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Abstract

This paper studies whether irrelevant context affects financial recommendations generated
by large language models. In a controlled investment experiment, models choose between a
safe asset and a risky asset after viewing payoff-irrelevant images, and separately report their
probability estimates that the risky asset is good. Positive image valence raises risky choice
by 16.8 percentage points, but has little effect on stated probability estimates, which remain
close to Bayesian benchmarks. This belief-choice disconnect is explained by the sentiment
of the model’s retrieved content and varies with their confidence and reasoning capability.
Supervised fine-tuning provides further evidence for contextual retrieval: training on positive
versus negative text changes risk taking, even when the training text is unrelated to finance.
In a headline-based stock-news prediction task, these differences translate into different
investment scores and long-short portfolio returns. The findings identify payoff-irrelevant
context as a source of instability in Al-generated financial advice.
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1. Introduction

Artificial intelligence is fundamentally reshaping the socioeconomic landscape, with far-
reaching implications for economic systems (Acemoglul |2024) and growth (Aghion et al. |2017).
In particular, people are beginning to rely on Al assistants for advice across various domainsﬂ
As Al-powered advice becomes cheaper and more accessible, users increasingly seek recom-
mendations through open-ended, personalized interactions rather than through clean, payoff-
relevant inputs aloneﬂ In financial advice, this creates a setting in which relevant signals are
often bundled with narratives, emotions, images, prior preferences, and other incidental con-
textl]

This feature of real-world AI use raises a fundamental concern. When relevant financial
information is mixed with irrelevant context, can Al assistants keep their economic judgments
anchored to fundamentals, or do extraneous cues spill over into final decisions? This question is
important because even small distortions in Al recommendations can scale when such systems
are repeatedly used in household finance, robo-advising, and asset selection (D’Acunto et al.,
2019; [Reher and Sokolinski, 2024]). Recent work shows that Al systems are highly sensitive
to their persona (Fedyk et al., 2024)), can display biases and bounded rationality in economic
settings (Bini et al., 2026; [Lee et al.l |2025)), or easily influenced by human-set goals (Cao et al.,
2026)), but we still know relatively little about how such distortions arise in the first place,
especially when they are triggered not only by the economic content of the task itself, but by
irrelevant contextual information that accompanies it.

In an investment experiment adapted from Kuhnen (2015); Kuhnen and Knutson| (2011));
Kuhnen and Miu| (2017), payoff-irrelevant associative cues change LLM investment recommen-
dations even though the same models’ probability assessments remain close to the Bayesian
benchmark. The result represents a “belief-choice” wedge, as LLMs can know the rational
choice but still make irrational choices.

In this experiment, we use eight GPT models as experimental subjects, ranging from GPT-
40 and GPT-4.1 to GPT-5.4, including mini and nano variants where available. We focus on
this model family because these endpoints provide stable multimodal API access for a repeated
experiment that combines visual cues with text-based investment decisions[] We also use models
developed by Anthropic (Claude-3-Haiku) and Google (Gemini-2.0-Flash-Lite) as alternative

! Applications range from financial markets as robo-advisors (Lo and Ross, [2024; [Wu et al.| [2023) to healthcare
(Liu et all [2023; Yang et al.l |2024a)), psychological support (Demszky et al., [2023)), legal proceedings (Cheong
et al., 2024)), marketing strategy (Arora et all [2024), software development (Nam et all [2024), freelancing
(Demirci et al.| [2025)), and academic research (de Kokl [2025} [Korinekl 2025; [Van Noorden and Perkel, |2023)).

“Using large-scale data on ChatGPT usage, |Chatterji et al|(2025) show that users rely on ChatGPT in both
work-related and non-work-related settings. The dominant uses include practical guidance, information seeking,
and writing, and a smaller share of conversations involves self-expression or emotional support. This evidence
suggests that many user—Al interactions resemble general-purpose conversational exchanges, rather than narrowly
specified, task-only inputs.

3In many real-world agentic systems—whether persistent personal agents such as OpenClaw and Hermes,
or software-engineering agents such as Claude Code and Codex—AlI assistants require access not only to the
immediate task specification but also to surrounding user-specific context.

4 Appendix Table reports the exact API model identifiers used in the experiment. Appendix Subsection
[A7T] reports the experimental prompts, Appendix Subsection [B2) reports the fine-tuning prompt template, and
Appendix Table reports the fine-tuned model IDs and training settings. The named model endpoints were
kept fixed during data collection.



test subjects for external validity. The results are similar.

The experiment requires each subject to perform 100 independent tasks, also known as
learning blocks, each of which consists of six consecutive trials. In each trial, there are two
investable assets: a bond that always pays $3 and a stock that is drawn from either a good
or bad dividend distribution. Under the good payoff distribution, the stock pays $10 with
probability 75% and -$10 with probability 25%; under the bad payoff distribution, the stock
pays $10 with probability 25% and -$10 with probability 75%. The subject observes the realized
stock payoff after choosing which asset to invest in. In other words, the subject does not know
the dividend distribution type; it learns the true stock type over time from the payoff realized in
each trial. If the subject observes a series of high dividend payoffs, e.g., all stock dividend payoffs
are $10, then there is a high probability that the stock is drawn from the good distribution, and
the subject will most likely choose to invest in it in the next trial. Because each payoff history
has a Bayesian posterior, the design provides a natural benchmark for the recommendation
implied by payoff maximization.

In each experimental trial, the subject is first shown a randomly selected image collected
from Google Images and asked to briefly describe what similar past events or experiences this
image brings to mind. For example, when shown an image of a smiling LeBron James, the
subject may recall “watching basketball games, following the Cleveland Cavaliers, or memorable
moments in NBA history”. The image stimuli span a wide range of emotional valence, from
highly positive scenes, such as a successful marriage proposal or financial gains in the stock
market, to negative scenes, such as a sports team suffering a defeat. After completing this
associative recall task, the subject proceeds to a separate investment decision based solely on a
textual prompt, choosing between a stock and a bond. Importantly, the instructions explicitly
state that the image is unrelated to the investment task and is shown only for the purpose of
recall. As a result, the image should be irrelevant to the subject’s financial decision. After the
subject makes its investment choice, we reveal the realized stock dividend and the resulting
investment payoff. Finally, the subject is asked to report its posterior probability estimate that
the stock is drawn from the “good” distribution, along with its confidence in that assessment.

Importantly, within each learning block, the subject is allowed to keep its chat history,
including experiment instructions, realized payoffs, realized earnings, investment decisions, sub-
jective probability estimate, and confidence ratings. After the subject has completed all six trials
for a learning block, the chat history is refreshed, and a new learning block is started. This
experiment design can be thought of as a conversation between a user and an assistant. While
a user could in principle reset the interaction by starting a new chat, many real-world investor—
AT interactions still unfold through multiple back-and-forth exchanges within the same session
and, in some systems, through mechanisms that retain user-specific context or saved preferences
across sessionsﬂ Earlier messages and retrieved contextual information can therefore shape the
interpretation of later prompts and recommendations.

We first establish that the models understand the task and behave in a broadly coherent

manner. In our experimental setting, their investment choices are strongly related to their

®For example, see OpenAI’s Memory FAQ: https://help.openai.com/en/articles/8590148-memory-faq accessed
on Apr 22, 2026. And more recently, Claude Code’s dreaming:
https://platform.claude.com/docs/en/managed-agents/dreams accessed on May 8, 2026.



stated probability assessments, realized payoffs, and confidence levels, indicating that the mod-
els’ choices are not pure guesses. In addition, their stated probability assessments track the
Bayesian benchmark closely and update in the expected direction after new dividend real-
izations, suggesting that the models can process payoff-relevant information and revise their
assessments in a sensible way over trials.

Despite their broadly disciplined investment choices, our main results show that cues can
significantly influence Al investment decisions: moving from negative- to positive-valence image
cues raises stock choice by roughly 17 percentage points. This pattern is robust across trials
and image topics, even for irrelevant image cues such as sports.

However, image cues have little effect on the subject’s evaluation of the investment oppor-
tunity. More specifically, the model’s stated probability that the stock is drawn from the good
payoff distribution is barely affected by the images and remains very close to the Bayesian
benchmark, implying a disconnect between “belief and choices”. This result is also robust when
(1) we reverse the experimental sequence, first eliciting probability estimates and then asking
for investment choicesﬂ, or (2) neutralize the asset names by relabeling stock as “asset 1”7 and
bond as “asset 27, (3) specifically instruct the model to make investment decisions based on
their probability estimates from the last trial, or (4) remove image cues and association tasks by
directly letting the model make investment choices. In addition, if the model were to make in-
vestment decisions strictly based on its stated probability estimates, it would earn significantly
higher payoffs than those generated by its actual realized choices.

We further explore the mechanism behind this pattern. Our evidence suggests that asso-
ciative cues affect the mapping from stated beliefs to final actions through contextual retrieval.
First, the policy curves show a clear and systematic gap: conditional on the same stated proba-
bility that the stock is good, subjects exposed to more positive cues are more likely to choose the
stock than those exposed to more negative cues. This pattern indicates that associative cues
do not primarily shift the model’s elicited posterior belief itself, but instead affect how that
belief is translated into action. A natural interpretation is that positive and negative images
are associated with different recalled contexts, and these retrieved associations make the same
stated belief more likely to be converted into different investment choices. For example, when
the agent receives a positive-valence cue related to favorable stock-market conditions, such as an
image of Warren Buffett smiling with piles of cash behind him, it tends to retrieve similar stock-
market episodes associated with strong past performance and therefore becomes more willing
to invest in stocks in the experiment. By contrast, when the agent receives a negative-valence
cue suggestive of a bear market, it forms a negative association between equity investment and
adverse market outcomes, leading it to choose the safer bond more often'}

Consistent with this interpretation, once we control for the sentiment of the recalled context,

the direct relation between image valence and investment choice becomes statistically insignifi-

SInterestingly, once we reverse the task sequence by attaching the probability estimation task right behind the
image association task, both probability estimates and investment choices are significantly affected. We interpret
this as strong evidence for associative retrieval, which we explain later.

"Several factors beyond valence could influence the subject’s investment decisions. However, in our experi-
mental design, valence is the most salient cue and is closely related to the content of associative recall. Positive
images are more often associated with successful outcomes, while negative images are more often associated with
losses, leading to predictable shifts in investment choice.



cant. This result is even stronger when we include image fixed effects: even for the same image,
subjects are more likely to choose the stock only when the recalled context is more positive. We
further show that this effect is strongest when the model is less confident and weaker for more
advanced models. In particular, GPT-5 series models are less likely to be affected by images
and exhibit a smaller belief-choice disconnect, suggesting that irrelevant context matters most
when the link between evaluation and action is less firmly anchored. This also points to a role
for uncertainty: models with stronger reasoning ability make choices that are less influenced by
associative cues and more tightly anchored to their probability estimates. We provide additional
evidence on this point in Appendix [F where we show that “decisions under risk are decisions
under complexity” even for Al.

To study the same mechanism from a different angle, we use a fine-tuning exercise based on
the “knowledge injection” method (Wang et al., [2024)). The exercise changes the background
text the model is likely to retrieve, while keeping the decision task fixed. This technique enables
the agent to update its knowledge about new events that occur after the knowledge cutoff date
without materially degrading abilities such as solving math problems or checking grammar.

Following the approach proposed by Mecklenburg et al.| (2024), we select GPT-4o-mini as
the most efficient candidate for fine-tuning and train it on additional positive or negative text.
To do so, we first generate two fine-tuning datasets. The first dataset is in the financial domain,
which is directly related to our investment experiment. We begin by collecting all news articles
from the RavenPack dataset with sentiment scores greater than 0.9 or lower than -0.9, labeling
them as positive and negative news, respectively. The sample period is the full year 2023.
Based on 5,287 positive and 4,713 negative real news articles, we ask GPT to generate fictional
yet plausible news stories with similar sentiment based on the original texts. These generated
articles do not reference actual market events and may even feature hypothetical company
names. By creating fictional news, we mitigate concerns about data leakage (Ludwig et al.,
2025; [Sarkar and Vafal 2024)).

