]

Table 8: 95% Confidence Intervals for dual-beta
prospect theory parameters of black-box models with
implicit prospects.

Model [ 24 ﬁgain Bhoss
Qwen2.5-7B-Instruct [0.30,0.90] | [0.35,0.78] | [4.86, 140] [0.01, 16.2]
Qwen2.5-Math-7B [0.80,0.96] | [0.81,0.98] | [1000, 1000] | [403, 403]
Qwen3-30B-Instruct [0.88,2.06] | [0.81,3.40] | [15.9,213] [0.01, 17.2]
Qwen3-30B-Thinking [0.82,0.92] | [0.80,0.90] | [726,726] | [1000, 1000]
Olmo-3-7B-Instruct-SFT | [0.86, 0.89] | [0.80, 0.81] | [309, 309] [130, 130]
Olmo-3-7B-Instruct-DPO | [0.87, 0.89] | [0.80, 0.82] | [320, 320] [142, 142]
Olmo-3-7B-Instruct [0.86,0.89] | [0.80,0.82] | [215,215] [121, 121]
Olmo-3-7B-Think-SFT [0.93, 1.71] | [0.85, 1.58] | [1000, 1000] | [509, 509]
Olmo-3-7B-Think-DPO | [1.28, 1.35] | [1.14, 1.22] | [1000, 1000] | [1000, 1000]
Olmo-3-7B-Think [1.28, 1.35] | [1.13, 1.22] | [1000, 1000] | [1000, 1000]
Olmo-3-32B-Think-SFT | [1.28, 1.35] | [1.13, 1.22] | [1000, 1000] | [1000, 1000]
Olmo-3-32B-Think-DPO | [1.27, 1.34] | [1.14, 1.23] | [1000, 1000] | [1000, 1000]
Olmo-3-32B-Think [1.28,1.35] | [1.14, 1.22] | [1000, 1000] | [1000, 1000]

Table 9: 95% Confidence Intervals for dual-beta
prospect theory parameters of open-weight models with
explicit prospects.

Model a ol Bugain Bross

Qwen?2.5-7B-Instruct [23.4,198] | [0.47,0.90] | [0.01,0.29] | [2.07,3.28]
Qwen2.5-Math-7B [0.20,0.77] | [0.76, 1.48] | [4.77,9.88] | [0.01,2.02]
Qwen3-30B-Instruct [1.02, 1.18] | [0.78,0.89] | [13.8,20.2] | [1.04,4.84]
Qwen3-30B-Thinking [0.99, 1.00] | [0.87,0.88] | [668, 668] [585, 585]
Olmo-3-7B-Instruct-SFT | [1.45, 54.5] | [0.63,5.88] | [0.62,3.47] | [0.01,0.76]
Olmo-3-7B-Instruct-DPO | [1.19,4.52] | [0.75,3.52] | [1.40,4.91] | [0.01, 1.26]
Olmo-3-7B-Instruct [1.08, 1.66] | [0.80,2.07] | [3.10,7.07] | [0.01,2.82]
Olmo-3-7B-Think-SFT [0.68,0.92] | [0.89, 1.61] | [16.5,30.5] | [8.02,16.0]
Olmo-3-7B-Think-DPO | [0.97, 1.18] | [0.85,0.99] | [1000, 1000] | [824, 824]
Olmo-3-7B-Think [0.47, 1.11] | [0.55,0.97] | [1000, 1000] | [466, 466]
Olmo-3-32B-Think-SFT | [0.78,0.92] | [0.92, 1.12] | [418,418] [355, 355]
Olmo-3-32B-Think-DPO | [0.93, 1.42] | [0.88, 1.45] | [1000, 1000] | [563, 563]
Olmo-3-32B-Think [0.91, 1.00] | [1.00, 1.39] | [1000, 1000] | [235,235]

Table 10: 95% Confidence Intervals for dual-beta
prospect theory parameters of open-weight models with
implicit prospects.

C.6 Ablation and Alternative Model Results

This section presents results for alternative behav-
ioral models defined in Appendix B.2.3: two re-
stricted variants of the standard PT parameteriza-
tion (o, A, 7, B) and a regret aversion model.

C.6.1 Parameter Estimates: Restricted
Prospect Theory Models

Table 11 and 12 detail the fitted parameters for the
prospect theory ablation models. For Model 1, we
report only 3 (fixing o = A = v = 1). For Model
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Figure 8: Correlation matrix involving (1) LLMs, (2) economicus, and (3) human responses to all questions with

explicit prospects.

