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Abstract

Predicting human decision-making under risk and uncertainty
is a long-standing challenge in cognitive science, economics,
and Al While prior research has focused on numerically de-
scribed lotteries, real-world decisions often rely on textual de-
scriptions. This study conducts the first large-scale exploration
of human decision-making in such tasks using a large dataset
of one-shot binary choices between textually described lotter-
ies. We evaluate multiple computational approaches, includ-
ing fine-tuning Large Language Models (LLMs), leveraging
embeddings, and integrating behavioral theories of choice un-
der risk. Our results show that fine-tuned LLMs, specifically
GPT-40, outperform hybrid models that incorporate behavioral
theory, challenging established methods in numerical settings.
These findings highlight fundamental differences in how tex-
tual and numerical information influence decision-making and
underscore the need for new modeling strategies to bridge this

gap.
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Introduction

Predicting and understanding human choice under uncer-
tainty is a fundamental challenge in economics, psychology,
and the cognitive sciences, with clear implications for many
real-world scenarios, including financial investments, health-
related choices, and risk management. Most of the system-
atic study in this domain has focused on investigating how
people choose between lotteries or gambles, with these lot-
teries explicitly and accurately described using numerical for-
mat. This line of research, which goes back more than eight
decades, assumes that the response to these numerical de-
scriptions captures the basic properties of human decision
making under risk and uncertainty. Therefore, the insights
gained in these studies should generalize to more natural set-
tings. Importantly, many of the most important insights such
research reveals concern the ways by which people seem to
deviate from clear theoretical benchmarks like maximization
of Expected Value or of Expected Utility. It is convenient that
the numerical format of presentation thus allows computing
the predictions of these benchmarks.

Yet, in the real world, people rarely face precise numeri-
cal descriptions of choice options. Instead, potential options
may often be described using natural language. For example,
people may face signs that warn against choosing certain op-
tions or ads that promote the choice of other options. That
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is, in many real-world situations, rather than relying on pre-
cise numerical information, individuals must rely on qualita-
tive descriptions and make subjective interpretations of tex-
tual information before reaching a decision. In this paper, we
investigate—and try to predict—people’s decisions between
textually described choice options that do not contain precise
numerical information.

Under a textual description format, almost any behavior
may be considered “rational” (i.e., adhering to the prescrip-
tions of expected value or utility maximization). For exam-
ple, Figure 1 presents a binary choice task presented in two
formats. Under a numerical format, the task has a clear theo-
retical prediction: Option B that provides “5 with probability
.23; 2 otherwise” dominates—and should be chosen over—
Option A that provides “l for sure”. Yet, when described
textually, this no longer holds. While the textual descriptions
are accurate (in the sense that they faithfully describe the un-
derlying payoff distributions), the choice of Option A (This
option may seem appealing for its consistency, but it cannot
offer any surprisingly high rewards) over B (This alternative
holds an advantage for the risk-takers who seek the excite-
ment of a larger possible gain) is quite reasonable and de-
pends on both subjective interpretations of the texts and on
idiosyncratic preferences. Under the textual format, it is also
quite hard to elicit clear predictions of extant computational
models of choice that lack the ability to process the textual
inputs.

Lacking clear benchmarks, we chose to start the investi-
gation of this domain with a prediction-based study. Using
a recently collected dataset of 1000 one-shot binary choice
tasks, TextualChoices-1K (Erev, Plonsky, Marantz, & Roth,
in preperation) we conduct the first large-scale exploration
of human decision-making in tasks framed through textual
descriptions, rather than numeric lotteries. We systemati-
cally test various computational approaches, all of which use
Large Language Models (LLMs) that can accept the textual
descriptions as input. Our study contrasts and compares dif-
ferent ways to use LLMs to predict behavior in this task,
including both purely data-driven methods and approaches
that aim to enhance the predictive ability of the LLMs with
extant behavioral theories of choice under risk and uncer-
tainty. In so doing, we also aim to bridge the gap between
extant numeric-focused models and modern language-based
decision frameworks, advancing our understanding of hu-
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Traditional Numerically Described Task

Please choose A or B:
Option A Option B
5 with probability 0.23
[ 1 for sure ] L 2 otherwise ]

l
Textually Described Task

Please choose A or B:
Option A Option B
s N ([ N
This option may This alternative

seem appealing for holds an advantage
its consistency, but for the risk-takers
it cannot offer any who seek the ex-
surprisingly ~ high citement of a larger

rewards possible gain
- / J

Figure 1: Comparison of Numerical and Textual Task De-
scriptions

man decision-making under uncertainty while highlighting
the strengths and limitations of LLMs in this context.