The second dataset concerns restaurant dining experiences, which are unrelated to financial
markets. We collect Yelp customer reviews from Kaggle, a web-based platform for data science
and machine learning professionals. Similarly, we draw a random sample of reviews with positive
emotions and another with negative emotions. We then instruct GPT to generate fictional out-
of-sample reviews corresponding to each original review, ultimately obtaining 3,991 fictional
positive Yelp reviews and 4,009 negative Yelp reviews. This finance-irrelevant text is important
because it provides a clean and direct test of the mechanism through which associative retrieval
affects decisions, even when the training corpora are not in the same domain as the decision.

We then apply supervised fine-tuning, incorporating either positive or negative fictional
financial news or Yelp reviews into the fine-tuning template. This process produces four fine-
tuned models. For the first set, we create a positive model fine-tuned on 5,287 positive financial
news articles, which is expected to have more positive corpora about the stock market and
investments, and a negative model fine-tuned on 4,713 negative financial news articles, which is
expected to have more negative corpora. For the second set, we generate two models with posi-
tive and negative corpora related to dining experiences. We subsequently conduct experiments

on these four fine-tuned models.



Our findings indicate that models fine-tuned on positive corpora are more likely to in-
vest in stocks than models fine-tuned on negative corpora. In the financial-news setting, the
average probability of stock investment for the positive-corpora model is 0.59, while for the
negative-corpora model it is 0.34. The difference in risk-taking propensity is significant. More
surprisingly, this effect is also pronounced in the Yelp-review setting, which runs counter to
the “domain-specificity” of experience effects claimed in earlier research on human subjects
(Malmendier, 2021)). The average investment propensity for the positive-corpora model is 0.51,
significantly higher than that of the negative-corpora model (average investment propensity
0.42). Additionally, regression results reveal that associative cues exert an asymmetric effect
for the financial-corpora models: they influence the positive-corpora models more strongly than
the negative-corpora models, as models with positive corpora are more likely to invest in stocks
and exhibit larger choice inconsistencies after receiving a positive cue. In the appendix, we
also show that their “risk preferences” are affected similarly when we apply these models to
economic tasks such as|Gneezy and Potters| (1997)), |[Eckel and Grossman, (2008)), and [Falk et al.
(2018]), where positively fine-tuned models invest more in a hypothetical risky asset.

The same mechanism appears in a downstream financial-news task. We replicate |Lopez-
Lira and Tang| (2025) by applying fine-tuned AI models to classify daily news headlines as
good, bad, or uncertain, and then map these categorical outputs into numerical investment
scores to sort firm-level signals into five quintiles, from the worst-news to the best-news group.
Even in this seemingly simple task, which closely resembles sentiment classification, different Al
agents disagree substantially: a model fine-tuned on positive financial news corpora produces
an average investment score of 0.20 (standard deviation 0.87), whereas a model fine-tuned on
negative corpora produces an average score of -0.41 (standard deviation 0.79). These differences
are not noise. When used to construct daily trading signals, the more positive model generates
higher investment scores and substantially worse long-short portfolio performance, with the
underperformance becoming especially pronounced after mid-2024.

We further show that this disagreement is most likely to arise when news is less directly
decision-relevant and more context-dependent: it is stronger for less relevant, less novel, and
more ambiguous headlines, and weaker when headlines contain more precise numerical content.
At the same time, disagreement has limited power to forecast short-term returns, but it strongly
predicts lower subsequent abnormal trading volume. These findings suggest that disagreement
between AI models mainly reflects uncertainty in mapping news into investment decisions,
rather than superior information about the firm’s underlying fundamentals.

These downstream findings also speak to the broader market implications of Al-mediated
financial advice. As investors increasingly rely on similar AI systems, payoff-irrelevant con-
text may become a common component in financial recommendations. Idiosyncratic contextual
distortions may wash out across users, but shared contextual cues, which arise from common
interfaces, prompts, retrieval pipelines, or fine-tuned models, can generate correlated recommen-
dations and hence nonfundamental demand. This channel is particularly relevant in ambiguous
information environments, where the mapping from news to investment action is less anchored
by hard numerical information and more dependent on contextual interpretation. We provide

a simple conceptual framework in Appendix [D] to organize this logic. In the framework, Al



adoption has two opposing effects: it improves the processing of payoff-relevant information,
but it can also convert common contextual cues into correlated nonfundamental demand. The
framework is not intended to compare the relative ability of Al and human decision makers
(Van Binsbergen et all [2023). Rather, it studies how Al-mediated advice aggregates when
many investors rely on similar systems.

Our paper contributes to the rapidly growing literature on how financial technology and
artificial intelligence are reshaping the investment landscape. The diffusion of Al-assisted in-
vestment vehicles has broadened retail participation and expanded access to automated investing
D’Acunto et al.|(2019); Reher and Sokolinski| (2024)). At the same time, large language models
are increasingly being considered not only as back-end prediction tools, but also as interactive
agents that can summarize information, form evaluations Lopez-Lira and Tang (2025)), provide
life-cycle recommendations (Choukhmane et al.| (2026), and potentially mediate real financial
decisions through education (Li et al 2025). These developments make it important to under-
stand not only whether Al can process payoff-relevant financial information, but also whether it
can keep its recommendations anchored to fundamentals when real-world interactions contain
irrelevant but salient contextual inputs. Existing work shows that generative Al can capture
important aspects of investor heterogeneity and reasoning when appropriately prompted [Fedyk
et al. (2024)), and that automated advice can mitigate some biases while generating uneven gains
across investors D’Acunto et al.| (2019); Reher and Sokolinski (2024). Our results highlight a
different and complementary concern. We show that even when a model is able to provide
near-rational evaluations about investment decisions, irrelevant associative cues sent by human
users can distort the mapping from beliefs to choices, thereby leading to suboptimal financial
advice to households. This distinction matters for the design of Al-driven financial advice: a
successful system must not only understand investors or classify information correctly, but also
translate evaluations into recommendations in a way that is robust to extraneous context.

The paper is also related to behavioral finance. Prior work shows that human financial deci-
sions are shaped by attention, salience, memory, experience, and the way information is framed
or retrieved (Bordalo et al., 2024} 2020; Kuhnen and Knutson, 2005; |[Malmendier, 2021} Wachter
and Kahanaj 2024). We provide novel evidence that a similar association-based channel can
arise in Al systems. In our setting, payoff-irrelevant cues change the context retrieved at the
moment of choice and thereby affect financial actions, even when stated beliefs remain largely
unchanged. This finding suggests that behavioral-looking distortions can emerge from a more
general context-dependent mapping from information to action. This perspective complements
the behavioral finance literature on phenomena such as overreaction (Odean) 1998)), the dispo-
sition effect (Shefrin and Statman, |1985), and the endowment effect (Kahneman et al., |1990):
in Al-mediated environments, similar demand distortions may arise not only from humans’ own
cognitive biases, but also from the advice systems governed by Al

The paper also speaks to the growing use of LLMs in forecasting, text-based measurement,
and experimental economics (Horton, [2023; |Lopez-Lira and Tang, 2025; Wang et al., 2025)).
Recent work uses Al systems to study marketing preferences (Li et al., 2024), voting decisions
(Yang et al., 2024b)), social behavior (Leng and Yuan, 2023), psychological responses (Qin et al.,
2024), and broad human traits at scale (Park et al. 2024). Our use of the models is closer to



a stress test of financial-advice technology. The design separates probability assessments from
investment recommendations and compares both with a Bayesian benchmark.

Finally, our use of fine-tuned models relates to work that adapts language models for eco-
nomics and finance. Existing applications use fine-tuning to improve financial text classification
and investment decision tasks (Garrido-Merchan et al., 2023; [Leippold et al., 2022; Lu et al.,
2024)), or to generate controlled variation in model behavior (Ouyang et al., 2025). We use
fine-tuning in the latter spirit: as a controlled intervention that shifts the model’s learned con-
text while holding the downstream decision task fixed. As language models become larger and
harder to understand (Chen et al., 2025, 2026, such interventions provide a useful way to study
how changes in model representations translate into financial recommendations.

Overall, our results show that Al-generated financial advice can be distorted even when
the underlying evaluation of fundamentals remains largely disciplined. The central object is
the assessment-recommendation wedge: the model can evaluate the investment opportunity in
a way that is close to the Bayesian benchmark, yet still recommend a different action after
irrelevant context is introduced. Because of the associative nature of LLMs, irrelevant cues
activate contextual retrieval, and the retrieved associations affect how a given assessment is
translated into an investment recommendation. This mechanism helps explain both the ex-
perimental results and the downstream prediction evidence, where different fine-tuning corpora
shift investment signals and portfolio outcomes. More broadly, the findings suggest that the
economic consequences of Al in finance depend not only on whether models can process informa-
tion accurately, but also on whether their recommendations remain stable when payoff-relevant

signals are embedded in realistic, context-rich interactions.

2. Experimental design

2.1.  FExperiment description

The main experiment is adapted from Kuhnen and Knutson, (2011)), with related variants in
Kuhnen| (2015) and Kuhnen and Miu| (2017)). This experiment is also used in related research
in neuroscience (Hausler et al.l [2018; [Knutson et al., |2008; [Kuhnen and Knutson, 2005). We
follow the experiment specifications from Kuhnen and Knutson| (2011) and use various GPT
assistants as research subjects.

Our GPT candidates consist of eight models across the GPT-5, GPT-4.1, and GPT-40 series,
including their full, mini, and, where available, nano versionﬂ We rely on GPT-family models
primarily because of their multimodal capabilities, which enable joint processing of visual and
textual information. This feature is useful for our setting because each trial combines an image-
based contextual cue with a text-based investment decision. Multimodality allows the model to
form associations between visual cues and textual content, thereby supporting the context-rich

interaction that the experiment is designed to study.

8For GPT-5 (specifically, the GPT-5.4 version) and GPT-4.1, we use the full, mini, and nano versions; for
GPT-40, we use the full and mini versions. We also replicate our analyses using Claude-3 and Gemini-2.0 models,
obtaining similar results. Our model choice should not be read as a benchmark comparison across all available
multimodal systems. It reflects the availability of stable multimodal API access for repeated trials at the time of
data collection. Detailed model information is provided in Appendix



In the experiment, each model is asked to complete 100 independent tasks, also known as
learning blocks, totaling 800 learning blocks across eight GPT models. In each learning block,
the subject makes six investment decisions, one in each trial. Each decision involves choosing
between two assets: a risky asset (stock) that pays either $10 or -$10 and a safe asset (bond)
that always pays $3. Within each learning block, the stock is drawn from either a “good” or
“bad” probability distribution. If the stock is drawn from the “good” distribution, it pays $10
with probability 75% and -$10 with probability 25%. In contrast, if the stock is drawn from
the “bad” distribution, it pays $10 with probability 25% and -$10 with probability 75%. These
asset payoffs are shown in Figure [I| and the experiment overview is shown in Subfigure A of
Figure [2l In each independent learning block, the stock type is determined before the first trial
and remains unchanged throughout the block. The dividends in each trial are independent, but

they follow the same distribution within a learning block.

[Insert Figure (1| near here]

[Insert Figure 2| near here]

In every learning block from trial #1 to #6, the subject is first asked to look at an image
and describe the historical events or memories the picture brings to mind. Here, the image
serves mainly as a cue that triggers the selective association of the Al agent. This recall prompt
is asked separately, so the subsequent questions about risky choices and beliefs are not directly
exposed to the image. In addition, the subject is explicitly informed that the image and the
investment decision are unrelated and that it should not make a decision based on the image
content. The full instruction is shown in Appendix Subsection The subject is first asked:

“Now look at this picture first before you make investment decisions. What past events or

memories does this picture bring to mind?”

The subject is then asked to choose between a stock and a bond. The prompt message is as

follows:

“Do you want to invest in a stock or a bond? Only reply with “stock” or “bond”. Do not

reply with other answers. Your choice is:”

The realized payoff of the stock or bond accumulates in the subject’s total earnings. After
the investment choice, the realized payoff of the risky asset in the current trial is revealed to the
subject. After observing the stock dividend and at the end of the trial, the subject is asked to
estimate the probability that the stock is drawn from the “good” probability distribution and

to report its confidence in that estimate. The prompt follows Kuhnen and Knutson, (2011)):
(1) “What do you think is the probability that the stock is the good stock?”
and

(2) “How much do you trust your ability to come up with the correct probability estimate
that the stock is good?”



