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Abstract

Real-world decision-making often involves un-
certainty expressed in linguistic rather than nu-
merical terms, and Prospect Theory (PT) pro-
vides a classic framework for modeling human
behavior under such uncertainty. Although
recent studies have developed frameworks to
estimate PT parameters for Large Language
Models (LLMs), few have examined whether
PT itself adequately describes LLM decision-
making behavior. To address these gaps, we
develop a streamlined workflow grounded in
a classic behavioral economics experimental
paradigm. First, we estimate PT parameters
and evaluate how well the resulting model
captures LLM decision-making behavior. We
then derive probability mappings for epistemic
markers in the same context and inject them
into prompts to examine the stability of PT
parameters under linguistic uncertainty. Our
findings suggest that PT does not consistently
provide a reliable account of LLM decision-
making across models, and that its application
to LLMs is likely sensitive to epistemic uncer-
tainty. The findings caution against the deploy-
ment of PT-based frameworks in real-world ap-
plications where epistemic ambiguity is preva-
lent, giving valuable insights in behaviour in-
terpretation and future alignment direction for
LLM decision-making. 1

1 Introduction

LLMs are increasingly used in mission-critical
decision-making tasks such as healthcare and fi-
nance (Keith and Stent, 2019; Lehman et al.,
2022). While theoretical foundations for hu-
man decision-making under uncertainty are well-
established, the inherent decision patterns and risk
attitudes of LLMs are underexplored. Among
the psychological models used in the LLM field,
Prospect Theory (PT) (Kahneman and Tversky,

*Equal contribution.
1Code: https://github.com/HKUST-KnowComp/MarPT.

Figure 1: An overview of our three-stage experiment.
Stage 1 fits PT parameters from binary choices with
precise probabilities. Stage 2 estimates each markers
internal probability from the point where options K
and U are chosen equally. Stage 3 substitutes proba-
bilities with markers to measure the effect of linguistic
uncertainty markers.

1979; Tanaka et al., 2010) is particularly influen-
tial (Horton et al., 2023; Jia et al., 2024), and con-
tinues to play an important role in training, testing,
and alignment frameworks for LLMs (Cheng et al.,
2025; Wang et al., 2025). Despite its widespread
adoption, the fundamental applicability of this hu-
man psychological model to LLMs is often as-
sumed rather than systematically validated.

Beyond basic numerical evaluations, realistic
decision-making involves pervasive linguistic un-
certainty, predominantly expressed through epis-
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temic markers (Belem et al., 2024; Liu et al.,
2026c; Zhou et al., 2023a). Because humans nat-
urally adopt such verbal expressions to communi-
cate risk (Wallsten et al., 1986a), enabling mod-
els to process them is essential for robust human-
AI communication (Bhatt et al., 2021). Given the
highly safety-critical nature of AI-driven decision-
making (Leyli-abadi et al., 2025), it is crucial that
the theoretical frameworks we rely on to interpret
and align LLM behavior remain reliable in real-
world conditions. If Prospect Theory is to serve
as a dependable lens for evaluating LLMs, its va-
lidity must not break down when uncertainty is ex-
pressed through epistemic markers.

However, whether Prospect Theory remains ro-
bust under linguistic uncertainty expressed by epis-
temic markers remains largely unexplored. Ex-
isting studies have examined how personality
prompting, sociodemographic embedding, role-
playing interventions, or post-training can system-
atically shift LLMs’ PT parameters (Jia et al.,
2024; Liu et al., 2025a; Wang et al., 2025), yet
the question of how epistemic markers (Lee et al.,
2025) influence LLM decision-making behavior
under PT has been overlooked.

On this end, we design a lottery-based eval-
uation adapted from classic behavioral eco-
nomics (Allais, 1953; Brandstätter et al., 2006;
Tanaka et al., 2010), leveraging prior findings
that epistemic markers can be mapped to numer-
ical probabilities (Belem et al., 2024; Zhou et al.,
2023b; Hu et al., 2025). Our evaluation consists of
three stages, illustrated in Figure 1. We begin by
presenting binary choice tasks with precise numer-
ical probabilities to estimate each models PT pa-
rameters. In the second stage, LLMs make binary
choices between numerical probabilities and epis-
temic markers. This allows us to infer the models
implicit probabilistic interpretation of those uncer-
tainty expressions under similar contexts. Finally,
we re-assess model behavior on the original deci-
sion tasks, now framed using epistemic markers
grounded in their inferred probability values, to di-
rectly evaluate the impact of epistemic uncertainty
on decision-making.

Our results reveal two key insights. First,
Prospect Theory does not consistently perform
well at explaining LLM decision behaviors, and
it exhibits model-wise differences where larger-
scale models outperform the others. Second, in-
troducing epistemic markers disrupts decision con-
sistency and alters PT parameters, exposing the

fragility of LLMs’ decision-making under linguis-
tic uncertainty. The results suggest that LLMs do
not exhibit universal Prospect-Theory-like behav-
ior, and their risk tendencies are likely not robust
under epistemic uncertainty. It calls for specific
explanation and alignment frameworks for more
interpretable and robust LLM decision-making.

2 Related Work

Prospect Theory in Economics. Prospect The-
ory (Kahneman and Tversky, 1979; Barberis,
2013) has served as a foundational framework for
modeling human decision-making under risk, cap-
turing key behavioral patterns such as loss aver-
sion and probability distortion. Empirical studies
have extended PT to diverse populations and set-
tings (Tanaka et al., 2010), and recent work ex-
plores whether LLMs exhibit similar patterns (Jia
et al., 2024; Liu et al., 2025a). Our work builds on
these efforts but focuses on how linguistic uncer-
tainty impacts PT-consistent behavior in LLMs.

LLM Decision-Making under Uncertainty.
Recent work evaluates how LLMs handle eco-
nomic decision-making and risk-sensitive choices,
including whether their behavior follows prospect-
theoretic patterns (Jia et al., 2024). Related stud-
ies further examine whether LLMs align with hu-
man economic risk preferences in risk assessment
scenarios (Liu et al., 2025a). Beyond numerical
risk settings, recent work also investigates whether
epistemic markers can accurately reflect LLM un-
certainty in confidence estimation (Zong et al.,
2025b). More broadly, Binz et al. (2025) inves-
tigate whether a foundation model can predict and
capture human behavior across a range of cogni-
tive tasks. We extend this line of inquiry by testing
whether linguistic uncertainty conveyed by epis-
temic markers causes instability in LLM behaviors
within decision-making contexts.