Recent works on predicting numerically described tasks
revealed that hybrid methods that complement data-driven
computational methods with behavioral theories lead to the
most accurate models of choice prediction (Plonsky et al.,
2024). In contrast, our findings revealed that behavioral-
theory-free machine learning models outperform theory-
driven models in predicting decisions based on textual de-
scriptions. This has led us to test similar data-driven meth-
ods, namely fine-tuning of LLMs, in numerically described
tasks. Our results suggest hybrids of behavioral theory and
machine learning still outperform the pure LLM approach in
these settings.

This divergence may hint of a fundamental difference in
the choice processes involved in numerically vs. textually
described options. While modern computational models ex-
cel at interpreting and predicting decisions based on natural
language cues, they face challenges when precision and nu-
meric reasoning are required. These findings cast doubt on
the assumptions underlying much of the classical behavioral
research on choice under risk and uncertainty and underscore
the need for task-specific strategies in computational mod-
eling, tailoring predictive approaches to the structure of the
decision problem.

Related Work Our work is related mainly to two lines
of research. First, it relates to studies that aim to predict
human decision-making using behavioral models, ML, or
a combination of both. Historically, models such as Ex-
pected Utility Theory assumed that individuals make deci-
sions by maximizing utility. However, decades of empirical
research have shown systematic deviations from this rational
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framework. This led to the development of behavioral mod-
els like Prospect Theory (Kahneman & Tversky, 1979) and
many others, including Best Estimate and Sampling Tools
(BEAST) that has shown high accuracy in predicting choice
under risk uncertainty (Erev, Ert, Plonsky, Cohen, & Cohen,
2017).

More recently, machine learning (ML) techniques have
been combined with behavioral theories to create hybrid
models that improve predictive accuracy (Peterson, Bour-
gin, Agrawal, Reichman, & Griffiths, 2021; Plonsky, Erev,
Hazan, & Tennenholtz, 2017). For example, BEAST-GB
(Plonsky et al., 2024), integrates behavioral insights based
on the model BEAST with ML tools to achieve state-of-the-
art predictive performance for choice between numerically
described choice options. While these approaches have ad-
vanced decision-making research in settings that involve ex-
plicit numeric outcomes and probabilities, they primarily fo-
cus on such structured scenarios, leaving a gap in understand-
ing decision-making in less structured, real-world tasks.

Second, our work is related to recent studies that use LLMs
to mimic, augment, or predict human behavior. Advances
in LLMs have demonstrated their capacity to process and
interpret qualitative information effectively. For example,
CENTaUR (Binz & Schulz, 2023; Binz et al., 2024) and
Arithmetic-GPT (Zhu, Yan, & Griffiths, 2024) have shown
that LLMs can accurately predict human decisions in nu-
meric and arithmetic contexts. However, challenges remain,
as LLMs often default to overly rational behavior and strug-
gle with inconsistencies in reasoning (R. Liu, Geng, Peterson,
Sucholutsky, & Griffiths, 2024; Macmillan-Scott & Musolesi,
2024). Our work examines the usefulness of LLMs for pre-
diction of human choice when clear benchmarks of behavior
are lacking.