2, we report the shape parameters (fixing 3 = 1). Model 1 | Model 2 (Shape-Only)
Model B o A ¥
Model 1 | Model 2 (Shape-Only) DeepSeek-R1 407 1.24 506 1.32
Model B o A ~ Gemini-Pro 127 1.29 132 1.39
DeepSeek-R1 1000 391 3.19 1.35 GPT-5.1 1000 1.32 1000 1.35
Gemini-Pro 745 0.74 1000 0.86 Claude Haiku 11 0.38 13 12
GPT-5.1 1000 338 4.13 1.34 DeepSeek-Chat 6 0.21 10 25
Claude Haiku 14 277 1.26 1.21 Gemini-Flash 9 1.56 13 0.81
DeepSeek-Chat 95 294 141 1.49 GPT-4.1 14 0.02 1000 0.15
Gemini-Flash 18 14  2.03 1.39 Human 6 047 4.57 2.30
GPT4.1 0.01 081 70 0.69 Table 12: Restricted prospect theory parameters of
Human 0.01 0.63 442 0.36 black-box models for decisions with implicit prospects.

Table 11: Restricted prospect theory parameters of
black-box models for decisions with explicit prospects.

C.6.2 Parameter Estimates: Regret Aversion

Table 13 and 14 present the fitted parameters for
Model 4, the regret aversion model. Here, A,  rep-
resents decisiveness in the regret framework, while
 and « control the shape of the regret function.
We observe that the regret aversion model does
consistently poorly compared to the prospect the-
ory model used in the main analysis. In terms
of goodness-of-fit, the regret model yields signif-

icantly lower correlations and higher MSE across
both prospect representations.

C.7 Standard Prospect Theory Results

As discussed in Appendix B.2.1, we also fit a stan-
dard prospect theory parameterization with four
parameters: o (risk preference), A (loss aversion),
v (probability weighting), and § (decisiveness).
While this formulation is widely used, A and (8
are not jointly identifiable in pure-loss prospects,
as the model can only recover their product (see
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Figure 9: Correlation matrix involving (1) LLMs, (2) economicus, and (3) human responses to all questions with

implicit prospects.
Model Areg | K | a | Corr | MSE | Section B.2.1 for details). We report these results
DeepSeck-R1 | 0.01 11108 | 0} 0.53 | 0.14 | here for completeness; qualitative conclusions are
Gemini-Pro 001 | 87 | 0 | 045 | 015 | cqngistent with the dual-beta specification reported
GPT-5.1 . 001 | 144| O 0.61 | 0.15 in the main text.
Claude Haiku 0.01 | 82 0 0.58 | 0.07
DeepSeek-Chat | 0.01 | 61 0 | 048 | 0.08 | C.7.1 Frontier Models
Gemini-Flash 0.01 | 127 | 0.31 | 0.77 | 0.03
GPT-4.1 001 | 994 | 538 | 026 | 0.0 | | Mode | o o>60 T 5) oo | MO
eepSeek- . . . .
Human 0.01 | 981 | 81 [-0.24] 001 | | Gerinipro | 0.82 | 057 | 0.83 | 1000 | 0.95 | 0.019
Table 13: Regret aversion parameters of black-box mod- GPT-5.1 1.33 | 1000 | 1.16 | 1000 | 1.00 | 0.002
els for decisions with explicit prospects. Claude Haiku | 0.92 | 3.89 | 0.83 | 89 | 0.72 | 0.063
DeepSeek-Chat | 0.84 | 0.43 | 0.84 | 159 | 0.75 | 0.042
Model Aoy | % | a | Corr | MSE | | Gemini-Flash | 0.95 | 1.58 | 094 | 20 | 0.87 | 0.015
DeepSeck-R1 001 51 0 030 | 0.19 GPT-4.1 0.51 | 0.01 | 1.30 | 150 | 0.53 | 0.053
Gemini-Pro 0.01 46 0 030 | 0.17 Human 004 | 66 |0.13 | 049 | 0.67 | 0.004
GPT-5.1 0.01 | 59 0 033 | 021 Table 15: Standard prospect theory parameters for fron-
Claude Haiku 0.02 1780 | 181 | 0.00 | 0.11 tier models with explicit prospects.
DeepSeek-Chat | 0.01 0 |225]|-0.11 | 0.07
Gemini-Flash 0.81 0 | 1.32] 0.25 | 0.07
GPT-4.1 001 | 0 |241|-003 017 | ©72 OpenModels
Human 0.06 | 825 | 24 | 002 | 0.03 | D Human Instructions

Table 14: Regret aversion parameters of black-box mod-

els for decisions with implicit prospects.