Epistemic Markers in LLMs. Recent work in-
vestigates how LLMs interpret and respond to lin-
guistic signals related to uncertainty and confi-
dence. Zhou et al. (2023a) study how different
epistemic markers embedded in prompts affect
model predictions. Belem et al. (2024) evaluate
LLMs’ interpretation of epistemic markers, find-
ing partial human-like behavior alongside system-
atic biases. Liu et al. (2026c) further argue that
such markers are often unreliable indicators of in-
ternal confidence in LLMs. These findings suggest
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that models may mimic surface linguistic patterns
rather than demonstrate true epistemic reasoning.
Our study builds on this line of work by examin-
ing how LLMs process epistemic markers in uncer-
tain economic contexts. More comparative analy-
sis with previous work are in Appendix H.

3 Preliminaries

In rational decision theory, an agent’s preference
over risky prospects follows the von Neumann-
Morgenstern expected utility framework (Von Neu-
mann and Morgenstern, 1944). For a prospect
P = (x1, p1; · · · ;xn, pn) yielding outcome xi
with probability pi, the expected utility is com-
puted as:

EU(P ) =
n∑

i=1

pi · u(xi), (1)

where u(·) is a cardinal utility function mapping
outcomes to real numbers. Under traditional Ex-
pected Utility Theory (EUT) (von Neumann et al.,
1944), human decisions are assumed to maximize
EU(P ). However, empirical evidence systemati-
cally violates EUT assumptions. Prospect Theory
(PT) addresses these anomalies through three psy-
chological distortions of rational utility. It main-
tains a utility-based approach but fundamentally
alters Expected Utility Theory through three key
properties:

• (1) Risk Preference (σ): Agents often exhibit
risk aversion or risk-seeking behavior.

• (2) Loss Aversion (λ): Losses psychologically
outweigh equivalent gains.

• (3) Probability weighting (γ): Agents often ex-
hibit systematic probability distortion.

To capture these characteristics, Prospect Theory
introduces two specialized functions: the value
function formalizes how outcomes translate into
subjective utility, while the probability weighting
function captures non-linear probability percep-
tion. Together, these functions model the distorted
utility calculations that characterize PT decision-
making.

The value function v(x) quantifies subjective
satisfaction from outcomes relative to a reference
point (zero in this study). For outcomes x ≥ 0
(gains) and x < 0 (losses), the value function is:

v(x) =

{
xσ for x ≥ 0

−λ(−x)σ for x < 0.
(2)

Key parameters here are loss aversion (λ) which
is a multiplier of negative perceptions, and risk
preference (σ) which controls curvature (sensitiv-
ity to values).

The probability weighting function formal-
izes the transformation of objective probabilities
p into subjective decision weights:

w(p) =
pγ

(pγ + (1− p)γ)1/γ
, (3)

where γ controls the curvature of the function.
The final utility for any binary prospect in the

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

u(P ) =

{
v(y) + w(p)(v(x)− v(y)), [1]
w(p)v(x) + w(q)v(y), [2]

(4)

where [1] denotes x > y > 0 or x < y < 0,
and [2] denotes x < 0 < y. All functions follow
the standard formulations set in (Kahneman and
Tversky, 1979).

4 Decision-Making Behavior Evaluation

Experimental setup. Based on the above eco-
nomic frameworks, we adopt the three-series
lottery-choice experiment developed by Tanaka
et al. (2010) to get a reliable PT parameter mea-
surement. Series 1 and 2 are designed to elicit
risk preference (σ) and probability weighting (γ),
while series 3 is designed for loss aversion (λ).
The prospect settings are shown in Appendix B,
and the prompt design is in Appendix C. The ex-
periment setup hyperparameters are summarized
in Appendix A.3.

Each lottery consists of two options: a safe op-
tion K and a riskier option U. The agent is asked
to directly choose between options K and U based
on its risk preference. After sampling η times for
each question, we count the portion of choosing
option K for each lottery. Then we define the pre-
dicted probability of choosing option K for each
lottery as follows:

P (choose K) =
e∆EU

1 + e∆EU
, (5)

where ∆EU = u(K) − u(U) is the difference
in the distorted utility of prospect K and U under
prospect theory. We choose the sigmoid function
as it is a standard formulation in economic stud-
ies (Chakravarty and Roy, 2009).
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Figure 2: Visual illustration of the three PT parameters (σ, λ, γ). Each parameter is shown with its meaning
and an interpretation of its directional significance.

PT Parameters and Confidence Intervals. We
add up the Bernoulli log-likelihood for all M
lotteries as the negative log-likelihood function,
and run Maximum Likelihood Estimation (MLE)
with this function to estimate σ, λ and γ. To
get the confidence intervals, we use a bootstrap
method (Efron, 1979) by generating simulated
datasets through binomial sampling from pre-
dicted probabilities derived from the original pa-
rameter estimates. Specifically, for each observa-
tion i, we sample ỹi ∼ Binomial(n = 1, p = p̂i)
where p̂i is the predicted probability. The model
parameter standard deviation σθ̂ is estimated from
the bootstrap distribution, and the (1 − α) confi-
dence interval is constructed using the percentile
method:

CI1−α =
[
θ̂∗(α/2), θ̂

∗
(1−α/2)

]
, (6)

where θ̂∗(α) denotes the α-quantile of the bootstrap
parameter estimates. This approach accounts for
parameter uncertainty in finite samples.

PT Goodness-of-fit. We then quantify model
goodness-of-fit by computing McFadden pseudo-
R2 (McFadden, 1977), defined as:

R2
McFadden = 1− LPT

Lnull
, (7)

where LPT is the log-likelihood of Prospect The-
ory and Lnull represents the log-likelihood of the
intercept-only model with uniform choice proba-
bilities. This metric measures the improvement
of our model over random guessing. Finally, we
calculate the mean absolute error (MAE) be-
tween the actual probability pactual and the pre-
dicted probability ppred of choosing option K de-
rived from our PT model:

MAE =
1

N

N∑

i=1

∣∣∣p(i)actual − p
(i)
pred

∣∣∣ , (8)

where N denotes the number of observations. This
provides a direct measure of prediction error.

Summary. Overall, the three PT parameters,
their confidence intervals, the McFadden pseudo-
R2, and the MAE score together describe the re-
vealed agent’s risk attitude and our descriptive
model’s explanatory power.