Dataset

Human decision-making under risk and uncertainty is often
studied through tasks involving choices between m lotteries
(or gambles), {L1,La,...,Ly}, where for each i € [m], L; is de-
fined by N possible payoffs {x]" }fv= | and their respective prob-
abilities {p!" ﬁV: - Whereas traditionally, the options’ pay-
off distributions are explicitly and numerically described, we
study choices where these lotteries are described using free
text. The dataset we use, TextualChoices-1K (Erev et al., in
preperation), includes 1,000 tasks of choice between m = 2
lotteries labeled Option A and Option B. To create this dataset,
(numeric) payoff distributions for the choice tasks were first
randomly sampled from a large space. Then, an LLM con-
verted these distributions to natural language, avoiding direct
references to specific payoffs or probabilities. Multiple de-
scriptions were generated for each option, with one randomly
selected for inclusion in the dataset. Further details on the
creation of the dataset is given in (Erev et al., in preperation)
and in Part I of the online Supplementary Material (SM).
Each textually-described choice task was completed by, on
average, 31 participants, recruited using Prolific. Each par-
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ticipant completed 5 tasks, making a single decision without
feedback. Participants were incentivized to maximize earn-
ings: Their bonus payment depended on the realized payoffs
from the options they selected. Our study aims to predict the
proportion of participants who chose Option A based solely
on the textual descriptions of each option.

Method

We explored four complementary approaches to using large
language models (LLMs) to predict human decisions under
risk: (1) fine-tuning LLMs (Binz et al., 2024; Jeong, 2024) on
TextualChoices-1K; (2) leveraging pre-trained embeddings
with regression models (Binz & Schulz, 2023); (3) "LLMs
as subjects” - prompting LLMs to act as decision makers
(R. Liu et al., 2024; Shapira, Madmon, Reichart, & Tennen-
holtz, 2024); and (4) extracting interpretable behavioral fea-
tures that past research has suggested are central to choice
under risk and uncertainty from the textural descriptions.

Experimental Setup

We used TextualChoices-1K as the main dataset throughout
our experiments. Across all approaches, we allocated 90% of
the dataset (N = 900) for training and validation, reserving
10% (N = 100) as a fixed held-out test set used consistently
for model evaluation. Model selection (e.g., hyperparame-
ter tuning, early stopping) was conducted using the valida-
tion subset of the training set. For all predictive models, we
report: (a) mean-squared error (MSE) between predicted and
observed proportions of Option A choices, and (b) directional
accuracy—i.e., whether the prediction and observed label fall
on the same side of the 0.5 threshold.

Some of our approaches involved training regression mod-
els to predict human choices based on either data representa-
tions (e.g., embeddings) or structured outputs from LLMs.
We evaluated a range of regression techniques, including
Linear Regression, Ridge, Lasso, Support Vector Regression
(SVR), XGBoost, K-Nearest Neighbors (KNN), and Multi-
Layer Perceptrons (MLPs). While all were explored dur-
ing development, only the most relevant and best-performing
models are reported in the results section.

Incorporating Psychological Theory

Recent research highlights the benefits of hybrid models that
combine psychological theory with machine learning tech-
niques to improve both predictive accuracy and interpretabil-
ity. In this work, we investigate several such integrations, fo-
cusing on the BEAST model (Best Estimate and Sampling
Tools) (Erev et al., 2017)—a highly successful behavioral
model developed to explain and predict decisions under risk
and uncertainty. BEAST models choice as the outcome of a
partially biased mental sampling process, modulated by sen-
sitivity to expected values. It has been shown to capture 14
well-documented choice anomalies and has won two interna-
tional choice prediction competitions (Plonsky et al., 2024;
Erev et al., 2017).
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Furthermore, BEAST has served as the foundation for
previous hybrid approaches that combined psychological
features with machine learning algorithms to predict hu-
man choice in numerically described lotteries (Plonsky et
al., 2017; Bourgin, Peterson, Reichman, Griffiths, & Rus-
sell, 2019; Plonsky et al., 2024). Following this line of
work—which has achieved state-of-the-art results on the
largest available datasets—we adopt BEAST as the core the-
oretical framework for guiding and augmenting our predic-
tion models. In what follows, we describe how BEAST is
incorporated into multiple components of our workflow. We
incorporated BEAST in three ways:

1. BEAST-labeled pretraining: In addition to fine-tuning
solely on TextualChoices-1K (Approach 1), we also ex-
perimented with pretraining models on a synthetic dataset
(N=20,000) of numerically described choices labeled by
BEAST.