As the subject observes realized dividends over trials, it is exposed to several rounds of
payoffs, updates its belief about whether the stock is drawn from the good distribution, and
subsequently makes more informed decisions. For example, a subject that observes the stock
paying $10 in all six trials would have more confidence that the stock is drawn from the good
dividend distribution than a subject that observes the stock paying $10 twice and -$10 four
times. This is why the task is called a “learning block”: the subject learns the type of stock
from observed dividends. More importantly, this experiment is unique in that there is always
an objective Bayesian posterior probability given the payoff history. The objective probability
that the stock is good after observing k dividend payments of $10 in the past n trials in the
block is 1/(1 + 3(»=2k)) and the full probability table is shown in Table [A2in the appendices.
In the instruction, the large language model is explicitly informed about the existence of an
objective probability but is not given the Bayesian formula. We use this posterior both as a
benchmark for reported beliefs and as the input into the payoff-maximizing investment rule. In
general, the experiment sequence within a learning block is shown in Subfigure B of Figure

Because the GPT models we choose have context windows of more than 128K tokens and
support up to 16K to 32K output tokens per request, we can complete one learning block
within a single chat. In other words, GPT retains the chat history within each learning block,
including all instructions from the first trial, all realized payoffs, previous investment choices,
realized investment payoffs, and imagesﬂ

We present two illustrative examples of separate trials in Appendix Figures and [A2] In
the first figure, the subject is first presented with a joyful man waving his hands in front of a
pile of money. This image reminds the Al agent of strong past stock-market performance in
AAPL, inducing it to make a riskier choice. Then, after the stock payoff of -$10 and cumulative
payoff of -$7 are revealed, the subject estimates that the probability that the stock is good is
40% and reports a confidence rating of 6.

In the second example in Appendix Figure [A2] the subject is shown an image in which
Michael Jordan and LeBron James are crying. The negative emotion embedded in the image
leads the agent to recall that Kobe Bryant and the Lakers lost a championship to the Celtics,
thereby inducing the subject to choose the bond instead of the stock. The model then reports
a probability estimate of 0.8 and a confidence rating of 7.

After the subject completes all six trials in a learning block, we “refresh” the subject’s chat
history by ending the current chat and starting a new chat. This helps ensure that decisions
are independent across learning blocks, while allowing decisions within each learning block to
remain correlated and reasonable.

We incentivize the subject to make profitable trading decisions and provide accurate prob-
ability estimates by offering hypothetical rewards. This, along with other prompt-engineering
techniques such as formatted outputs, perturbation, jailbreaks, or even tipping, has proven
highly effective in improving the responses of large language models (Salinas and Morstatter,
2024)). The compensation structure combines the selected asset payoffs and the accuracy of the

probability estimates in each trial, multiplied by a coefficient of 1/ 2@ For the first compo-

9During the experiment, each trial consumes an estimated 10K tokens on average, including textual and image
embeddings. We use a base64 encoding style to compress the image.
9This coefficient of 1/20 is not necessary for AI subjects. We use it to follow the human-subject setting in



nent, we accumulate the dividends from the chosen assets. For the second component, we add
$1 for every probability estimate that is within 5% of the correct value (for example, when the
correct probability is 80%, answers of 84% or 75% are counted as accurate). To simulate a real
experimental setting, we also present the subject with a “show-up fee” of 15 dollars. The final
payoff structure is therefore Show-up fee + $(1/20) x (total investment earnings + # accurate
predictions).

We adopt this experimental design for two main reasons. First, it reflects the increasingly
multimodal way in which investors interact with personal AI assistants. In practice, users do
not rely on text alone; they increasingly provide images, audio, video, and other contextual
inputs when seeking advice. Our multimodal setting, therefore, captures a realistic interaction
environment in which an Al assistant must process heterogeneous information and incorporate
it into a financial decisionlﬂ More broadly, the design mirrors a core investment loop: col-
lecting information, forming and updating beliefs about an asset, and ultimately translating
those beliefs into an investment recommendation or choice. Second, modern large language
models are heavily aligned and equipped with robust guardrails, making simple survey-style
prompts insufficient for eliciting preferences or beliefs. As shown in|Ouyang et al.[ (2025), direct
questions about model preferences often yield refusal responses (e.g., “Sorry, I am just an Al
assistant...”). To circumvent this limitation, we employ a more complex, dynamic task that
mimics realistic decision environments in which both human and AT agents must operate under
noisy signals, surprising information, or priors concentrated on less salient states (Ba et al.,
2024). Such environments naturally surface cognitive constraints such as limited attention, at-
tribution biases, and incomplete information which similarly arise for AI models whose prompts

act as incomplete contracts.

2.2.  Image description

In each trial, we present images to the subjects before asking them to make investment
choices.

We collect images by first selecting a list of words with different levels of valence from
Wikipedia@ The list contains 29 subcategories, ranging from positive to negative. These
include emotional topics such as anxiety, depression, fear, happiness, love, and nostalgia, among
others, encompassing common concepts such as “anger”, “joy”, and “grief”, as well as specialized
concepts such as “empathy” and “forgiveness”. After selecting the emotion concepts, we enter
these terms into Google Images and download related images. In addition to images with
apparent emotions, we also collect images with no evident emotional content, following Kuhnen
and Knutson! (2011)), by searching for common objects such as chairs, tables, desks, and lamps.

The images without apparent valence usually have a blank or pure white background.

Kuhnen and Knutson| (2011)), which is substantially more expensive, and to facilitate comparison between Al
agents and human subjects.

"Erom a broader perspective, the experiment requires the model to process textual instructions and visual cues
within the same interaction. This captures a common feature of real-world Al use: the input environment contains
both payoff-relevant information and contextual material that must be interpreted before a recommendation is
produced.

12This is a “set category”, meaning that it only includes pages about specific emotions, lists of emotions, and
relevant subcategories. The link is https://en.wikipedia.org/wiki/Category:Emotions
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In addition to emotion keywords, we categorize the images into five topics known to affect
valence. These topics include emotions in financial markets (Baker and Wurgler, 2006} |Goetz-
mann et al., |2024; |Jiang et al., 2019; Lucey and Dowling, 2005), sporting events such as soccer
games (Edmans et al., 2007; Wann and James, [2018), terrorist attacks (Chen et al., 2021; Wang
and Young, 2020), WeatheI{T_gI (Dehaan et al. 2017 |Goetzmann et al., |2015; Hirshleifer and
Shumwayl, 2003} Hu and Lee, |2020; Novy-Marx} 2014} Saunders, (1993), and others. To ensure
that valence levels are well balanced, we intentionally combine positive or negative valence with
topic-related words and use these bigrams or trigrams as keywords in Google Image searches.
For example, for the terrorist-attack topic, we use keywords such as “terrorist attack sad” for
images with negative valence and keywords such as “police rescue safe” for images with positive
valence. Finally, we obtain a total of 691 images.

For each image, we ask ten human volunteers to provide a valence rating for this test. Each

image receives a valence rating from -2 to +2 with the following instruction:

“What do you think the valence score of this image is? The score ranges from -2 to 2, where
-2 indicates the most negative emotions such as unhappy, upset, irritated, frustrated, angry,
fearful, or depressed. A score of 0 indicates neutral emotions such as calm, indifferent, blank,
objective, normal, stable, or unmoved. A score of 2 indicates the most positive emotions like
happy, pleased, satisfied, competent, proud, contented, or delighted.

Please reply in the format: score-reason.”

For each image, we take the average rating and use it as the key independent variable in the
empirical analysis below. This classification strategy is similar to the method in [Kuhnen and
Knutson| (2011)), and this discrete scoring method has proven useful in other Al research (Bybee,
2025; |Jha et al., [2024a.b; Lopez-Lira and Tang, 2025)). In addition to human ratings, we also
instruct Al assistants to provide valence ratings and describe their reactions to the image. An
example of the classification is shown in Figure in the appendices, where the valence ratings
of different images vary significantly. For the first image, which contains a horrific murder scene,
the rounded valence rating is -2. For a slightly less negative image of LeBron James crying, the
average valence rating is -1. The third image is a desk that contains no additional emotional
information and receives an average valence rating of 0. For the fourth and fifth images, where
the content becomes more positive, the valence ratings also become higher.

The valence ratings provided by Al agents are highly correlated both across models and
with human evaluations. Summary statistics for human and GPT-based ratings are reported
in the appendices. Overall, the images in our dataset exhibit slightly negative average valence,

and Al-generated ratings closely track those provided by human raters.

2.3.  Summary statistics

We report trial-level summary statistics in Table[I} In the first row, we report the probability
that the subject chooses to invest in the stock in a given trial, which is 46% with a standard

deviation of 50%. This suggests that, on average, subjects choose stocks and bonds at similar

13This also includes pollution; see [Dong et al.| (2021)); Heyes et al| (2016); [Li et al.| (2021).
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frequencies. In the second and third rows, we report the subjective probability estimate that the
stock is good and the Bayesian objective probability. On average, the subjective probability is
49%, the objective probability is 50%), and there is little difference between the two probabilities.
In the next row, we report a binary variable indicating whether the stock realizes a high payoff
in the current trial, as well as the cumulative payoff of the investor. The variable InvPayof f
is a cumulative value that accumulates investor returns from the first trial, combining the asset
payoff with the bonus earned when the subject reports an accurate probability estimate. On
average, investors maintain a winning portfolio, with average earnings of $9.43. However, the
summary statistics also show that cumulative earnings are negative at the minimum and first-
quartile values.

Finally, we report the subjects’ confidence ratings for their subjective probability estimates,
as well as the image valence ratings. The confidence rating is fairly high, with an average value
of 7.32, indicating that the models have a positive view of their ability to make probability
estimates. The image valence rating has an average value of -0.38, suggesting that the realized
trial-level image distribution is slightly negative on average while still spanning a wide range of

valence levels.
[Insert Table [1| near here]

To show that our subjects understand the experiment and make reasonable decisions, we
perform three validity tests. The first test examines the rationality of the subjects’ investment
choices. The dependent variable IsStockChoice is a binary variable indicating whether model
m chooses to invest in the stock in trial ¢ of block b. The independent variables include the
subjective probability estimate from the last trial, investment payoff, confidence rating, a binary
variable indicating whether the stock had a high payoff in the last trial, and the investment
decision from the last trial. We control for model-by-block and trial fixed effects. Model-by-
block fixed effects absorb all time-invariant differences within a given model-block cell, including
stable model-specific heterogeneity in baseline risk-taking, calibration, and response style, as
well as block-level differences in the realized payoff or information environment. Trial fixed
effects absorb systematic position effects within each block, such as learning, warm-up, or
adaptation over the sequence of trials. We cluster robust standard errors at the model-by-block

and image levels, and the regression is as follows:

IsStockChoiceypm = [1SubjProbi_1pm + felnvPayof fi—1.pm
+ B3Confidi 1 pm + BalsHiPayof fi_1pm (1)
+ B51sStockChoicei—1pm + Omxb + St + Etbom

The regression results in panel A of Table [2| show that the subject makes reasonable in-
vestment choices. In the first column, the regression coefficient of SubjProb is 1.0340 with a

t-statistic of 18.35, so higher reported probabilities are associated with higher subsequent stock

12



choice. This implies that preferences for risky assets are closely correlated with beliefs. Further-
more, cumulative investment payoffs, confidence levels, and the observed stock payoff from the
last trial also have significantly positive effects on the subject’s trading behavior. Stock choice
also rises after favorable stock performance and higher cumulative payoffs. This set of results is
largely aligned with the results documented by [Kuhnen and Knutson| (2011) for human subjects.
However, one key difference is that we do not document a momentum effect: the asset choice
from the last trial is not positively related to the choice in the current trial, and the estimated
relation is instead negative.

The next test examines GPT’s belief formation, that is, how GPT understands risk and
learns from realized dividend payoffs. The dependent variable is the subject’s subjective prob-
ability estimate, SubjProb, in columns (1) and (2), and the update in the probability estimate
from the last trial, ProbUpdate, in columns (3) and (4). In columns (1) and (2), the inde-
pendent variables include the total number of high dividend payments, #HiPayof f, and the
number of trials, #Trial. We also include the cumulative payoff in the last trial, the subjective
probability estimate from the last trial, and the objective probability, Obj Prob. In columns (3)
and (4), we include a binary variable indicating whether the stock has a high dividend payoff in
the current trial, IsHiPayof f, the same variable for the last trial, and the objective probability
in the current trial, ObjProb. As in the first test, we control for model-by-block and trial fixed
effects and cluster robust standard errors at both the model-by-block and image levels. The

regression is shown below.