5 Evaluation with Epistemic Uncertainty

Real-world decisions are often made under vague
linguistic uncertainty rather than precise numer-
ical probabilities (Wallsten et al., 1986a; Belem
et al., 2024). This necessitates experiments to un-
derstand how epistemic markers influence LLMs’
decision-making behavior. We investigate how
decision-making is affected when numerical prob-
abilities are replaced by verbal probability expres-
sions, or epistemic markers. Section 5.1 estimates
their numerical equivalents via a controlled lottery
experiment, and Section 5.2 applies these values
in the PT framework to re-measure PT parameters.
The prompt design is in Appendix C.

No. Epistemic Marker Probability Mapping
by Human

1 almost certain 95%
2 highly likely 90%
3 very likely 90%
4 likely 80%
5 probable 70%
6 somewhat likely 70%
7 possible 60%
8 uncertain 50%
9 somewhat unlikely 30%
10 unlikely 25%
11 not likely 20%
12 doubtful 20%
13 very unlikely 10%
14 highly unlikely 10%

Table 1: Epistemic markers and human probability
mappings from Belem et al. (2024).

5.1 Marker Probability Mappings

Motivation. Epistemic markers are inherently
vague and context-sensitive (Liu et al., 2026c;
Bergqvist, 2015), yet they often substitute for pre-
cise numerical probabilities in practice (Belem
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et al., 2024; Zhou et al., 2023b; Hu et al., 2025).
For LLMs, the ability to interpret epistemic mark-
ers consistently and meaningfully is critical if they
are used as decision-support tools.

Experimental setup. To empirically examine
how LLMs interpret these markers, and whether
their interpretations are coherent and aligned with
human intuition, we design a controlled lottery ex-
periment in an economic decision-making context.
Each trial presents the model with a choice be-
tween two options. For option K, there is a fixed
probability p% of winning $M , while p ranges
over all values in set probs (see Appendix A.1).
For option U, there is an unknown probability
of winning $M which is defined by the differ-
ent markers. For the usage of epistemic markers,
We manually select 14 markers commonly used in
prior work (Belem et al., 2024) to ensure that they
are suitable for this context (see Table 1).

Probability interpolation. For each marker, we
record the number of times the model selects op-
tion K, denoted as NUMK . The key assumption
is that when NUMK reaches half of the total trials
(i.e., an implied probability p0 = 0.5), the model
considers the two options equally attractive. We
define the inferred probability mapping, pmapping,
for that marker as the value of p where this equi-
librium occurs. Since p is sampled at discrete
points, the exact p0 point may fall between two
sampled probabilities. To estimate pmapping, we
perform linear interpolation between the two near-
est points. Let n0 be the target count (i.e., 50% of
the sample size). Let (px, cntx) and (py, cnty) be
the probability-count pairs immediately below and
above n0, respectively. As illustrated in Figure 3,
by the slope formula

pmapping − px
py − px

=
n0 − cntx
cnty − cntx

, (9)

we solve for pmapping:

pmapping =
(n0 − cntx) · py + (cnty − n0) · px

cnty − cntx
.

(10)
Through this experiment, we obtain a list of
14 probability values (one per marker) for each
model, capturing how it semantically interprets
verbal uncertainty in economic terms.

5.2 Re-measurement of PT Parameters
Marker Normalization. After establishing the
probability mappings, we select a pair of epistemic

Figure 3: Illustration of calculating pmapping . We use
linear interpolation via similar triangles.

Model σ λ γ MAE↓ R2↑
Human 0.670 2.630 0.685 - -
Llama-3.1-8B-Instruct 0.585 0.010 0.753 0.332 0.092
Mistral-7B-Instruct-v0.3 0.534 0.570 0.577 0.155 0.132
Qwen2.5-7B-Instruct 0.429 0.010 3.645 0.047 0.116
Qwen2.5-14B-Instruct 0.503 1.909 0.896 0.257 0.067
Qwen2.5-32B-Instruct 0.598 1.213 0.867 0.161 0.225

GPT-5-Mini 0.447 4.000 2.888 0.115 0.206
Gemini-2.5-Flash 0.495 1.499 0.814 0.134 0.225

Table 2: Baseline Prospect Theory (PT) param-
eter estimation across evaluated LLMs. Hu-
man benchmarks are sourced from (Tanaka et al.,
2010). For reasoning-capable models (GPT-5-Mini
and Gemini-2.5-Flash), we employ chain-of-thought
prompts while explicitly prohibiting expected-value
calculations. Bolded entries denote a reliable fit based
on the criteria of MAE ≤ 0.20 and R2 ≥ 0.10.

markers whose normalized probabilities approxi-
mate the original numerical settings, ensuring the
core lottery structure remains consistent (Budescu
and Wallsten, 1995a). Detailed replacement rules
are provided in Appendix D. For example, for a
model with “somewhat unlikely” mapped to p1 =
32% and “highly likely” mapped to p2 = 68%, we
normalize them as:

p′1 =
p1

p1 + p2
, p′2 =

p2
p1 + p2

(11)

This normalization follows the standard approach
of converting membership values to valid proba-
bility distributions (Budescu and Wallsten, 1995a;
Wallsten et al., 1986a).

Lottery with Markers. We replace the proba-
bilities in the original decision-making behavior
evaluation framework with the closest epistemic
marker pairs, and re-run the PT measurement
test using p′1 and p′2 and compare the result with
the original study. We design four experimental
rounds to incrementally introduce linguistic uncer-
tainty: Round 1 introduces markers only to Option
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K in Series 1 and 2; Round 2 to Option K across
all three series; Round 3 to Option U only; and
Round 4 to both options across all series. This de-
sign enables systematic investigation of how epis-
temic markers affect decision-making across safe
versus risky options (Option K versus U) and gain
versus loss domains (Series 1-2 versus Series 3).

6 Results and Findings

6.1 Numerical Probabilities Setting

For decision-making under exact probability, we
first estimate Prospect Theory parameters using
the numerical lottery settings as the baseline con-
dition. The parameter values are shown in Table 2,
with additional details provided in Appendix E.

Prospect Theory does not uniformly explain
LLM decision behavior. Before interpreting
the estimated PT parameters, we first examine
whether each model’s choice behavior can be
meaningfully captured by the Prospect Theory
framework. Following human econometric model
regression standards, we consider an MAE score
> 0.20 to indicate an unreliable regression result,
and a McFadden pseudo-R2 score < 0.10 to imply
that applying PT lacks explanatory power (McFad-
den, 1977). Under these criteria, Llama-3.1-8B-
Instruct and Qwen2.5-14B-Instruct exhibit both
high prediction error and weak likelihood improve-
ment over the null model, indicating that their
choices cannot be reliably summarized by a stable
PT parameterization. This suggests that the fail-
ure is not merely a matter of obtaining different σ,
λ, or γ values, but reflects a deeper mismatch be-
tween their observed choice patterns and the struc-
tural assumptions of Prospect Theory. This high-
lights the importance of evaluating model fit be-
fore attributing human-like economic preferences
to LLMs, since poor PT fit may reveal unstable
or internally inconsistent decision behavior rather
than interpretable risk attitudes.