2. Personality-driven prompting: For LLMs-as-subjects

(Approach 3), we designed prompts to encode BEAST-
inspired “personalities” aligned with cognitive dimensions.

3. Feature extraction: In Approach 4, we proposed an alter-

native approach that used LLMs to extract BEAST-inspired
features from tasks, following (Plonsky et al., 2017), and
trained a regression model on these representations.

Approach 1: Fine-Tuned LLMs

We fine-tuned multiple pre-trained LLMs based on the train-
ing data. We utilized BERT-based models, including BERT
(Devlin, Chang, Lee, & Toutanova, 2019), RoBERTa (Y. Liu,
2019), and DeBERTa (He, Liu, Gao, & Chen, 2021), due to
their ability to generate rich, context-aware text representa-
tions that are well-suited for regression and predictive mod-
eling. Additionally, we trained OpenAI’'s GPT-40 and GPT-
4o-mini (OpenAl, 2023), leveraging their advanced capacity
to interpret complex textual patterns and perform qualitative
reasoning, making them highly adaptable across diverse pre-
dictive scenarios.

Some fine-tuned models, such as GPT-40 and GPT-4o-
mini, produce stochastic outputs during inference. To mit-
igate this variability, we generated 10 predictions for each
sample and averaged them. Formally, for a sample i, the pre-
diction in these cases is: p; = % Z}i] 13{ .

Additional Training Data Because the size of the
TextualChoices-1K dataset is limited, we explored two
strategies for incorporating additional data into the train-
ing (i.e. fine-tuning) phase. Notably, to our knowledge,
no other dataset of choice between textually described op-
tions exists. We thus chose to supplement the pre-training
phase with data on choice between numerically described
lotteries. First, we pre-trained our model with real data on
choices between lotteries, using the large numerical dataset,
Choices13k (Peterson et al., 2021). Here, we used the 1039
choice tasks that do not include feedback and ambiguity, to



align with our experimental setting. Of these, we used 935 for
training and validation and 104 as the held-out test set. Sec-
ond, we also tried pretraining using a large synthetic dataset
that we generated specifically for this study (N = 20,000).
The labels for this dataset were derived from the BEAST
model (Erev et al., 2017), a strong behavioral model rooted
in psychological theory.

Approach 2: Text Embeddings

We transformed the textual data into numerical embed-
dings using OpenAl’s text-embedding-ada-002 and text-
embedding-3-large models.  These embeddings capture
semantic relationships in continuous vector spaces, en-
abling downstream regression tasks. text-embedding-ada-
002 emphasizes efficiency and cost-effectiveness, while texz-
embedding-3-large offers richer semantic representation with
higher dimensionality. For each task, we transformed the de-
scription of each option into an embedding vector, denoted
as v4 for Option A and vp for Option B. To capture the re-
lationship between the options, we computed the task repre-
sentation as the difference between the two embedding vec-
tors: d = v4 — vp where d represents the embedding differ-
ence vector for the task. Using this task representation,! we
applied various regression techniques, as described above, to
predict the outcome.

We also investigated the effect of using PCA to reduce the
dimensionality of the embedded vectors on regression per-
formance. Dimensionality reduction helps mitigate computa-
tional costs and overfitting, especially with high-dimensional
data. PCA transforms data into a set of orthogonal compo-
nents ranked by their contribution to variance. Using PCA,
we retained 5%, 10%, 25%, and 33% of the original dimen-
sions and evaluated the trade-off between model complexity
and predictive accuracy across these dimensions.

Approach 3: LLMs as Simulated Subjects

We designed an experimental framework where LLM agents
acted as “experimental subjects”. Each agent faced and pro-
vided its choices for 50 of the choice tasks (See Figures A.3,
A4, A.5, in the SM. The responses from all agents were ag-
gregated for each task to generate the final LLM’s prediction.
Then, a regression model was trained to learn the relationship
between the LLM’s predictions and human choices, provid-
ing an optimized mapping between the two.