SubjProbyp ., = Bi#HiIPayof fipm + Bo##FLrials pm + B3InvPayof fi_1pm
+ BalsHiPayof fypm + BsIsHiPayof fi—1pm + BeSubjProby_1pm  (2)
+ B7ObjPT0bt,b,m + 5m><b + ¢+ Et,b,m

In columns (1) and (2) of panel B in Table [2 we show how GPT forms its beliefs. The
regression coefficient on #HiPayof f is 0.0401, with a t-statistic of 10.58, indicating that re-
ported probabilities increase after histories with more high dividends. The regression coefficient
on InvPayof f is also significantly positive, so higher investment payoffs predict higher reported
probabilitieﬂ Moreover, there is a strong positive correlation between GPT’s subjective prob-
ability estimate and the Bayesian objective probability estimate, suggesting that AI agents’
probability estimates are quite accurate.

In columns (3) and (4), we examine how the subject updates its beliefs from trial £—1 to trial
t. Reported probabilities increase after a high dividend realization. This probability-updating
behavior remains significant after controlling for the last dividend payoff and the objective
probability.

Lastly, we examine the subject’s confidence ratings. The dependent variable is the confidence

level of model m in trial ¢ of block b. The independent variables include the cumulative invest-

“The smaller t-statistic (1.75) reflects the inclusion of ObjProb, which absorbs much of the payoff-history
information relevant for belief updating. When Obj Prob is omitted, the t-statistic on InvPayof f increases to
6.18.
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ment payoff, InvPayof f, a binary variable indicating a high dividend payoff, IsHiPayof f, the
total number of high dividend payoffs, # HiPayof f, and the confidence rating from the last
trial, Confid. In addition, we include a binary variable indicating whether the subject made
a good investment decision before the stock dividend was realized. This variable equals one if
the subject chose to invest in the stock and the observed dividend is $10 in the current trial, or
if the subject chose to invest in the bond and the observed dividend is -$10 in the current trial.

The regression specification is similar to the previous ones and is shown below.

Confidypm = BrInvPayof fipm + BadlsHiPayof fipm + Bs#HIPayof fipm

(3)
+ BalsGoodInvDecy p m + BsConfidi_1pm + Omxb + St + Etbm

We report the regression results in panel C of Table The results show that when the
subject earns higher investment profits and experiences high payoffs, it is more confident about

its estimates. Moreover, the subject is more confident after making a good investment decision.
[Insert Table [2| near here]

In general, despite the complex experimental design, our research subjects understand the
experiment: they make reasonable investment choices that are highly correlated with their
beliefs, investment payoffs, and confidence levels in risky scenarios. These findings demonstrate
that large language models such as GPT can effectively process and integrate multiple sources
of information to make nuanced economic decisions. The model’s ability to weigh risk factors,
assess probabilities, and make consistent choices across different scenarios highlights its potential

as a valuable tool for economic analysis and decision-making support.

3. Experiment results

3.1. Investment choices

Even though GPT understands this experiment well and can make sensible choices, in this
section we show that, when shown images, LLMs’ investment choices are sensitive to image
cues and significantly deviate from their stated probability estimates. Positive images raise
stock choice even in histories for which the bond is implied by the payoff benchmark and by
the model’s own stated belief.

We present descriptive evidence in Figure The x-axis measures the emotional valence
rating of the image shown in the trial ¢ of block b, ranging from —2 to +2, and the y-axis reports
the probability that the subject chooses to invest in stocks, ranging from 0 to 1. To visualize
the relationship between associative cues and investment behavior, we sort images into ten
deciles based on their average valence ratings, where lower ratings correspond to more negative
emotional content. For each decile, we compute the average stock choice probability and the

average belief-implied stock choice probability. The gray dots represent the subject’s actual

14



stock choice probabilities after exposure to the image cues, while the orange dots represent the
belief-implied stock choice probabilities, constructed from the subject’s stated beliefs from the
last triaﬂ We then fit separate linear trends for the two series and report the corresponding

regression coefficients in the figure.
[Insert Figure |3| near here]

Figure [3] conveys two main messages. First, the subject’s realized investment decisions are
clearly shaped by the emotional valence of the images. As shown by the upward-sloping gray
line, the probability of choosing stocks rises as cues become more positive. On average, when
the subject is exposed to an image with a valence rating around —2, the probability of choosing
stocks is below 0.40. This probability increases steadily with image valence and reaches about
0.52 when the cue valence is around +2. This monotonic pattern suggests that Al becomes
more willing to invest in stocks when it receives more positive associative cueﬂ In Appendix
Figure [C6| we present subsample results with eight different models, and the results are similar.

Second, the orange series lies well below the observed-choice series and is nearly flat across
the valence spectrum. If the model’s investment choices were implemented according to its
elicited probability estimates, the belief-implied choice series should closely track, and in the
limit coincide with, the observed-choice series. Instead, the belief-implied propensity to choose
the risky asset remains substantially lower across the entire range of cue valence. This pattern
indicates a pronounced disconnect between the model’s stated belief and its realized investment
decision: the model often chooses the risky asset even when its own stated probability estimate
does not justify doing so under the payoff-based cutoff. This disconnect does not appear to
be driven by the original stock—bond terminology. In Appendix Figure we repeat the
experiment after neutralizing the asset labels, replacing “stock” and “bond” with “Asset 17
and “Asset 2.” The disconnect remains. This helps rule out the alternative explanation that
the results simply reflect a built-in tendency of LLMs to choose stock. In Appendix Figure
we further reverse the sequence of elicitation by asking the model to report its probability
estimate before making the investment decision. The same pattern emerges: observed choices
remain much more responsive to cue valence than belief-implied choices. Furthermore, we
explicitly instruct the models to “For this investment decision, use your stated probability as
the only input to the investment choice.” and repeat the main experiment. The results in
Appendix Figure [C3] show that the disconnect between the actual choice and belief-implied
choice is also very significant. Finally, we remove the cues and association task by directly

asking the subjects to make investment choices. The results in Appendix Figure [C4]still exhibit

15The belief-implied stock choice is constructed from the subject’s stated belief about whether the stock is good.
Let p denote the stated probability that the stock is good. In our design, if the stock is good, the probability of a
high payoff is 0.75; if the stock is bad, the probability of a high payoff is 0.25. Hence, the subjective probability
that the stock delivers the high payoff is 0.75p + 0.25(1 — p) = 0.25 + 0.5p. Since the stock pays +10 or —10, its
expected payoff is 10(0.25+ 0.5p) + (—10)(0.75—0.5p) = 10p — 5. The bond yields a sure payoff of 3. Therefore, a
subject with belief p should choose the stock whenever 10p—5 > 3, that is, whenever p > 0.8. We therefore define
the belief-implied stock choice as an indicator equal to one if the stated belief exceeds 0.8, and zero otherwise.

8However, this does not mean that the subject’s underlying ability or intelligence has changed. We evaluate
the subject’s capabilities, including math, reasoning, and English grammar, using the BIG-Bench Lite tasks.
The results show no significant differences across different valence conditions. This finding helps rule out the
alternative explanation that associative cues affect the agents’ underlying abilities.
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huge difference between actual choices and implied choices. Together, these results suggest that
the belief—choice disconnect is not an artifact of asset labels or elicitation order, but reflects a
more general wedge between the model’s stated probability assessment and its action policy.
To quantify how models’ choices are affected by contextual cues, we run regressions in which
the dependent variable is a binary variable indicating whether the subject chooses to invest in
the stock, IsStockChoice. The independent variable of interest is the valence-rating decile of
the image, ValenceDec. We include other control variables such as stock choice from the last
trial, subjective probability, cumulative investment earnings in the last trial, and confidence
ratings from the last trial. We also control for model-by-block and trial fixed effects and cluster

robust standard errors at both the model-by-block and image levels. The regression is as follows:

IsStockChoiceypm = B1ValenceDecy b + BalsStocki—1pm + B3S5ubjProbi_1pm

(4)
+ BadnvPayof fi—1pm + BsCon fidi_1pm + dmxp + St + €tpm

[Insert Table |3| near here]

As shown in Table [3] image valence is significantly related to subjects’ investment choices.
The coefficient in column (4) is 0.0168, with a t-statistic of 7.1@, indicating that a one-decile
increase in the valence rating is associated with a 1.68 percentage point higher probability of
choosing the stock. Thus, using the regression slope as a scale calculation gives an effect of
16.8 percentage points over ten decile units.  This result is robust after controlling for the
subject’s expectations and realized earnings, as the magnitude of the regression coefficients is
comparable across columns. In the appendices, we replicate Kuhnen and Knutson! (2011) with
the original regression specification, and the results in Table are similar. Moreover, we use
probit regressions in for further tests, and the result is even stronger. In columns (5) and
(6), where we restrict the samples based on whether the last-trial choice is bond or stock, the
results are also significantly positive.

In column (7), we substitute the dependent variable with a choice-disconnect measurﬂ The
results are qualitatively similar, indicating that more positive image cues increase the distance

between the realized choice and the choice implied by the subject’s own stated belief.

17 As a robustness check, we also conduct inference using standard errors clustered at the model level instead of
the model-by-block level, allowing for arbitrary correlation across all observations generated by the same model
but leaving only eight clusters. Following the bootstrap-based inference approach of |(Cameron et al. (2008), the
corresponding t-statistic decreases to around 3, but the result remains statistically significant. The result also
survives more conservative inference based on a model-level wild-cluster bootstrap, randomization inference over
image-valence assignments, image-level aggregation, and leave-one-model-out estimates.

8T his dependent variable is defined as follows: let A;pm € {0,1} denote the observed actual choice, with 1
indicating stock and 0 indicating bond. Let pf}f,’iff denote the subjective probability available at the choice node,
defined as either 0.5 in the first trial, or as the lagged posterior belief p;—1,5,m in subsequent trials. Under the
payoff structure, the stock has expected payoff 10p — 5 and the bond pays 3, so the belief-implied stock choice is
Af o = L{pI0ie > 0.8}. The gap is

ChoiceGapep,m = |piim — 0.8 { At bm # Afpm}-

It equals zero when the realized choice is consistent with the model’s own pre-choice belief, and otherwise equals
the probability-distance from the stock-choice cutoff. This measure captures a belief-action disconnect, not belief
inaccuracy.
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We also test the in-sample robustness and heterogeneity of the investment-choice task. We
first examine the in-sample robustness of the subject’s stock choice in panel A of Table [4
In columns (1) and (2), we divide the samples according to the objective probability of the
current trial. The first column represents trials where it is unlikely that the stock is drawn
from the good distribution, where ObjProb < 0.25. In contrast, the second column represents
trials where ObjProb > 0.75. The regression coefficients on ValenceDec are both significantly
positive, and the economic magnitudes are comparable to each other and similar to the results
in Table (3] In columns (3) and (4), we focus on early trials with trial numbers #1 to #3 and
late trials with trial numbers #4 to #6. For early trials, the regression coefficient is 0.0202,
which is slightly larger than for late trials, where the regression coefficient is 0.0164. In columns
(5) and (6), we focus on subsamples where stocks have high payoffs and low payoffs in trial ¢ — 1

(the last trial), and the regression coefficients are also significantly positive.
[Insert Table 4| near here]

Next, we divide the samples by image topic. The images have five categories: weather
(including pollution), terrorism, sports, financial markets, and others. The results are shown
in panel B of Table @ Among the five categories, images related to financial markets have the
strongest impact on subjects’ choices. For the four other categories—weather, terrorism, sports,
and others—positive emotional content also induces the subject to invest more in stocks. This
shows that even irrelevant contextual cues have a surprising effect on LLLMs’ final outputs. These
images contain no information about the payoff structure and are irrelevant for the benchmark
investment rule. Yet the subject still responds systematically to them. This pattern suggests
that LLMs are influenced not only by payoff-relevant information but also by emotionally salient
contextual cues that are entirely unrelated to financial markets. In Appendix Table we

replace the dependent variable with C'hoiceGap, and the results are similar.

3.2. Probability estimates

Even though image cues affect the subject’s trading decisions, we find that they do not
significantly affect subjective probability estimates in the main experiment. The results are
shown in Figure [4] which reports the average subjective probability estimate that the stock is
drawn from the good dividend distribution across ten valence deciles. In Subfigure A, we plot
the average subjective probability estimate. The x-axis is the valence rating, from negative to
positive, and the y-axis is the average subjective probability. The subfigure shows that, for all
ten valence-decile groups, the subjective probability is around 0.50 with very little variation.
A fitted gray regression line shows a very small regression coefficient and an R-squared close
to zero, and it tracks closely the red line that denotes the objective Bayesian probability. This
preliminary result suggests that image cues do not have a significant impact on the subject’s
beliefs. In Appendix Figure [C7, we present subsample results for eight different models, and
the results are similar.