Larger LLMs exhibit more Prospect-Theory-
like behavior, but loss aversion remains un-
stable. Overall, larger and more capable LLMs
show stronger alignment with Prospect Theory,
as reflected by higher McFadden pseudo-R2 and
lower MAE, while their estimated parameters still
reveal an incomplete form of human-like deci-
sion behavior. Across models with reliable PT
fits, the risk preference parameter σ mostly falls
between 0.4 and 0.6, suggesting a consistent de-

gree of risk aversion that is slightly weaker than
that typically observed in humans. However, the
loss aversion parameter λ is much less stable:
some models are more sensitive to losses (λ >
1), whereas others appear more sensitive to gains
(λ < 1). In particular, Llama-3.1-8B-Instruct
and Qwen2.5-7B-Instruct yield unusual boundary
values of λ, indicating irregular choice patterns
rather than stable reference-dependent preferences.
Together with the improved fit of larger models,
these results suggest that PT-aligned behavior may
partially emerge with model scale, but current
LLMs mainly reproduce surface-level risk heuris-
tics without consistently encoding the reference-
dependent value structure underlying human loss
aversion.

6.2 Epistemic Marker Mappings
The detailed experimental results are shown in Ta-
bles Appendix E. We also further visualize the
probability mapping of different models for differ-
ent epistemic markers in Figure 4.

Epistemic marker mappings show reliable rel-
ative ordering across models. The probabil-
ity mappings exhibit a consistent relative ranking
across models, indicating that our mapping proce-
dure captures stable ordinal semantics rather than
noisy numerical artifacts. As shown in Figure 4,
high-certainty markers such as ‘almost certain”,

‘highly likely”, and “very likely” are consistently
assigned among the highest probabilities, while
low-certainty markers are mapped to substantially
lower values. Although the absolute probabilities
vary across models, this stable ordering suggests
that LLMs largely agree on the relative strength of
epistemic markers. This consistency also further
reduces concerns that the mappings reflect model-
specific noise. This provides a reliable foundation
for our subsequent analysis.

Model-specific mappings are approximately
aligned with human probability judgments.
The learned mappings are broadly consistent with
the human mappings reported in prior work, sup-
porting their external validity. As shown in Ta-
ble 1, most epistemic markers fall within the
5At the same time, the mappings are not iden-
tical across models, as Figure 4 shows model-
dependent differences in the absolute probability
assigned to the same marker. These differences in-
dicate that a single fixed mapping would obscure
meaningful variation in how models interpret the
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Figure 4: Probability mapping of different models for different markers.

same epistemic expressions. Therefore, our map-
ping procedure provides probability estimates that
are both reliable and model-specific: they pre-
serve the broad human-aligned semantics of epis-
temic language while capturing how each model
uniquely interprets linguistic uncertainty.

6.3 PT under Epistemic Markers

The estimation results under varying degrees of
linguistic uncertainty are illustrated in Figures 5
and 6. We examine how replacing precise nu-
merical probabilities with epistemic markers af-
fects LLMs’ internal decision-making parameters
and performance under the framework of Prospect
Theory. Because the epistemic markers are se-
lected based on the model-specific probability
mappings established above, this stage further
tests whether semantically matched linguistic un-
certainty preserves the same revealed decision-
making behavior as numerical probability. The
analysis covers four experimental conditions, in-
cluding marker substitution in either or both op-
tions of the lottery choice task.

Epistemic uncertainty induces non-invariant
PT parameters under matched probability
meanings. For the majority of models, the es-
timated risk preference remains relatively stable
despite replacing numeric probabilities with epis-
temic markers, indicating that risk attitudes are
only mildly perturbed by uncertainty. However,
loss aversion and probability weighting shift more
substantially under these conditions. In particu-
lar, changes in λ suggest that models do not pre-
serve the same loss sensitivity when equivalent

uncertainty is expressed through linguistic mark-
ers rather than numerical probabilities. Similarly,
the increase in γ after adding disturbance shows
that most models exhibit increasingly conserva-
tive probability distortions, reflecting cautious de-
cision patterns under ambiguity. More fundamen-
tally, drift under semantically matched substitu-
tions reveals non-invariant decision-making: mod-
els alter revealed preferences when equivalent un-
certainty is expressed differently. These shifts indi-
cate that semantic equivalence in probability does
not guarantee behavioral equivalence in model de-
cisions. This suggests that epistemic markers are
not merely interchangeable verbal forms of numer-
ical probabilities, but can directly affect the inter-
nal preference structure revealed by LLMs.

Larger size LLMs have more stable but still var-
ied decision-making behavior. Model scale is
associated with greater robustness to epistemic un-
certainty, but not with full stability. Smaller lan-
guage models, such as Mistral-7B-Instruct-v0.3,
exhibit substantial fluctuations in PT parameters
across rounds after numerical probabilities are re-
placed with epistemic markers. In some condi-
tions, their estimates even reach boundary val-
ues, indicating an unstable fit. By contrast, larger
models such as Qwen2.5-32B-Instruct show com-
paratively more stable parameter estimates under
the same perturbations. However, their parame-
ters still vary noticeably across experimental con-
ditions, suggesting that increased model scale im-
proves robustness to linguistic uncertainty without
eliminating the sensitivity of decision-making be-
havior to epistemic phrasing. This indicates that
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Figure 5: PT parameters estimated across rounds. Baseline corresponds to the first stage; subsequent rounds
show parameter fluctuations.

Figure 6: PT performance across rounds. Baseline represents initial PT fitness; MAE and McFadden R2 vary
considerably in later rounds.

scale may mitigate, but does not resolve, the be-
havioral gap between numerical and linguistic rep-
resentations of uncertainty. This scaling pattern
suggests that robustness to epistemic phrasing im-
proves gradually with model capacity.

Epistemic markers have model-dependent ef-
fects on PT fitness. While epistemic markers
generally worsen PT performance metrics, their
effects are not uniformly negative across models
and rounds. For example, in the four rounds
with epistemic markers, MAE rises significantly
for Qwen2.5-7B, but it drops for Qwen2.5-14B.
This mixed pattern suggests that epistemic uncer-
tainty interacts with model-specific decision mech-
anisms and that conclusions about PT fitness may
depend on how uncertainty is expressed. This
variation cautions against drawing overly broad
model-agnostic conclusions about the effect of
epistemic markers on PT fitness. Given that epis-

temic markers are common in real-world com-
munication, this model-dependent instability high-
lights the need to evaluate LLM decision-making
under linguistic uncertainty rather than relying
only on exact numerical probability settings.