As all the participants were recruited via Prolific,
they were provided informed consent prior to par-
ticipation. The consent form described the na-
ture of the study, the types of data collected, and
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Figure 10: Consistency and decisiveness heatmap for all models and the human subjects.
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Figure 11: Consistency and decisiveness heatmap for all models and the human subjects restricted to the explicit
prospect setting.
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Figure 12: Consistency and decisiveness heatmap for all models and the human subjects restricted to the implicit

prospect setting.

Model o A ~ B | Corr | MSE
DeepSeek-R1 1.05 | 1.20 | 0.92 | 1000 | 0.99 | 0.005
Gemini-Pro 084 | 1.05 | 1.24 | 128 | 0.95 | 0.021
GPT-5.1 1.04 | 1000 | 0.94 | 1000 | 1.00 | 0.001
Claude Haiku | 0.70 | 0.90 | 2.10 | 12 | 0.66 | 0.059
DeepSeek-Chat | 0.80 | 0.48 | 2.51 9 0.59 | 0.039
Gemini-Flash 1.31 | 091 | 0.67 | 17 0.69 | 0.037
GPT-4.1 1.12 | 342 | 064 | 18 | 0.69 | 0.080
Human 1.03 | 0.89 | 0.83 9 0.55 | 0.022

Table 16: Standard prospect theory parameters for fron-
tier models with implicit prospects.

Model o A 0% B | Corr | MSE
Qwen2.5-7B-Instruct | 0.58 | 0.80 | 3.59 | 8 0.83 | 0.017
Qwen2.5-Math-7B 1.11 | 0.34 | 1.03 | 1000 | 0.99 | 0.004
Qwen3-30B-Instruct | 0.94 | 0.01 | 0.86 | 48 | 0.57 | 0.041
Qwen3-30B-Thinking | 0.87 | 1000 | 0.81 | 1000 | 0.99 | 0.003
Olmo-3-7B-Instruct 0.87 | 0.20 | 0.82 | 220 | 0.73 | 0.042
Olmo-3-7B-Think 1.33 | 1000 | 1.15 | 1000 | 1.00 | 0.001
Olmo-3-32B-Think 1.33 | 1000 | 1.16 | 1000 | 1.00 | 0.000

Table 17: Standard prospect theory parameters for open
models with explicit prospects.

how the data would be used and stored. Partic-
ipants were informed that their responses would
be recorded in anonymized form. Once they con-
sented, they were presented with the following in-
structions prior to completing the task. Then in

Model o A 0% B | Corr | MSE
Qwen2.5-7B-Instruct | 1.60 | 0.21 | 3.17 | 19 | 0.58 | 0.056
Qwen2.5-Math-7B 055|012 | 0.88 | 7 0.54 | 0.027
Qwen3-30B-Instruct | 1.11 | 0.19 | 0.81 | 17 | 0.50 | 0.047
Qwen3-30B-Thinking | 0.98 | 1.67 | 0.85 | 913 | 0.95 | 0.024
Olmo-3-7B-Instruct 1.25 | 0.27 | 1.00 | 4.80 | 0.44 | 0.020
Olmo-3-7B-Think 0.82 | 0.69 | 0.78 | 702 | 1.00 | 0.001
Olmo-3-32B-Think 0.76 | 1000 | 1.31 | 405 | 0.95 | 0.023

Table 18: Standard prospect theory parameters for open
models with implicit prospects.

every page, they were presented with a question at
a time with two options A,B.

We invite you to participate in a research
study being conducted by investigators
from *%*,

If you have any questions about the re-
search study itself, please contact: **%*,
If you have questions, concerns, or com-
plaints about your rights as a research
participant, please contact: ***.

Thank you very much for your consider-
ation of this research study.

In each of the following 6 questions,
you will be provided with two options
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Figure 13: HE representation of the LLMs and the im-
pact of sample size in implicit prospect. Blue: Explicit
Prospect; Red: Sample size 100; Green: Sample size
20.

with different payoffs and uncertainties.
Please choose the one you prefer.
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