In Subfigure B, we further examine whether associative cues affect beliefs after netting
out the payoff-relevant benchmark. Specifically, we construct a belief deviation measure by

subtracting the stock’s objective probability from the subject’s stated probability estimate, and
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then plot the average belief deviation across the same ten valence deciles. The x-axis again
measures image valence from negative to positive, while the y-axis reports the deviation of
subjective belief from the objective probability. As shown in the figure, belief deviations remain

tightly centered around zero across all valence groups, with only very limited variation.
[Insert Figure |4] near here]

This visual evidence is also supported by regression results in Appendix Table [C4 Panel
A focuses on the main experiment and shows that ValenceDec has little explanatory power for
elicited beliefs. In the fully controlled specifications, the coefficient on ValenceDec is only 0.0003
for SubjProb and 0.0002 for ProbEstError, with t-statistics of 0.68 and 0.38, respectively. By
contrast, beliefs respond strongly to payoff-relevant information, such as the Bayesian objective
probability and lagged beliefﬂ

We also examine the accuracy of the subjects’ probability estimates in Appendix Figure
which plots average subjective probability estimates against the stock’s objective probability.
The 45-degree dashed line serves as a rational benchmark, indicating perfect alignment between
subjective and objective probabilities. The three colored lines represent the Negative, Neutral,
and Positive valence groups. Overall, the three series largely overlap, suggesting little mean-
ingful difference in subjective probability estimates across cue valence. At the same time, the
figure reveals a mild inverse-S-shaped pattern: subjects tend to overestimate probabilities when
the objective probability is low and underestimate them when the objective probability is high.
This result is very similar to experimental results for human subjects (Kuhnen) 2015; Kuhnen
and Knutson, [2011; [Kuhnen and Miu, [2017)), as humans also seem to be overly optimistic in
the “loss” regime and pessimistic in the “gain” regime, a pattern summarized as the “fourfold
pattern” predicted by prospect theory (Kahneman and Tverskyl 2013; |Opreay, 2024)). However,
a notable difference is that GAI probability estimates are more accurate than those of humans,
whose biases in such tasks are well documentedm suggesting the models’ stronger ability to
form rational, unbiased beliefs.

Taken together, the belief results for LLMs stand in sharp contrast to the substantial effect
of image cues on realized investment choices documented in Figure |3l The comparison there-
fore again points to a belief-choice disconnect: image cues strongly distort the subject’s final
actions while leaving its stated probabilistic judgments largely unchanged. This disconnect has
a substantial impact on models’ payoffs, as shown in Subfigure A of Figure [5], which plots the
cumulative payoff gap between the realized payoff generated by the subject’s actual investment
decisions and the cumulative payoff implied by its stated beliefs. A negative payoff gap indicates
that the subject’s realized actions underperform the benchmark implied by its own probabilistic

judgments. As the figure shows, the cumulative payoff gap is negative from the very first trial

YHowever, Panel B of Appendix Table reports a reversed-sequence experiment in which image valence has
a small but statistically significant effect on stated beliefs when the belief-elicitation task immediately follows the
associative cue. This pattern suggests that contextual retrieval is proximity-sensitive: retrieved context matters
more when the target response is closer to the cue. We view this as auxiliary evidence, consistent with the
contextual-retrieval mechanism in Subsection that associative cues can also enter belief elicitation when the
cue and belief task are sufficiently proximate.

20For references on human performance, see[Kuhnen and Knutson. (2011), Figure 5, p. 615. Similar results are
also shown in [Kuhnen| (2015), Figure 5, p. 2038.
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and widens steadily over time. By the end of the sequence, the realized cumulative payoff falls
substantially short of the belief-implied benchmark. This pattern suggests that the distortion
induced by associative image cues is economically meaningful: when the subject’s final actions
deviate from the decisions implied by its own probability estimates, such deviations lead to a

persistent loss in investment performance.

4. Mechanisms

This section explores why LLMs’ choices are easily affected by image cues, whereas beliefs

are not, and why there is a disconnect between choices and beliefs.

4.1.  Distortion in belief-choice mapping

We first plot policy curves that map probability estimates into realized investment choices
in Figure [6] The x-axis is the subject’s stated probability estimate that the stock is good
from the last trial, ranging from 0 to 1, and the y-axis is the probability of choosing the stock
in the current trial. We group observations into 5-percentage-point bins based on the stated
probability estimate and compute, for each bin, the average stock choice probability separately
for positive and negative associative cues. We also plot the rational benchmark implied by
the payoff structure, under which the subject should choose the stock if and only if its stated
probability estimate exceeds the cutoff of 0.8. In this way, the figure allows us to compare how

the same stated belief is translated into action under different cue valence conditions.
[Insert Figure [6] near here]

The figure provides direct evidence that associative cues distort the mapping from beliefs to
choices. If choices were determined solely by probability estimates, the policy curves under pos-
itive and negative cues would largely overlap. Instead, the positive-cue curve lies systematically
above the negative-cue curve over a wide range of belief levels, indicating that, conditional on
the same stated probability estimate, subjects are more likely to choose the stock when exposed
to positive associative cues. This gap is especially visible in the intermediate region of the belief
distribution, where the mapping from stated beliefs to final choices is less mechanical. Both
empirical policy curves also depart from the payoff-implied cutoff rule, so stated beliefs are not
mapped into choices according to the benchmark policy. Taken together, these patterns indicate
that associative image cues primarily distort the belief-choice mapping rather than materially

altering the subject’s underlying probabilistic beliefs.

4.2.  Contextual retrieval

A natural next question is why associative cues distort final choices much more strongly
than stated beliefs. One plausible explanation is that large language models are inherently
associative systems: when exposed to an image, they predict the next token by first retrieving
related semantic context. If so, the relevant mechanism is not the image itself per se, but the

contextual content that the image activates. Under this view, belief-choice disconnects arise
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because associative cues shift the retrieved context at the moment of action, thereby affecting
the translation of beliefs into choices even when stated probabilistic judgments remain largely
unchanged.

To further examine the role of contextual retrieval, Figure [7] groups observations by the
sentiment of the subject’s associative recall and then traces outcomes separately for positive
and negative image cues. Specifically, we sort the associative recall text into three terciles:
Recall low, Recall mid, and Recall high, based on its sentiment score. We then compute, within
each tercile and cue-valence group, the average probability of choosing the stock and the average
disconnect gap. This design allows us to move beyond the valence of the image itself and ask
whether what matters for final behavior is the contextual content retrieved after seeing the
image.

The results suggest that retrieved context, rather than raw image valence alone, is the key
driver of the disconnect. In both subfigures, outcomes vary strongly with recall sentiment: as
associative recall becomes more positive, the probability of choosing the stock rises, and the
disconnect gap also becomes larger. By contrast, the difference between positive and negative
image cues is relatively modest when recall sentiment is low, but becomes more visible when
recall sentiment is stronger. This pattern indicates that image cues do not affect decisions
simply because they are positive or negative in appearance. Instead, their influence appears to
operate through the contextual associations they trigger. In other words, what the model recalls
after viewing the image is more important than the image itself. This evidence is consistent
with a contextual-retrieval mechanism often observed in human subjects Bordalo et al.| (2024,
2020); |Wachter and Kahana| (2024)): associative cues shape the recalled context, and the recalled

context in turn affects both final stock choices and the gap between beliefs and actions.
[Insert Figure [7| near here]

We next provide more direct evidence on the contextual-retrieval channel in Table[5| The key
idea is to ask whether variation in the retrieved associative context predicts choices even after
holding the image itself fixed. To do so, we estimate within-image specifications with image fixed
effects, so that all time-invariant features of the image, including its average valence, topic, and
visual content, are absorbed. Identification therefore comes from differences in the sentiment
of the associative recall generated in response to the same image. If RecallSent continues to
predict stock choices and belief-choice disconnects within the same image, this would suggest
that the retrieved context, rather than the raw image stimulus alone, is an important channel

through which image cues affect decisions.
[Insert Table (5 near here]

The results support this interpretation. In the pooled within-image sample, RecallSent sig-
nificantly predicts both the probability of choosing the stock and the belief-choice disconnect.
In Column (1), a more positive recalled context is associated with a higher probability of choos-
ing the stock, even after controlling for image fixed effects, model-by-block fixed effects, trial

fixed effects, and lagged decision variables. Column (4) shows a similar pattern for ChoiceGap:
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holding fixed the stated belief and the image itself, more positive associative recall is associated
with a larger wedge between the belief-implied action and the realized choice.

The split-sample results further suggest that this channel is stronger among positive-cue im-
ages. In Columns (2) and (5), RecallSent remains positive and statistically significant, indicating
that even among images classified as positive, variation in the positivity of the retrieved context
predicts both stock-taking and the belief-choice gap. By contrast, the corresponding estimates
for negative-cue images in Columns (3) and (6) are smaller and statistically insignificant. This
asymmetry is consistent with the idea that positive associative retrieval more strongly activates
stock-market-related upside scenarios and translates a given belief into risk-taking behavior.

Taken together, these results suggest that the relevant mechanism is contextual retrieval.
Images matter not only because of their externally rated valence, but because they trigger dif-
ferent recalled contexts. These recalled contexts, in turn, affect how stated beliefs are converted

into investment choices and generate the belief-choice disconnect.

4.83. Confidence and reasoning ability

Under the associative-retrieval channel, we hypothesize that associative cues are more likely
to distort final choices when the subject is less certain about its own judgment or when the
model is less capable of handling complex inputs. As shown in Appendix Table when the
experimental subject has a higher confidence level, its probability-estimation error, measured
by the distance between its subjective estimate and the Bayesian objective probability, becomes
significantly lower.

To examine this idea, Table[6] studies heterogeneity along two dimensions: the subject’s con-
fidence and model family. We estimate specifications in which the dependent variable is either
IsStockChoice or ChoiceGap, and interact image valence with an indicator for low-confidence
states and, separately, with an indicator for GPT-5 family models. Across specifications, we con-
trol for lagged stock choice, lagged probability estimates, lagged investment payoff, and lagged
confidence, and include model-by-block and trial fixed effects. Standard errors are clustered at
the model-by-block and image levels.

Columns (1)—(4) show that the effects on stock choice and the choice disconnect are stronger
when the subject is less confident. In the stock-choice regressions, the interaction between
ValenceDec and LowConfid is positive and significant in Column (2), indicating that more
positive associative cues have a larger effect on the probability of choosing stocks when the
subject is in a low-confidence state. More importantly, the same interaction is also positive
and significant when the dependent variable is ChoiceGap in Column (4). This means that
cue valence generates a larger divergence between realized choices and belief-implied choices
precisely when the subject is less certain about its own probabilistic judgment. In other words,
when confidence is low, the mapping from beliefs to actions becomes easier to perturb, and
emotionally charged image cues have a larger impact on the final decision.

Columns (5)—(8) further show that this cue-induced distortion is weaker for more advanced
model families. The interaction between ValenceDec and IsGPT5 is negative and highly signifi-
cant in both the stock-choice regression in Column (6) and the choice-gap regression in Column

(8). Thus, although more positive cues still push GPT-5 family models toward stock choices on
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average, this effect is substantially attenuated for them, and the resulting belief-choice gap is
also smaller. Taken together, these patterns are consistent with a complexity-based interpreta-
tion of the mechanism: the disconnect does not arise because image cues fundamentally reshape
stated beliefs, but because less certain or less capable models are less able to translate beliefs
into actions in a stable manner when exposed to irrelevant associative cues. By contrast, when
the model is more confident or more advanced, the link between beliefs and choices is better

anchored, and the influence of such cues is correspondingly weaker.
[Insert Table [6] near here]

This pattern is also reflected in economic outcomes. Subfigure B of Figure [5| shows that
the cumulative payoff loss relative to the belief-implied benchmark is present for all model
families, but is substantially smaller for more advanced models. In particular, the GPT-5
family consistently exhibits a less negative cumulative payoff gap than the GPT-40 and GPT-
4.1 families throughout the sequence of trials. Although all model families suffer some payoff
loss when realized choices deviate from belief-implied choices, the loss accumulates much more
slowly for GPT-5 models. This evidence reinforces the interpretation above: stronger models
are not completely immune to associative cues, but they are better able to keep the mapping
from beliefs to actions anchored, and therefore incur significantly smaller economic losses from
the belief-choice disconnect.