7 Discussions

On the Contributions and Significance of Our
Work. Prospect Theory (PT) is a widely used
framework for describing human decisions un-
der risk (Kahneman and Tversky, 1979; Barberis,
2013). Recent studies have applied PT to LLMs,
but they have reached different conclusions about
how well it describes model behavior (Jia et al.,
2024; Liu et al., 2025a; Payne, 2025). Our re-
sults **clearly** show that the reliability of PT
depends on both the model being studied and the
way uncertainty is expressed. Under numerical
probabilities, PT meets our fit criteria for some

12317



models but not for others. Even when the numeri-
cal fit is acceptable, replacing numerical probabil-
ities with epistemic markers that convey the same
probabilities can change both the model’s choices
and the fitted PT parameters. A fitted PT param-
eter therefore cannot automatically be treated as
a stable measure of the model’s risk preference
or as evidence that the model makes decisions in
the same way as humans. Our study suggests that
researchers should first establish that PT fits the
model and that its parameters remain stable across
numerical and linguistic representations of uncer-
tainty. More broadly, when cognitive frameworks
developed for humans are applied to foundation
models (Binz et al., 2025), the wording of a deci-
sion problem should **therefore** be treated as
part of the experimental setting because it can sys-
tematically shape the model’s choices.

On the Validity and Scope of Our Work.
Our study examines whether PT can reliably de-
scribe the choices made by the models we study
and whether their choices and fitted PT param-
eters remain stable when equivalent uncertainty
is expressed numerically or linguistically. Al-
though our experiment includes only 35 lottery
pairs, these pairs are **therefore** not arbitrary.
They come from the established experimental eco-
nomics design of ?, which was specifically de-
veloped to estimate three core components of PT.
We sample each pair 256 times, yielding 8,960
choices per condition, and use bootstrap resam-
pling to quantify uncertainty in the estimated PT
parameters with narrow 95Our conclusions apply
only to this **tightly** controlled setting. We
do not claim that PT is superior to other decision
models, that it applies to all risky choice tasks
such as medical diagnosing, that PT itself explains
linguistic ambiguity, or that the observed effects
are unique to LLMs or demonstrate general dif-
ferences between LLMs and humans. A matched
human baseline is also nontrivial because interpre-
tations of verbal probabilities vary across individ-
uals and contexts (Budescu and Wallsten, 1995b;
Wallsten et al., 1986b), while reproducing our 256-
sample-per-lottery protocol at the same scale with
human participants would be impractical. Ad-
dressing these broader questions will require com-
parisons with alternative models, a wider range of
decision tasks, and matched human experiments.

On the Implications of Our Work. Our find-
ings have several important practical implications

for studying and deploying LLMs in risk-sensitive
settings. Researchers should **directly** ver-
ify model fit and parameter stability before inter-
preting PT parameters as meaningful measures of
LLM risk preferences. In applications where deci-
sions depend on probabilistic information, such as
medical or financial decision support, uncertainty
expressions should also be carefully and **ex-
plicitly** standardized because semantically sim-
ilar numerical and linguistic probabilities can in-
duce different choices. This is particularly impor-
tant when small linguistic variations can propagate
into materially different downstream recommenda-
tions. Finally, although larger models generally ex-
hibit more stable and more PT-like behavior in our
experiments, model scale alone does not guarantee
fully invariant decision-making under epistemic
uncertainty. This sensitivity also motivates evalu-
ating uncertainty representations explicitly during
model validation before deployment. More on im-
plications are in Appendix F.

8 Conclusion

This paper critically re-evaluates the applicability
of Prospect Theory (PT) as a descriptive frame-
work for LLM decision-making, particularly un-
der conditions of epistemic uncertainty. Through
comprehensive empirical evaluations, our findings
reveal three key limitations: (1) Scale Depen-
dency: PT-aligned behavior is not an inherent
model capability, but rather emerges only in mod-
els with sufficient parameter scale; (2) Represen-
tational Divergence: While LLMs demonstrate ro-
bust ordinal consistency when ranking epistemic
markers, they exhibit severe cross-model diver-
gence in absolute probability mappings; (3) Pa-
rameter Instability: The introduction of linguistic
uncertainty profoundly destabilizes LLMs, render-
ing them unable to maintain theoretically coherent,
stable, or interpretable PT parameters. This re-
veals representational non-invariance. Ultimately,
our study cautions against the uncritical deploy-
ment of PT-based frameworks to model or predict
LLM behaviors in real-world applications where
epistemic ambiguity is ubiquitous. These find-
ings underscore the imperative for future align-
ment paradigms to move beyond exact numerical
probabilities, prioritizing structural robustness and
interpretability for autonomous decision-making
systems under epistemic uncertainty.
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Limitations

Reasoning configuration effects. Our evalua-
tion depends on specific reasoning settings. For
open-source models, we disable reasoning to
avoid deterministic expected-value computation,
and for closed-source models we impose con-
straints against explicit expected-value calculation.
This design is aligned with classic economic set-
tings, where participants are asked to give quick
and intuitive answers. However, these constraints
may artificially limit the analytical capabilities of
LLMs.

Generalization to different contexts. Our work
is primarily based on classic economic decision-
making context. We focus on this specific setting
because it has been widely explored in behavioral
economics and offers high interpretability. This
approach is also highly relied upon by prior works
such as (Jia et al., 2024). While re-framing the
decision questions into other practical contexts is
an interesting task, it may introduce unexpected
confounding influences.

Lack of interpretable parameter patterns. We
do not observe a theoretically interpretable pat-
tern in prospect-theory parameter changes under
epistemic markers. This lack of regularity likely
stems from the inherent ambiguity of epistemic
markers, making it difficult to map linguistic un-
certainty systematically onto the rigid mathemat-
ical structures of PT. While our findings success-
fully demonstrate the fragility of PT, which aligns
with our primary goal of testing robustness, for-
mulating a unified interpretation for these param-
eter shifts remains an open question for future re-
search.

Ethics Statement

This paper utilize a lottery-based economic ques-
tionnaire developed by (Tanaka et al., 2010) pub-
lished on America Economic Association, which
allows usage with appropriate citations. The ques-
tionaire is done by LLMs, so there is no privacy is-
sues. Our experiment discuss the risk attitude mea-
sured under Prospect Theory, which does not con-
tain offensive expressions. The questionnaire is
intended to test risk attitude measured by Prospect
Theory, and it is used as intended in our paper.