Prompting Conditions The LLM agents’ responses were
elicited under three distinct prompting conditions. In the Bi-
nary condition, the LLM made a direct choice between the
two options. In the Percentage condition, the LLM provided
a continuous preference score between 0 and 100. Finally,
the Confidence condition required the LLM to make a binary
choice and then assign that choice a confidence level (0-100),
which was used for predictions.

10ther representations were tested, but we focused on vector dif-
ference as it performed best.
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Personalities To investigate the influence of psychological
theory on the model’s performance, we developed ten distinct
Personalities, each reflecting an assumption (or a combina-
tion of assumptions) embedded in the BEAST model (Erev et
al., 2017). For instance, one of BEAST’s assumptions is that
people are sometimes more sensitive to the sign of the reward
(gain or loss) than the actual values. Accordingly, one of the
personalities is The Guardian, which was defined to behave
as someone who is ”Sensitive to gains vs. losses, impacting
risk tolerance”. The interpretations and details of these per-
sonalities are presented in Table A.12 in the SM.

For comparison, we included a baseline model where all
agents operated without any assigned personality. To improve
predictions, we aggregated the outputs from each predefined
personality profile and trained a weighted regression model,
where each personality contributes to the final prediction ac-
cording to its optimized weight. This approach captures the
collective predictive power of the different personalities while
accounting for their unique contributions to overall prediction
performance.

Approach 4: Theory-Guided Feature Extraction

We used the LLM to extract from the textual descriptions nu-
meric values for behavioral features, transforming the task
into a numerical prediction task with a well-established so-
lution. Building on the work of Plonsky et al. (2024), which
demonstrated that human choices can be effectively predicted
using ML and features derived from the behavioral model
BEAST, we aimed to extract a set of features that capture
various elements of BEAST. For instance, one of BEAST’s
assumptions is that people tend to exhibit pessimism, expect-
ing the worst possible outcome. To reflect this, we extracted
a “worst-case” feature, which identifies the option with the
better payoff under the worst-case scenario. All the extracted
features appear in Table A.14 in the SM.

The primary objective was not to assess the accuracy of the
LLM’s feature extraction but to ensure that its process mir-
rored human-like reasoning. For instance, when a description
emphasized disadvantages, it was reasoned that human sub-
jects might “extract” a set of perceived values different from
the actual numerical values (which were unknown to them)
and base their decisions on these perceptions.

To implement this, we designed specific prompts for each
feature and instructed the LLM to classify which option was
preferred under the assumption of that feature. To account for
ambiguity, we allowed the LLM to provide a neutral response
when no clear preference could be inferred. The results were
aggregated and converted into numeric scores, which were
then trained using a regression model (as mentioned above)
for final predictions.

Evaluation on Numerical Tasks

We also evaluated how some of the best models perform with
tasks involving numeric descriptions. To do so, we used the
Choices13k (Peterson et al., 2021) dataset, the largest dataset
of risky choice publicly available. Of this dataset, we used
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the subset of tasks that excluded feedback and ambiguity to
match our experimental conditions. 90% (N = 935) of this set
was used for training and validation while the rest of the data
(N=104) was used as a held-out set. We fine-tuned GPT-40
on this dataset and, as a benchmark, also trained BEAST-GB
(Plonsky et al., 2024), which is currently considered state-of-
the-art in this numerical description setting.

Results

We present the results of all different models we tried in the
SM. Here, we focus on the best set of models within each ap-
proach. Table 1 presents these results.” Fine-tuning of LLMs
outperformed alternative methods, highlighting its effective-
ness in adapting pre-trained linguistic representations to the
task. Fine-tuning a GPT-40 model achieved strong results,
with an MSE of 0.0121 and an accuracy of 0.87. Incor-
porating numerical data into the training process further im-
proved performance, reducing the MSE to 0.0110, the best
result achieved in terms of MSE. In contrast, adding synthetic
BEAST data slightly degraded performance, increasing the
MSE to 0.0123.