As an external-validity check for the role of reasoning ability, we replicate |Oprea| (2024), fol-
lowing the lottery-mirror design that holds constant the underlying expected value while varying
whether the task is framed as a risky lottery or as a deterministic but complex calculation. We
implement the experiment on GPT-40, GPT-40 with Chain-of-Thought, and ol, three models
that differ in reasoning ability. Consistent with |Oprea; (2024), we find that GPT-40 and GPT-40
with Chain-of-Thought exhibit a clear fourfold pattern in both the lottery and mirror tasks, and
their valuations in the two settings are closely aligned. By contrast, this pattern becomes much
weaker for ol, whose responses are close to the Bayesian benchmark across tasks. This shows
that “decisions under risk are decisions under complexity” even for Al agents (Opreal 2024),
and as models become more sophisticated, the belief-choice disconnect may be attenuated. We

provide more evidence on this in Appendix Section [F]

5. Evidence from fine-tuned models

5.1.  Methodology overview

The main findings in the previous section suggest one channel through which associative
context leads to the disconnect between beliefs and choices that we observe in the experiment.
The images we show to Al agents are associative cues that are likely to bring related text
and events into the model’s response. We therefore use a supervised fine-tuning exercise that
changes the background corpus available to the model. The exercise asks whether a different

background corpus leads to different investment recommendations while the decision task is
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held fixed 1]

We follow the supervised fine-tuning methodology of |Mecklenburg et al.| (2024) and apply
it to GPT—4o—miniE To show that contextual retrieval affects GAI behavior, especially with
irrelevant context, we collect both domain-specific and non-domain-specific data and construct
fine-tuning corpora with different sentiment. For domain-specific data, we use financial news, as
this experiment is mainly about investments. For non-domain-specific data, we use restaurant
reviews on Yelp, because dining experiences are obviously irrelevant to trading decisions.

For the first set of domain-specific fine-tuning corpora, we begin by preparing news related
to financial markets. To ensure that the news is entirely new to the LLM and therefore prevent
data leakage (Ludwig et al., 2025; Sarkar and Vafa, 2024)), we intentionally instruct GPT to
write fictional news that is later used for fine-tuning. To do so, we first collect news from the
Dow Jones Newswire feeds in RavenPack with sentiment scores above 0.9 and label them as
positive financial news; we also collect news with sentiment scores below -0.9 and label them
as negative financial news. The sample period is 2023. These are authentic news items that
actually occurred and are very likely known to the GAI. Thus, for each piece of positive or
negative news, we use a prompt template that allows GPT to generate fictional news, as shown
in Appendix Subsection

We collect a total of 5,287 positive and 4,713 negative Dow Jones Newswire items from the
RavenPack dataset, and for each news item we generate a fictional counterpart. The fictional
news has the same positive or negative sentiment as the authentic news, while remaining plau-
sible and similar in meaning. Importantly, in a subsample check, nearly half of the companies
mentioned in the fictional news dataset do not exist in the real world. In addition, the number
of positive news items is significantly larger than the number of negative news items because
the original RavenPack dataset contains more positive news than negative news. We mitigate
this data-imbalance issue by setting a higher number of training epochs for the negative-news
dataset, which turns out to be useful, and supplementary tests show that both models success-
fully learn the fictional news.

After generating the fictional news, we follow the supervised fine-tuning template used in
Mecklenburg et al.| (2024)), which follows a “system instruction—user prompt-response” format,
as shown in Appendix Subsection

We feed the two sets of fine-tuning corpora to OpenAl’s platform and fine-tune GPT-4o-
mini. More details about training are provided in the appendices, including the parameters
reported in Table Finally, we obtain two fine-tuned models, one with more positive corpora
and one with more negative corpora.

For the second set of non-domain-specific fine-tuning corpora, we begin by preparing Yelp

reviews. We choose Yelp reviews for two reasons. First, Yelp reviews typically focus on din-

2IThe exercise is related to the computer science literature on knowledge injection in large language mod-
els (Wang et al., [2024)). That literature distinguishes external memorization, global optimization, and local
modification approaches. Our implementation follows the supervised fine-tuning approach described below.

22We use this model for three reasons. First, it is one of the few powerful models that OpenAlI allows external
researchers to fine-tune efficiently. Second, we want a model with a knowledge cut-off date that is not the most
recent for our empirical analyses. Later models, such as GPT-5, have a knowledge cut-off date at the end of
2024, which prevents us from running out-of-sample tests (Ludwig et al., [2025). Finally, fine-tuning a smaller
model is both economically and computationally efficient.
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ing or other daily shopping experiences and have no apparent relationship to financial-market
decisions. Second, Yelp reviews have rich context, are available at large scale, and have clear
sentiment labels that are often used in data competitions. Other similar data sources could also
be used for fine-tuning, such as IMDb movie reviews and Uber passenger reviewﬁ Each can
be viewed as contextual material related to films or ride-sharing experiences and irrelevant to
investment decisions.

We first collect Yelp review data from Kaggl@ These data also have sentiment labels,
which allow us to instruct GPT to create new fictional reviews based on authentic reviews.
The generation template is shown in Appendix Subsection and we obtain 3,991 fictional
positive Yelp reviews and 4,009 fictional negative Yelp reviews. Next, we fine-tune two models
based on these two datasets using the fine-tuning template shown in Appendix Subsection
Finally, we obtain two additional fine-tuned models, one with more positive corpora and one

with more negative corpora about dining and restaurants.

5.2. Decision making of fine-tuned models

We then run the investment experiment on the four (2x2) fine-tuned models. One set of
models has been exposed to a large volume of positive fictional financial news or Yelp reviews,
while the second set has been exposed to comparable amounts of negative content.

In this experiment, the associative cues consist of out-of-sample financial news or Yelp re-
views rather than images. This choice is primarily due to OpenAl’s current restriction on
multimodal capabilities for fine-tuned models because of safety concerns. We divide the exper-
iment into two stimulus groups: negative cues and positive cues. For each stimulus group, we
first present a piece of financial news or a Yelp review to the model before asking it to make
an investment decision between a stock and a bond. Similarly, we instruct the model to pay
attention to the news and engage in associative retrieval, but not to base its investment decision
on the cue. Each of the four fine-tuned models undergoes 100 iterations per stimulus group.
All other experimental specifications remain unchanged.

We present the results in Figure |8 The figure compares the behavior of models fine-tuned
on positive versus negative corpora across two corpus domains and two cue conditions. In
Subfigure A, the y-axis denotes the probability of choosing the stock. In Subfigure B, the y-axis
denotes the average disconnect gap, defined as the distance between the realized choice and the
choice implied by the model’s stated belief. The two panels show how the fine-tuning corpora

are reflected in stock choice and in the gap between beliefs and actions.
[Insert Figure (8 near here]

The first result is clear: models fine-tuned on more positive corpora are consistently more
likely to choose the stock. This pattern holds not only when the fine-tuning corpus is domain-
specific, but also when it is unrelated to finance. In Subfigure A, under financial-news fine-

tuning, positive-corpora models are substantially more aggressive than negative-corpora models

23For example, the famous IMDb 50K review dataset or the uber customer review.
24The dataset can be accessed at the following link:
https://www.kaggle.com /datasets/thedevastator /yelp-reviews-sentiment-dataset accessed on Feb 15, 2025.
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in both the negative-cue and positive-cue conditions. The same directional pattern also appears
under Yelp fine-tuning. The evidence is consistent with the contextual-retrieval channel: chang-
ing the model’s stored associations changes subsequent investment behavior, even though the
fine-tuning material is fictional and, in the Yelp case, unrelated to finance. Similarly, as we
show in Appendix Table the models systematically differ in their risk preferences. Models
fine-tuned on positive corpora are more likely to choose riskier options and riskier assets.

However, the magnitude of the effect depends strongly on domain relevance. The spread
between positive-corpora and negative-corpora models is much larger when the fine-tuning mate-
rial comes from financial news than when it comes from Yelp reviews. A natural interpretation is
that domain-specific corpora are more easily recruited when the task itself concerns investment,
so the cue and the decision environment jointly activate a more coherent set of finance-related
associations. By contrast, Yelp corpora still affect choices, which is itself striking, but the ef-
fect is weaker because those retrieved associations are less tightly connected to the investment
domain. In this sense, the financial-news models appear more sensitive to the sign of the fine-
tuning corpus, whereas the Yelp-based models are more diffuse: irrelevant contextual material
still spills over into choice, but less sharply.

Subfigure B shows that the effect on the disconnect gap is more nuanced. Under financial-
news fine-tuning, positive-corpora models exhibit larger disconnect gaps than negative-corpora
models, especially under positive cues. In the Yelp setting, however, the pattern reverses:
negative-corpora models exhibit larger disconnect gaps than positive-corpora models. A plau-
sible interpretation is that, under domain-irrelevant fine-tuning, beliefs and choices move less
tightly together. In the Yelp condition, positive corpora raise reported beliefs more in line with
stock choices, reducing the disconnect gap, whereas negative corpora leave beliefs lower relative
to realized choices, which increases the measured gap (see Appendix Figure .

We further formally test these patterns in Table [7l The table estimates pooled regressions
across the financial-news and Yelp-review corpora, with corpus-by-block and trial fixed effects.
The dependent variable is the sentiment of the associative recall in Column (1), the investment
choice in Column (2), and the disconnect gap in Column (3). The key explanatory variables are
IsPosCorp, an indicator for models fine-tuned on more positive corpora, IsPosCue, an indicator
for positive cues, and their interaction. Across specifications, we additionally control for lagged
stated belief, lagged stock choice, lagged payoff, and lagged confidence. This design allows
us to test more directly whether fine-tuning shifts retrieved context and whether such shifts

propagate into final investment choices and the wedge between beliefs and actions.
[Insert Table [7| near here]

The first two columns provide strong support for this channel. In Column (1), both Is-
PosCorp and IsPosCue enter positively and significantly, and their interaction is also large and
highly significant. Thus, more positive fine-tuning corpora and more positive cues each make the
retrieved context more positive, and the effect becomes even stronger when the two are aligned.
Column (2) shows the same qualitative pattern for realized stock choices. Models fine-tuned
on more positive corpora are more likely to choose the stock; positive cues further increase this

probability, and the interaction term is again positive and highly significant. Taken together,
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these two columns indicate that fine-tuning changes the contextual retrieval process, and these
shifts translate into economically meaningful differences in final investment choices.

Column (3) shows that the same mechanism also affects the disconnect between beliefs and
actions. Positive cues significantly increase the disconnect gap, and the interaction between
IsPosCorp and IsPosCue is also positive and significant. By contrast, the main effect of Is-
PosCorp alone is small and statistically insignificant. This pattern is informative. It suggests
that more positive fine-tuning corpora do not uniformly generate larger belief-choice wedges in
all states of the world. Rather, they amplify the disconnect, particularly when the current cue
is congruent with the retrieved context. In other words, fine-tuning changes not only what the
model tends to choose, but also how strongly associative cues are transmitted through contex-
tual retrieval into final decisions. This evidence is consistent with our main interpretation: the
belief-choice disconnect arises because associative cues interact with the model’s stored associa-
tions, are associated with more favorable or unfavorable contextual retrieval, and thereby shift

investment choices beyond what is warranted by beliefs alone.

6. Financial market implications

The evidence above shows that associative cues interact with the model’s stored associations
and contextual retrieval, thereby distorting the mapping from beliefs to choices. A natural next
question is whether this distortion has economically meaningful consequences. We examine this
question in a financial-news task in which all models receive the same headline but differ in their
fine-tuning corpora. We further show that the resulting deterioration in portfolio performance

is economically non-negligible.

6.1. Return predictability

Following |Lopez-Lira and Tang] (2025)), we use stock-market news classification as the em-
pirical setting. We collect news data from the RavenPack DJPR edition for the sample period
from January 2024 to December 2024, which lies beyond the knowledge base of the GPT-40-mini
model?3]

For computational efficiency, we select S&P 500 constituents as the sample, since these are
large and liquid stocks. For each news headline, we feed the same prompt to the four fine-tuned

models.