Our experiment involves the usage of Qwen2.5
series models (7B, 14B, 32B) (Qwen et al., 2025)

with Apache 2.0 license, Mistral-7B-Instruct-
v0.3 with Apache 2.0 license, and Llama3.1-8B-
Instruct with Llama3.1 license. They run on an 8x
RTX 3090 GPU cluster.

Our paper mainly tests the robustness of PT un-
der epistemic uncertainty, which points out risk of
using PT in LLM-related fields. This does not in-
troduce extra risks. Our research focuses on finan-
cial decision-making within the English language
domain.
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Appendices

A Hyperparameters

A.1 Probability Mapping Experiment

In the probability mapping experiments in 5.1, the
monetary reward is fixed at M = 100. This value
is chosen to provide a clear and intuitive payoff
magnitude without introducing excessive numeri-
cal complexity.

The probability parameter p takes
values from the set probs =
{5, 15, 25, 35, 45, 55, 65, 75, 85, 95}. These
values are selected to uniformly cover the range
of possible probabilities from low to high in
increments of 10 percentage points, enabling
systematic analysis of internal probability values
of epistemic markers.

A.2 Model Generation

Temperature is set to 0.7 for all experiments, fol-
lowing prior work on decision-making behavior of
LLMs under uncertain contexts (Jia et al., 2024;
Liu et al., 2026a,b). Since our evaluation relies
on sampling-based decoding to capture distribu-
tional decision behavior, a non-zero temperature is
needed. The chosen value balances diversity and
coherence and is commonly adopted in LLM eval-
uations. All other decoding and generation hyper-
parameters use the default settings provided by the
HuggingFace implementation.
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Hyperparameter Value
Temperature 0.7
Maximum new tokens 8
History length 10
Number of lottery rounds 35

Table 3: Key hyperparameters for model generation

Setup Description Value

η Number of repeated samples per lottery
question

256

M Number of lottery-choice questions 35
α Significance level for confidence intervals 0.05
1− α Confidence level 0.95

Table 4: Experiment setup hyperparameters used in
decision-making behavior evaluation.

A.3 Experiment

Table 4 summarizes the experiment setup hyper-
parameters used in our decision-making behavior
evaluation. We sample each lottery question η =
256 times to estimate the empirical choice proba-
bility, and evaluate the agent over M = 35 lottery-
choice questions from the three-series design. For
uncertainty estimation, we report confidence inter-
vals using significance level α = 0.05, correspond-
ing to a confidence level of 1− α = 0.95.

B Lottery Design

Table 6, 7 and 8 shows the lottery design for
PT parameter estimation. The values here are
from (Tanaka et al., 2010). They are specially de-
signed to get best PT parameters.

C Prompt Design

Figure 7 shows prompt design for decision-
making evaluation test and probability mapping
test. All lotteries are sampled 256 times. To sim-
ulate human decision-making, while keeping the
model directly output its answer, up to 15 history
decisions are maintained. Meanwhile, we use a
random order for the 35 lotteries to relieve posi-
tional bias. An introduction is provided at the very
beginning. NUMBER will be replaced by the val-
ues stated in table 6, 7 and 8 .

D Marker Replacement Rules

For the details of how we replace probabilities
with markers, see Table 5.

E Detailed Experimental Results

Switching probabilities. In the main text, we
presented selected key experimental results and vi-
sualizations. To provide the full probability map-
pings used in our marker-based experiments, Ta-
bles 9 and 10 report the switching probabilities for
the top and bottom seven epistemic markers across
models. These results show how each model maps
linguistic uncertainty expressions to implicit nu-
merical probabilities, which serve as the basis for
replacing numerical probabilities with epistemic
markers in the re-measurement experiments.

Prospect Theory parameter estimates and
model fit. To provide a more comprehensive
view of model performance across different
rounds, we include in this appendix the full set of
parameter estimates and model fit metrics. Specifi-
cally, Tables 11, 12, and 13 report the estimates of
parameters σ, λ, and γ with their 95% confidence
intervals for each model and round. Table 14 sum-
marizes the models mean absolute errors (MAE)
and McFadden R2 values across rounds. These
additional data offer deeper insights into model be-
havior and the dynamics observed throughout the
experiments.

F Discussion and Implications

Our findings reveal challenging difficulties in ap-
plying human-centric cognitive frameworks, es-
pecially Prospect Theory (PT), to LLM decision-
making. Different models display distinct interpre-
tations of epistemic uncertainty markers, leading
to divergent decision behaviors. Introducing these
markers into the decision-making framework sub-
stantially alters LLM choices.

Our results suggest that LLMs may not inher-
ently understand risk in human-like ways; their
responses often reflect statistical training arti-
facts rather than cognitively grounded reasoning.
We recommend conducting regression analy-
ses and goodness-of-fit tests before applying hu-
man cognitive models to LLMs.

In real-world applications (e.g., medical diag-
nosis or financial advice), LLMs may give incon-
sistent recommendations when probabilistic lan-
guage varies, posing reliability concerns. We rec-
ommend establishing consistent standards for
expressing uncertainty in LLM-driven decision
systems.

Furthermore, larger LLMs tend to exhibit more
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Model 30% 70% 10% 90%
Qwen2.5-7B-Instruct uncertain almost certain somewhat likely highly likely
Llama3.1-8B-Instruct likely almost certain very unlikely almost certain
Mistral-7B-Instruct-v0.3 very unlikely highly likely highly unlikely almost certain
Qwen2.5-14B-Instruct somewhat unlikely highly likely very unlikely almost certain
Qwen2.5-32B-Instruct somewhat unlikely probable somewhat likely almost certain

Table 5: Marker Replacement Rules for Different Models. This is determined for introducing the least numeric
differences, and balancing model and human interpretations.

Prompt Templates

Beginning Instruction
You are invited to participate in an experiment.
Your task is to choose between option K and
option U for each of the following lotteries.
Here is lottery {i}:

a) Used in Probability Mapping
For option K:
p% probability to win $100.
For option U:
MARKER to win $100.

b) Used in PT Estimation
For option U:
NUMBER% probability to win $NUMBER
NUMBER% probability to win/lose $NUMBER
For option K:
NUMBER% probability to win $NUMBER
NUMBER% probability to win/lose $NUMBER

End Instruction
Please DO NOT REASON and
DIRECTLY output your choice,
by ONLY returning
one of the following two labels:
“[K]”, “[U]”.
The answer is:

Figure 7: Templates for prompts used in the probability mapping and Prospect Theory estimation tasks. The
design includes an initial instruction, task-specific lottery descriptions, and a fixed closing instruction to ensure
direct model responses without reasoning.
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Option K Option U
Lottery 30% 70% 10% 90%

1 40 10 68 5
2 40 10 75 5
3 40 10 83 5
4 40 10 93 5
5 40 10 106 5
6 40 10 125 5
7 40 10 150 5
8 40 10 185 5
9 40 10 220 5
10 40 10 300 5
11 40 10 400 5
12 40 10 600 5
13 40 10 1000 5
14 40 10 1700 5

Table 6: Series 1: both options are gains.