Using embeddings extracted from textual descriptions and
training traditional machine learning models such as MLP
and Ridge regression represented the best non-fine-tuning
approach, achieving MSEs of 0.0138 and 0.0159, respec-
tively. The “LLM as Subjects” approach, where out-of-the-
box LLMs or BEAST-personalities were prompted directly,
resulted in higher MSEs (0.0170 and 0.0220). Feature ex-
traction based on BEAST-derived representations performed
worst, with a relatively high MSE of 0.0395.

Other fine-tuned models are also presented in Table 1.
GPT-40-mini, the smaller variant of GPT-40, performed
slightly worse than the larger model, achieving an MSE of
0.0130 with a similar accuracy of 0. 87, yet still outperform-
ing all other models. Traditional transformer models such as
RoBERTa and DeBERTa demonstrated decent performance,
with RoBERTa reaching an MSE of 0.0169 and DeBERTa
achieving 0.0162. BERT lagged behind, with a substantially
higher MSE of 0.0260. Interestingly, the accuracy of De-
BERTa was found to be highest of all models we tried.

We further analyzed the errors of three models: GPT-4o,
our best overall model; the best embeddings model, which
was the second-best approach; and DeBERTa, chosen for its
high directional accuracy. Table 2 shows that for tasks with
non-extreme target values (i.e., between 0.2 and 0.8), GPT-40
and the embeddings model performed similarly but in tasks
with extreme target values, GPT-40 was clearly better. De-
BERTa also performed better on extreme tasks than on non-
extreme ones. These results suggest that GPT-40’s overall
advantage may stem from its ability to handle extreme deci-
sions more effectively.

Finally, to evaluate the robustness of fine-tuned LLMs
when applied to numerically described gambles, we tested

2 A previous version of this paper mistakenly reported different
results due to a data processing error.
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the best models on the numeric dataset Choices13k (Table
3). Here, GPT-40 maintained relatively strong performance
with an MSE of 0.0104 and an accuracy of 0.89. However,
it still underperformed compared to BEAST-GB (Plonsky et
al., 2024), a hybrid model combining behavioral theories with
ML, which achieved a lower MSE of 0.0092.

Discussion

Human choice under risk has been extensively studied for
decades, but this research has predominantly focused study-
ing tasks with accurate numeric descriptions. This approach,
while valuable, does not fully capture the richness and com-
plexity of real-world decisions, which often involve poten-
tially ambiguous textual information. We take an important
step by examining choice behavior in textually described con-
texts, offering a closer approximation of how people navi-
gate decisions in naturalistic settings. Our findings reveal im-
portant differences between these two domains, highlighting
their distinct challenges and opportunities for behavioral the-
ories and for ML models.

Our findings reveal a significant gap between textual and
numeric decision-making tasks. While theory-free ML ap-
proaches excelled in the textual domain, a hybrid of behav-
ioral theories and ML, specifically BEAST-GB, demonstrated
its continued advantage in the numeric setting. This discrep-
ancy highlights potentially fundamental differences in how
textual and numeric data are processed. Textual descriptions
often include interpretive ambiguity, allowing language mod-
els to leverage fine-tuning for task-specific optimization. Nu-
meric data, by contrast, benefits from the structured assump-
tions provided by behavioral theories, which align well with
predefined, explicit representations of choices.

We find that fine-tuning GPT-40 achieved the best perfor-
mance on TextualChoices-1K. These results became even
stronger when we incorporated additional pretraining on nu-
merical data, which may imply that despite the aforemen-
tioned potential differences between the underlying processes
involved in choices between textually and numerically de-
scribed lotteries, they also share some similarities, and peo-
ple’s choices in one type of tasks are associated with their
choices in the other. Future research should focus on the key
similarities and differences between the two types of tasks.

Furthermore, GPT-40 demonstrated remarkable robustness
across both textual and numerical tasks. Although it did
not achieve the top score in the numerical domain, where
BEAST-GB outperformed it, it still performed competitively.
This resilience, particularly when leveraging numerical and
BEAST synthetic data, highlights GPT-40’s ability to handle
diverse and noisy data sources. We attribute this strength to
its broader pretraining and superior generalization capacity.
Overall, these findings underscore GPT-40’s versatility and
position it as a strong candidate for general-purpose decision-
making tasks across a wide range of domains.