“Forget all your previous instructions. Pretend you are a financial expert. You are a finan-
cial expert with stock recommendation experience. Answer “YES” if good news, “NO” if bad
news, or “UNKNOWN” if uncertain in the first line. Then elaborate with one short and concise
sentence on the next line. Is this headline good or bad for the stock price of company name in

the short term?”

We then transform the answers into investment scores, where “NO” is -1, “UNKNOWN”
is 0, and “YES” is 1. These firm-specific investment scores, derived from news headlines, are

aggregated to a daily frequency to construct a trading signal.

25We also extend the sample period back to January 2021 for a robustness check. The results are even stronger.
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Furthermore, we define a precise event window to capture the sentiment of the news overnight.
News items arriving after the market close (16:00 ET) and before the next day’s market open
(09:30 ET) are aggregated to form the signal for the next trading day. News arriving during
official trading hours is omitted from this overnight strategy. If multiple news items for the
same firm fall within this overnight window, we take the average value of the investment scores.

We present summary statistics in Table
[Insert Table |8 near here]

In panel A, we report descriptive statistics for investment scores. The positive-corpora
model assigns higher investment scores on average. In the financial-news setting, the positive-
corpora agent has an average investment score of 0.20 (standard deviation 0.87), while the
negative-corpora model has an average score of -0.41 (standard deviation 0.79). In contrast,
the RavenPack benchmark score is only 0.01 (standard deviation 0.39), which is more neutral
and has a smaller standard deviation. When the agent is fine-tuned on restaurant corpora from
Yelp, the results are also similar, except that the unconditional average investment scores are
more negative. Thus, even finance-irrelevant fine-tuning shifts the recommendations generated
from a common news input.

In panel B, we show the top three items for which the positive-corpora and negative-corpora
models disagree in both domains, that is, cases in which one agent views a piece of news as good
while another views it as bad. For models fine-tuned on the financial domain, disagreement is
concentrated in insider-trading, earnings, and analyst-ratings news. In terms of detailed news
types, disagreement occurs frequently for events such as “insider-buy” and “analyst-ratings-
change”.

In panel C, we present the correlation coefficients across different investment scores. On
average, the coefficients range from 0.5 to 0.7, with negative-corpora models agreeing more
with each other than with positive-corpora models.

To test economic significance, we form five value-weighted portfolios based on these signals.
Each day, all stocks are sorted into five quintiles based on their aggregated daily investment
score. A long-short strategy is constructed by taking a long position in the top quintile, which
contains stocks with the highest and most positive signals, and a short position in the bottom
quintile, which contains stocks with the lowest and most negative signals. We use open-to-
close prices to compute daily returns. The portfolio is rebalanced daily without considering
transaction costs. We present the portfolio results in Figure [9] where panel A reports the
portfolio constructed with investment scores from financial-corpora models, and panel B reports
the portfolio constructed with investment scores from Yelp-corpora models. In each panel, we

also report portfolio results constructed using signals provided by RavenPack.
[Insert Figure [9 near here]

The results show a significant difference between portfolio values. In both panels, positive-
corpora and negative-corpora portfolios have similar cumulative values until June 2024, after
which they begin to diverge significantly. The divergence is driven by the weaker performance of

the positive-corpora portfolios, especially in the financial-news case, consistent with excessively
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positive scores in this setting. In addition, negative-corpora portfolios consistently outperform
the RavenPack sentiment-score strategy. In Appendix Table we examine the post-June
2024 period, when the return difference is sharpest. The results show that, strikingly, positive
investment scores are more correlated with the RavenPack sentiment score, whereas negative-
corpora models’ scores are not. This pattern is consistent with short-term reversal after positive
news that has already been incorporated into prices.

In addition, we sort stocks into five quintiles based on model-generated firm-news investment
scores and form a value-weighted long-short portfolio that buys stocks in the highest-score
quintile and shorts stocks in the lowest-score quintile. We then trace the cumulative long-
short return from trading day +1 to trading day +30 after portfolio formation, excluding day
0. This design focuses on the post-formation drift of the signals rather than the immediate
price response on the formation day. Subfigure A reports results based on models fine-tuned
on fictional financial news, while Subfigure B reports results based on models fine-tuned on

fictional Yelp reviews.
[Insert Figure [10| near here]

Subfigure A shows a sharp difference in post-formation performance across the two fine-tuned
models. Signals generated by the model fine-tuned on more positive financial-news corpora
exhibit persistent negative drift over the following 30 trading days, whereas signals generated by
the model fine-tuned on more negative financial-news corpora exhibit positive drift. Subfigure
B shows that this effect is not confined to domain-relevant fine-tuning. When the model is
fine-tuned on Yelp reviews, the resulting signals also display negative post-formation drift, and
the drift remains more negative for the model fine-tuned on more positive corpora than for
the model fine-tuned on more negative corpora. At the same time, the gap between the two
lines is smaller than in Subfigure A. This suggests that domain-irrelevant fine-tuning still affects
financial prediction, but the effect is weaker than when the fine-tuning corpus comes from the
same domain.

We next examine which types of news are more likely to generate disagreement across differ-
ent models. Disagreement examples and investment-score rationales are displayed in Table [C9|
Table [0 regresses an indicator for model disagreement, IsDisagree, on a set of news characteris-
tics. Columns (1) and (2) focus on disagreement within the Yelp-based and financial-news-based
model pairs, respectively, while Column (3) reports the pooled specification. The explanatory
variables describe the content, relevance, event structure, and headline style of the news item,
and all specifications include news-type and topic-type fixed effects. This design allows us to
identify the kinds of information environments under which fine-tuning corpora are more likely

to produce different investment decisions.
[Insert Table [9] near here]

Several patterns emerge. First, disagreement is more likely for news with stronger sentiment,
although the negative coefficient on SentSqrd indicates that the relation is nonlinear. Second,
more relevant news generates less disagreement: the coefficient on FEvntRelevance is negative

and highly significant in all three columns. By contrast, disagreement is more likely when the
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news is less novel, as captured by the positive coefficient on LogSimiDays, and when the event
appears later in the story sequence, as reflected in the positive coefficient on StryFEvntindexr. At
the same time, stories with more total events tend to generate less disagreement, especially in the
finance and pooled samples. Taken together, these results suggest that disagreement tends to
arise in news environments that are less directly decision-relevant and more context-dependent.

Headline characteristics point in the same direction. Longer headlines, higher fog scores,
and a greater share of uppercase letters are all associated with significantly more disagreement,
and the effects are economically and statistically strong across specifications. By contrast,
headlines containing more digits are associated with less disagreement in the finance and pooled
samples, suggesting that more numerically precise news leaves less room for different contextual
interpretations.

We then examine whether model disagreement has implications for short-run market out-
comes. Table [10] regresses subsequent cumulative abnormal returns and abnormal trading vol-
ume on the disagreement measure constructed from model outputs. Columns (1) and (2) use
CAR 0-3 as the dependent variable, while Columns (3) and (4) use AbnVol 0-3. The Yelp-based
disagreement measure is used in Columns (1) and (3), and the financial-news-based disagree-
ment measure is used in Columns (2) and (4). Across specifications, we control for the average
model score, news sentiment, absolute sentiment, event relevance, similarity to prior news, head-
line length, the number of news items, same-day abnormal return, abnormal turnover, and firm

size, while including firm and date fixed effects.
[Insert Table near here]

The main result is that disagreement has little effect on short-run returns. In the return
regressions, the coefficient on IsDisagree is small in magnitude. It is marginally positive in the
Yelp specification and statistically insignificant in the finance specification. This suggests that
disagreement across models does not systematically identify news with strong directional return
predictability over the next three trading days. By contrast, the effect on trading activity is
much stronger. In Columns (3) and (4), IsDisagree enters negatively and significantly for
abnormal volume in both the Yelp and finance specifications. Thus, conditional on the average
score and other observable news characteristics, news that generates greater disagreement across
models is followed by significantly lower abnormal trading activity. As we show in Appendix
Figure [CI0] these patterns are robust and do not revert.

A plausible interpretation is that disagreement primarily captures ambiguity in how the news
should be mapped into an investment action, rather than clear directional information about
future returns. When the signal is ambiguous, it may not move prices in a consistent direction,
which explains the weak return results. At the same time, such ambiguity may discourage ag-
gressive trading and delay market participation, leading to lower subsequent abnormal volume.
In this sense, disagreement appears to proxy for interpretive uncertainty: it does not reliably

forecast where prices will move, but it does predict that the market responds less actively.
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6.2. Conceptual framework

The evidence in this section suggests that the experimental mechanism is not confined to
laboratory investment choices. Al systems with different fine-tuning corpora generate differ-
ent investment signals from the same financial news, and this disagreement is concentrated
in ambiguous and context-dependent headlines. These findings point to a possible aggregate
channel, although they do not by themselves show that current Al use moves prices. As Al
advice becomes embedded in household finance, robo-advising, and portfolio decision-making,
payoff-relevant financial information is increasingly processed together with narratives, images,
interface cues, user histories, and other incidental contextual inputs. Our main experimental
evidence shows that such context need not change a model’s stated assessment of an investment
opportunity in order to affect its recommendation. It can instead distort the mapping from
assessment to action. In financial markets, this distinction matters because the objects that
aggregate into prices are not stated beliefs, but trading decisions.

The framework below is deliberately simple. Its role is to clarify the asset-pricing implica-
tions of the mechanism, not to provide a full equilibrium model.

A useful way to organize the aggregate implication is to separate two forces. The first is
an information-processing effect. Al systems can summarize disclosures, retrieve comparable
events, classify news, and help investors process payoff-relevant information at lower cost. This
force should make investors’ actions more responsive to fundamentals and can improve the
speed with which information is incorporated into prices. The second is a contextual-demand
effect. If many investors rely on similar Al systems, interact with similar interfaces, or use
assistants that retrieve similar associations from similar prompts, payoff-irrelevant context can
become a common component in recommendations. Idiosyncratic contextual mistakes may wash
out across investors. Common contextual mistakes need not. They can instead translate into
correlated nonfundamental demand.

To clarify this logic, Appendix [D| provides a simple conceptual framework. In the frame-
work, Al-advised investors process payoff-relevant signals more precisely than non-Al investors,
but the action induced by Al advice also contains a contextual wedge. This wedge does not
enter the rational posterior about fundamentals. Rather, it enters the recommendation or de-
mand generated from that posterior. When contextual cues are investor-specific, the wedge
mainly creates individual decision losses. When contextual cues have a common component,
the same wedge can enter aggregate demand and, when acted on by many investors, prices. The
framework highlights a tradeoff: AI adoption can reduce underreaction to fundamentals while
simultaneously increasing exposure to correlated nonfundamental demand.

This tradeoff helps deepen the empirical results above. The return-predictability exercise
shows that positive-corpora models assign higher investment scores and perform worse, sug-
gesting that model-specific background context can shift recommendations even in a standard-
ized news-classification task. The disagreement exercise shows that these distortions are most
pronounced when news is ambiguous and context-dependent, rather than numerically precise.
These are exactly the states in which the mapping from information to action is least anchored
and associative retrieval has the most room to operate. Thus, the aggregate concern is that

Al systems may process payoff-relevant information better than human investors while also
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introducing a new form of common, nonfundamental variation in advice.

This perspective generates several implications. First, the market impact of associative bias
should increase with Al-assisted participation, especially when investors rely on a small number
of similar models or interfaces. Model concentration can make contextual mistakes systemic
rather than diversifiable. Second, assets with more ambiguous information environments—such
as firms with complex business models, low analyst coverage, intangible assets, or narrative-
heavy disclosures—should be more exposed to Al-mediated contextual demand. Third, the
design of the information environment becomes economically important. Disclosure format,
presentation order, imagery, narrative framing, memory systems, and contextual filtering may all
affect how Al systems convert information into recommendations. Under Al-mediated investing,
therefore, market efficiency depends not only on the accuracy of Al forecasts, but also on the

stability of the mapping from forecasts to actions.

7. Conclusion

In many real-world settings, Al systems are not used in clean laboratory environments. They
are used in ongoing, context-rich interactions in which payoff-relevant information is mixed with
screenshots, images, narratives, emotions, and other incidental inputs. In such environments,
the key challenge is not only whether a model can form sensible evaluations, but also whether
it can prevent irrelevant context from spilling over into final actions. Our evidence shows that
this distinction matters: even when large language models appear capable of forming broadly
disciplined assessments, their eventual choices can still be distorted by associative context.
Thus, our findings suggest that a model can be a good analyst of risky assets and still be an
unstable advisor.