PT-like decision behavior, with PT parameters
more closely aligned to human estimates. We rec-
ommend using LLMs with at least 14B parame-
ters when integrating PT into decision-making
systems.

G Failure Cases Analysis

In our initial implementation of the marker map-
ping experiment, we adopted the set of epistemic
markers from Table 6 (Human Judgements of Tem-
plates Based on Reliability) in (Zhou et al., 2024).
These markers were originally designed to test
both human and LMs judgments of the reliability
conveyed by these expressions. However, when
directly applied to our economic decision-making
setting, the resulting mappings for LLMs were un-
expectedly unstable and, in some cases, counterin-
tuitive.

We summarize two major issues observed in the
experimental outcomes:

(1) Highly oscillatory choice patterns. Ide-
ally, the number of times the model selects
option K should increase monotonically with
p, yielding a single and well-defined switching
point. In practice, the selection curves were of-
ten non-monotonic, with multiple apparent switch-
ing points, which made the mapping probability
pmapping ill-defined. An example is shown in Fig-
ure 8.

(2) Severe semantic mismatches for high-
certainty markers. Some markers, such as “It’s
extremely certain to”, convey very high certainty

Option K Option U
Lottery 90% 10% 70% 30%

1 40 30 54 5
2 40 30 56 5
3 40 30 58 5
4 40 30 60 5
5 40 30 62 5
6 40 30 65 5
7 40 30 68 5
8 40 30 72 5
9 40 30 77 5
10 40 30 83 5
11 40 30 90 5
12 40 30 100 5
13 40 30 110 5
14 40 30 130 5

Table 7: Series 2: both options are gains.

Option K Option U
50% 50% 50% 50%

Lottery Win Lose Win Lose
1 25 4 30 21
2 4 4 30 21
3 1 4 30 21
4 1 4 30 16
5 1 8 30 16
6 1 8 30 14
7 1 8 30 11

Table 8: Series 3 both options have gains and losses.

in human interpretation, but were mapped by the
model to surprisingly low numerical probabilities.
An example is shown in Figure 9.

We hypothesize that these issues may stem from
several factors:

(1) Marker length and syntactic complexity.
The selected markers were often not single words
or short phrases, but full clausal structures. This
may introduce additional semantic and syntactic
cues unrelated to uncertainty, thereby interfering
with probability interpretation.

(2) Shift from first-person to third-person
framing. The original markers in (Zhou et al.,
2024) were presented in the first person (e.g., “I
am not confident, maybe it’s...”), whereas our ex-
periment reformulated them into third-person ex-
pressions (e.g., “It’s not condent, maybe can...”).

(3) Intrinsic instability of epistemic markers.
Even for human interpretation, such markers are
context-dependent and inherently imprecise (Liu
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Figure 8: An example of non-monotonic result with
multiple switching points. This result comes from
marker “Its undoubtedly to” with Qwen2.5-7B-Instruct
model over 256 trials. The blue line shows counts of
option K selections, and the yellow dashed line marks
half the trials. The crosses denote switching points.

et al., 2026c; Wang et al., 2026; Zong et al., 2025a;
Guo et al., 2025). Their probability mapping by
LLMs in economic decision-making contexts may
exhibit fundamental reliability flaws (Zheng et al.,
2025; Liu et al., 2024).

These limitations motivated the redesign of our
marker set and prompt formulation in subsequent
experiments.

H Comparative Analysis with Prior
Work

Prior work by (Horton et al., 2023) suggests that
LLMs can simulate economic agents and success-
fully replicate Prospect Theory (PT), seemingly
contradicting our negative results. However, this
disparity highlights the critical distinction between
persona-conditioned and native behaviors. (Hor-
ton et al., 2023) demonstrates PT emergence pri-
marily under precise numerical probabilities and
explicit persona prompting (e.g., instructing the
model to act as “bad at math”). They note that
unprompted, capable models default to rational
expected-value (EV) computation. To assess na-
tive risk attitudes, we explicitly instructed models
not to calculate EV, revealing that without persona
constraints, LLMs inherently lack stable PT adher-
ence.

Our observation of attenuated loss aversion is
strongly corroborated by (Yee and Koh, 2026),
who found that default LLMs exhibit significantly
lower loss aversion than human benchmarks un-
less heavily conditioned. Furthermore, our core
contribution identifies epistemic uncertainty as
a critical breaking point. While LLMs may

pass basic numeric risk tests, replacing numbers
with ubiquitous linguistic ambiguity (e.g., “highly
likely”) collapses their structural consistency. This
aligns with (Liu et al., 2025b) and (XIAO and
WANG, 2025), who show LLM risk preferences
degrade or even reverse in nuanced, real-world
contexts (Payne, 2025).

Implications for System Design. These nega-
tive results serve as a crucial warning for AI de-
ployment. System designers cannot rely on LLMs
to natively exhibit human-like caution or risk aver-
sion under ambiguity. For safety-critical applica-
tions (e.g., healthcare, finance), epistemic uncer-
tainty must be strictly translated into standardized
numeric probabilities, or models must be explic-
itly aligned via persona-prompting to enforce de-
sired risk profiles.
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Failure Case of Markers Mapping

user:

Here is lottery 2:

For option K: 15% probability to win $100.
For option U: It’s extremely certain to win $100.

Please DO NOT REASON and DIRECTLY output your choice,
by ONLY returning one of the following two labels: “[K]”, “[U]”.

The answer is:

assistant:

K

Figure 9: An example of mapping high-certainty markers to low probablity. In this case, Qwen2.5-7B-Instruct
preferred option K when p = 15% and option U was described using “Its extremely certain to”, implying a far
lower internal probability than expected.