Despite the success of BEAST-GB in numeric tasks, at-
tempts to integrate psychological theory into textual decision-
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Table 1: Models Performance on TextualChoices-1K (Textually Described Choices)

Approach Model Training Data Test MSE  Test Accuracy
BERT Textual only 0.0260 0.84
RoBERTa Textual only 0.0169 0.87
DeBERTa Textual only 0.0162 0.92
Fine-Tuning GPT-40-mini" Textual only 0.0130 0.87
Textual only 0.0121 0.87
GPT-40" Textual + Numerical 0.0110 0.88
Textual + Synthetic BEAST 0.0123 0.85
. MLP Textual only 0.0138 0.89
Embeddings Ridge Textual only 0.0159 0.88
. Out-of-box LLM - 0.0170 0.87
LLM as Subjects BEAST-personalities LLM =~ — 0.0220 0.81
Feature Extraction = XGBRegressor BEAST-derived model 0.0395 0.73

Note: ™ Results are based on stochastic models averaged over 10 inference runs.

Table 2: MSE by target extremity.

Model Extreme (n=29) Non-Extreme (n=71)
GPT-40 0.0066 0.0128
Embedding 0.0136 0.0127
DeBERTa 0.0140 0.0172

Note: Extreme denotes tasks with target values below 0.2
or above 0.8.

Table 3: Comparison of model’s performance on Numeric
Dataset Choices13k

Model
BEAST-GB
GPT-40

Test MSE Test Accuracy
0.0094 0.89
0.0104 0.89

making were less effective. BEAST-derived models and syn-
thetic data did not enhance performance compared to theory-
free versions of the same models. Feature extraction, which is
a fully theory-driven method approach performed particularly
poorly. This is surprising given that psychological theory has
historically improved predictive accuracy in numeric settings.
One possible explanation is that the richness and complex-
ity of textual data dilute the utility of predefined behavioral
constructs, which are inherently designed for structured nu-
meric inputs. It is important to note that all our approaches
to incorporate psychological theory were based on the model
BEAST. Hence, our results do not necessarily imply that inte-
grating behavioral theory based on different models or theo-
ries would also be ineffective. However, BEAST has a strong
track record in numerical settings and, even in our analysis,
BEAST-based models outperformed all other models, high-
lighting its strengths in structured, quantitative tasks. Fur-
thermore, when using BEAST as a foundation for LLM per-
sonalities or feature extraction, our approach may not have
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effectively captured key elements of the model, as some as-
pects are non-trivial to process. Adapting such frameworks to
qualitative, language-based representations remains a signifi-
cant challenge.

These results underscore the need to develop hybrid mod-
els better suited for textual tasks, combining insights from
behavioral theories with the capabilities of modern LLMs.
One promising avenue is to refine feature engineering to align
behavioral constructs with the nuances of textual data. Addi-
tionally, exploring how LLMs process qualitative, ambiguous
information could yield valuable insights into computational
decision-making models. Future research should also inves-
tigate how task-specific fine-tuning can be further optimized
to bridge the gap between textual and numeric settings.

While this study provides valuable insights, some lim-
itations should be noted. The relatively small size of
TextualChoices-1K may limit the generalizability of the
findings, particularly for complex models like GPT-40. Ad-
ditionally, the inherent differences between controlled nu-
meric tasks and naturalistic textual descriptions may pose
challenges for direct comparisons. Finally, it is important to
acknowledge that we have not tested all possible LLMs, and
as this field evolves rapidly, more advanced models may al-
ready exist or emerge in the near future. This highlights the
need for ongoing research to evaluate and compare the latest
advancements in ML for decision-making tasks.

Conclusion

Our work highlights the effectiveness of task-specific fine-
tuning for textual decision-making tasks, with GPT-4o
achieving state-of-the-art performance. However, the gap be-
tween textual and numeric settings, along with the challenges
of incorporating psychological theory, points to the need for
further research. By bridging these gaps, future studies can
advance our understanding of human decision-making and
improve the predictive capabilities of computational models.
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