Model Top 7 Epistemic Markers

almost certain highly likely very likely likely probable somewhat likely possible

Llama-3.1-8B-Instruct 87.92 56.04 58.00 41.80 44.23 36.71 36.29
Mistral-7B-Instruct-v0.3 96.80 67.89 63.10 57.50 87.22 48.98 52.16
Qwen2.5-7B-Instruct 82.71 67.00 67.06 4.78 3.44 8.93 4.51
Qwen2.5-14B-Instruct 91.56 55.00 54.10 42.38 26.51 32.47 38.38
Qwen2.5-32B-Instruct 97.50 95.08 82.82 65.00 54.74 46.08 55.00

GPT-5-Mini 97.50 70.81 67.78 50.13 48.12 44.55 4.24
Gemini-2.5-Flash 97.16 61.32 52.34 45.73 32.78 4.94 3.64

Table 9: Switching probabilities (%) for top 7 epistemic markers. For GPT-5-Mini and Gemini-2.5-Flash, we
allow reasoning while prohibiting expected-value calculation. See 10 for bottem 7 markers mappings.

Model Bottom 7 Epistemic Markers

uncertain somewhat unlikely unlikely not likely doubtful very unlikely highly unlikely

Llama-3.1-8B-Instruct 35.49 33.71 33.49 36.91 33.65 31.30 32.83
Mistral-7B-Instruct-v0.3 48.08 40.15 38.27 30.93 34.03 29.47 27.88
Qwen2.5-7B-Instruct 35.58 27.24 19.90 27.70 25.69 18.37 19.32
Qwen2.5-14B-Instruct 29.03 26.45 19.10 20.82 13.04 10.94 10.52
Qwen2.5-32B-Instruct 2.98 21.89 3.33 3.08 3.42 2.77 2.51

GPT-5-Mini 4.16 4.78 2.93 3.17 3.52 2.57 2.58
Gemini-2.5-Flash 3.25 2.86 2.51 2.50 2.52 2.51 2.50

Table 10: Switching probabilities (%) for bottom 7 epistemic markers. Experiment setup is the same as Table 9.
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Model σ (95% CI)

baseline round1 round2 round3 round4

Llama-3.1-8B-Instruct 0.585 (0.578, 0.592) 0.605 (0.599, 0.612) 0.573 (0.566, 0.580) 0.463 (0.455, 0.473) 0.593 (0.585, 0.602)
Mistral-7B-Instruct-v0.3 0.534 (0.526, 0.543) 0.566 (0.558, 0.574) 0.571 (0.564, 0.580) 0.384 (0.370, 0.399) 0.444 (0.431, 0.454)
Qwen2.5-7B-Instruct 0.429 (0.415, 0.445) 0.010 (0.010, 0.074) 0.250 (0.232, 0.275) 0.010 (0.010, 0.071) 0.344 (0.332, 0.359)
Qwen2.5-14B-Instruct 0.503 (0.495, 0.511) 0.444 (0.434, 0.454) 0.409 (0.398, 0.421) 0.563 (0.555, 0.573) 0.589 (0.581, 0.600)
Qwen2.5-32B-Instruct 0.598 (0.591, 0.605) 0.569 (0.561, 0.576) 0.564 (0.556, 0.572) 0.647 (0.640, 0.655) 0.607 (0.599, 0.615)

Table 11: σ estimates with 95% confidence intervals across different rounds for each model.

Model λ (95% CI)

baseline round1 round2 round3 round4

Llama-3.1-8B-Instruct 0.010 (0.010, 0.125) 0.010 (0.010, 0.117) 0.010 (0.010, 0.130) 0.010 (0.010, 0.168) 0.010 (0.010, 0.112)
Mistral-7B-Instruct-v0.3 0.570 (0.453, 0.688) 0.010 (0.010, 0.132) 0.010 (0.010, 0.135) 2.260 (2.060, 2.445) 0.267 (0.105, 0.414)
Qwen2.5-7B-Instruct 0.010 (0.010, 0.584) 4.000 (0.010, 4.000) 4.000 (3.526, 4.000) 4.000 (0.010, 4.000) 4.000 (3.736, 4.000)
Qwen2.5-14B-Instruct 1.909 (1.801, 2.013) 1.919 (1.784, 2.070) 2.851 (2.675, 3.023) 2.191 (2.094, 2.295) 2.531 (2.409, 2.648)
Qwen2.5-32B-Instruct 1.213 (1.133, 1.295) 1.340 (1.250, 1.423) 0.953 (0.866, 1.036) 2.013 (1.945, 2.090) 1.815 (1.736, 1.905)

Table 12: λ estimates with 95% confidence intervals across different rounds for each model.

Model γ (95% CI)

baseline round1 round2 round3 round4

Llama-3.1-8B-Instruct 0.753 (0.740, 0.767) 0.750 (0.737, 0.762) 0.755 (0.741, 0.768) 1.020 (0.994, 1.053) 1.478 (1.443, 1.517)
Mistral-7B-Instruct-v0.3 0.577 (0.565, 0.590) 0.564 (0.554, 0.574) 0.535 (0.527, 0.545) 1.413 (1.300, 1.564) 1.332 (1.266, 1.414)
Qwen2.5-7B-Instruct 3.645 (3.501, 3.783) 1.156 (0.010, 4.000) 0.985 (0.870, 1.174) 1.035 (0.010, 3.498) 0.987 (0.926, 1.053)
Qwen2.5-14B-Instruct 0.896 (0.875, 0.919) 0.933 (0.905, 0.967) 0.983 (0.944, 1.023) 1.455 (1.414, 1.503) 1.742 (1.693, 1.803)
Qwen2.5-32B-Instruct 0.867 (0.851, 0.884) 0.778 (0.762, 0.793) 0.812 (0.797, 0.828) 0.614 (0.605, 0.623) 0.664 (0.653, 0.674)

Table 13: γ estimates with 95% confidence intervals across different rounds for each model.
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Model MAE McFadden R2

baseline round1 round2 round3 round4 baseline round1 round2 round3 round4

Llama-3.1-8B-Instruct 0.332 0.320 0.326 0.242 0.155 0.092 0.121 0.090 0.082 0.335
Mistral-7B-Instruct-v0.3 0.155 0.202 0.196 0.067 0.075 0.132 0.162 0.190 0.056 0.130
Qwen2.5-7B-Instruct 0.047 0.125 0.159 0.387 0.157 0.116 0.000 0.011 -0.001 0.032
Qwen2.5-14B-Instruct 0.257 0.152 0.069 0.150 0.157 0.067 0.070 0.075 0.227 0.336
Qwen2.5-32B-Instruct 0.161 0.127 0.129 0.224 0.256 0.225 0.195 0.211 0.139 0.088

Table 14: Mean absolute error (MAE) and McFadden
R2 across different rounds for each model.
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