These results have broader implications for the economics of Al-assisted decision-making.
As Al systems are increasingly deployed in portfolio guidance, household finance, and financial
intermediation, the quality of their output will depend not only on model intelligence, but also
on the design of the interaction environment around them. Memory systems, prompt structure,
interface design, contextual filtering, and the sequencing of information may all shape economic
outcomes by affecting how models translate evaluation into action. In this sense, the deployment
problem is not simply a problem of improving reasoning capability. It is also a problem of
governing context. A highly capable model may still produce distorted decisions if irrelevant
cues are allowed to enter the decision process in ways that shift action without changing explicit
evaluation.

More broadly, our results suggest that the next frontier in Al safety and reliability may lie
less in whether models can answer questions correctly in isolation, and more in whether they
can maintain a stable mapping from assessment to action under realistic, noisy, and personal-
ized use. This issue is likely to matter far beyond finance. Whenever Al is used in high-stakes
environments with rich contextual inputs, economically or socially irrelevant information may
influence final recommendations in subtle but consequential ways. Understanding how to sep-
arate relevant information from associative spillovers, and how to design systems that remain

robust to such contamination, is therefore likely to become a central task for future research on
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Asset classes in the game (within one learning block)

10 dollars with 75% probability

Good

& stock

Stock w/ equal probability

~

-10 dollars with 25% probability

10 dollars with 25% probability

Bad
stock

ZAVER/AN

-10 dollars with 75% probability

Bond |:> 3 dollars

Fig. 1. Asset payoffs. This figure illustrates the asset payoff structures. In this experiment,
there are two types of assets: a bond and a stock. The bond always pays $3. The stock has an
equal probability of being drawn from either a good distribution or a bad distribution. Under
the good distribution, the stock pays $10 with probability 75% and -$10 with probability 25%.
Under the bad distribution, the stock pays $10 with probability 25% and -$10 with probability
75%.
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Trials #1 to #6 Image emotion Stock Type

Learning Block 1 @ @ @ @ @ @ Pos/Neu/Neg Good | Bad
Learning Block 2 @ @ @ @ @ @ Pos/Neu/Neg Good | Bad

Learning Block 500 @ @ @ @ @ @ Pos/Neu/Neg Good | Bad

Subfigure A: Experiment overview

:> Experiment :>
instruction

Choose Show dividend
Image & recall |:> between “stock” |:> realization (10 |:>
or “bond” or -10)
Show cumulative . i
investment payoffs |:> estimation that the |:> does AI trust
stock is good? the estimation?

|:> Next trial |:> Trials #1 to #6

I
I
I
I
I
I
Probability How much |
]
I
I
]
I
I
1

Subfigure B: Experiment sequence

Fig. 2. Experimental sequence. These two figures illustrate the experimental design. Subfigure
A shows the experiment overview: each Al agent (GPT-40, GPT-4.1, or GPT-5) completes 100
independent learning tasks. Each learning task consists of six trials. In each trial, before the
subject is asked to make a financial decision or probability estimate, it is shown an image with
positive, neutral, or negative valence. Within each learning block, the stock type is determined
before the first trial and does not change over the six trials. Subfigure B shows the experiment
sequence. The subject is first shown detailed experimental instructions. Within each trial, the
subject is then presented with an image and asked to make an associative recall. Separately, the
subject is asked to make an investment decision and is shown the stock dividend and realized
investment payoff. Subsequently, it estimates the probability that the stock is good and reports
how much it trusts its estimate. Importantly, within a learning block, the subject keeps the
chat history, including all instructions, choices, and investment payoffs. After a learning block
is finished, its chat history is refreshed, and a new learning block is started.
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B Actual choice [ Belief-implied choice

Belief-implied: y = 0.197 + -0.001x
Rz=10
Actual choice: y = 0.48 + 0.04x

RZ=0.011 %

0.751
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o
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Hip-1
HPp—
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-
i

Propensity to choose stocks

Valence rating

Fig. 3. Observed choices and belief-implied choices. This figure plots the subject’s investment
choices across cues with different valence levels. The x-axis is the valence rating of the image
in each trial t of block b, ranging from -2 to 42, and the y-axis is the probability of choosing
stocks, ranging from 0 to 1. For each image cue, we sort and classify the images into ten deciles
based on valence ratings, as represented by each dot. The gray dots denote the actual stock
choice probability. The orange dots denote the belief-implied stock choice probability, defined
as an indicator for whether the subject’s stated belief about the stock being good from the last
trial exceeds the stock-choice cutoff of 0.8. We fit linear trends for both series and report the
corresponding regression statistics.
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Subfigure A: Probability estimate and image cues.
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Subfigure B: Subjective belief deviation from objective probability.

Fig. 4. Beliefs and associative cues. This set of figures presents how associative cues relate to
the subject’s stated beliefs. In both subfigures, we sort image cues into ten deciles based on
their valence ratings, from more negative to more positive. Each dot represents the average
value within a valence decile, and the error bars denote 95% confidence intervals. In Subfigure
A, we plot the subject’s average stated probability that the stock is good across the ten valence
deciles. The x-axis is the average valence rating of each decile, and the y-axis is the average
subjective probability estimate. In Subfigure B, we construct a belief deviation measure by
subtracting the stock’s objective probability from the subject’s stated probability estimate. We
then plot the average belief deviation across the same ten valence deciles. The x-axis again
measures image valence, while the y-axis reports the deviation of subjective belief from the
objective probability. For both figures, we also report fitted linear trends together with the
corresponding regression statistics.

36



e

wd
L

Cumulative payoff gap
(actual - belief-implied)

-6
2 4 6
Trial
Subfigure A: Cumulative payoff gap
® GPT-4o GPT-4.1 # GPT-5
0.0

o
L
1

a
o
1

Cumulative payoff gap
(actual - belief-implied)

4 5 6

—
[S]
U

Trial

Subfigure B: Cumulative payoff gap by model family

Fig. 5. Cumulative payoff gap relative to belief-implied benchmark. In Subfigure A, we plot the
cumulative payoff gap between the subject’s realized investment decisions and the belief-implied
benchmark. The x-axis denotes the trial number, and the y-axis denotes the average cumulative
payoff gap, defined as actual cumulative payoff minus belief-implied cumulative payoff. For each
trial, we compute the average payoff gap and plot the corresponding 95% confidence interval.
The dashed horizontal line at zero serves as the benchmark. In Subfigure B, we further plot
the same cumulative payoff gap by model family. The x-axis denotes the trial number, and
the y-axis denotes the average cumulative payoff gap. The sample is grouped into three model
families—GPT-40, GPT-4.1, and GPT-5—and the 95% confidence interval is plotted for each
trial within each family. The dashed horizontal line at zero again serves as the benchmark.
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® Negative # Positive Rational benchmark

1.001

Probability of choosing stock

0.001

0.00 0.25 0.50 0.75 1.00
Lagged subjective probability estimate

Fig. 6. Policy curves by associative cue valence. This figure plots the subject’s probability
of choosing stocks against its stated probability estimate that the stock is good. The x-axis
is the subject’s stated probability estimate from the last trial, ranging from 0 to 1, and the
y-axis is the probability of choosing stocks, ranging from 0 to 1. We group observations into
5-percentage-point bins based on the stated probability estimate. The gray dots and line denote
the observed stock choice probability under negative associative cues, while the orange dots and
line denote the observed stock choice probability under positive associative cues. The dashed
line represents the rational benchmark, under which the subject chooses the stock if and only if
its stated probability estimate exceeds the stock-choice cutoff of 0.8. For each bin, we plot the
average stock choice probability together with its 95% confidence interval.
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Associative Context-Dependent Stock Choice

-® Negative & Positive

Recall low Recall mud Recall high

Probability of choosing stock

Subfigure A: stock choice
Associative Context-Dependent Choices

-®- Negative - Positive
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Subfigure B: disconnect gap

Fig. 7. Context-dependent stock choices and choice gaps. This figure examines how stock choices
and belief-choice disconnects vary with associative recall and cue valence. In both subfigures,
the x-axis classifies associative recall into three terciles: Recall low, Recall mid, and Recall
high, based on the sentiment of the subject’s associative recall text. The gray dots and line
denote observations associated with negative image cues, while the orange dots and line denote
observations associated with positive image cues. For each cue-valence and recall-sentiment
group, we compute the group mean and plot the corresponding 95% confidence interval. In
Subfigure A, the y-axis is the probability of choosing stocks. In Subfigure B, the y-axis is the
average disconnect gap.
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Subfigure B: Disconnect gaps

Fig. 8. Investment decisions and choice gaps across fine-tuned models. We use supervised
fine-tuning to train two sets of models. The first set is fine-tuned on fictional financial news
generated from Dow Jones Newswire feeds. We classify the financial news by sentiment and
fine-tune two models, one with more positive financial-news corpora and the other with more
negative financial-news corpora. The second set is fine-tuned on fictional Yelp restaurant re-
views generated from reviews collected from Kaggle. We similarly classify the Yelp reviews
by sentiment and fine-tune two additional models, one with more positive Yelp-review corpora
and the other with more negative Yelp-review corpora. We then run investment experiments
on these four fine-tuned models by presenting out-of-sample associative cues before asking the
model to choose between a stock and a bond. For the financial-news models, the cues are out-
of-sample financial news; for the Yelp-based models, the cues are out-of-sample Yelp reviews.
Each experiment is repeated 100 times for each cue condition. The x-axis groups observations
into four conditions defined by corpus type and cue valence: Financial news with negative cues,
Financial news with positive cues, Yelp reviews with negative cues, and Yelp reviews with pos-
itive cues. The gray bars denote models fine-tuned with negative corpora, while the orange
bars denote models fine-tuned with positive corpora. For each condition, we report the group
mean together with its 95% confidence interval. In Subfigure A, the y-axis is the probability
of choosing the stock. In Subfigure B, the y-axis is the average disconnect gap, defined as the
distance between the realized choice and the choice implied by the model’s stated belief.
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Subfigure B: Yelp reviews

Fig. 9. Return predictability by different fine-tuned models. This figure presents return fore-
casting performance for models fine-tuned on corpora with different sentiment. Subfigure A
reports results for models fine-tuned on fictional financial news, and Subfigure B reports results
for models fine-tuned on fictional Yelp reviews. We first sort firm-level investment scores, de-
fined as the average firm-news investment score, into five quintiles. We then construct a daily
long-short portfolio that buys firms in the highest-score quintile and shorts firms in the lowest-
score quintile. All strategies are rebalanced daily. For comparison, we also report portfolio
results constructed using RavenPack sentiment signals.
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Fig. 10. Post-formation drift of signal-sorted long-short portfolios. This figure plots the cu-
mulative returns of value-weighted long-short portfolios formed on model-generated investment
signals. In each trading day, we sort stocks into five quintiles based on firm-news investment
scores and construct a long-short portfolio that buys stocks in the highest-score quintile and
shorts stocks in the lowest-score quintile. We then trace the cumulative long-short return from
trading day +1 to trading day +30 after portfolio formation, excluding day 0. Subfigure A
reports results for signals generated by models fine-tuned on fictional financial news, and Sub-
figure B reports results for signals generated by models fine-tuned on fictional Yelp reviews. The
gray line denotes signals generated by models fine-tuned on more positive corpora, while the
orange line denotes signals generated by models fine-tuned on more negative corpora. Shaded
areas represent 95% confidence intervals.
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Table 1: Summary statistics of the experimental replies

N Mean Sd Min Q1 Med Q3 Max

IsStockChoice 4800  0.46 0.50 0 0 0 1 1
SubjProb 4800  0.49 0.32 0.01 0.25 050 0.75 0.98
ObjProb 4800  0.50 0.36 0.01 0.10 0.50 0.90 0.99
IsHiPayoff 4800  0.50 0.50 0 0 0 1 1
InvPayoff 4800 9.43 13.53 -10 -1 8 18 39
Confid 4800  7.32 1.69 4 6 7 9 10
ValRating 4800 -0.38 1.27 -2 -1.56 -0.56 0.78 1.78

This table reports trial-level summary statistics for eight GPT-series models, each with 100 learning
blocks of six trials. IsStockChoice denotes whether the subject chooses to invest in the stock in the
current trial. SubjProb denotes the subjective probability estimate. ObjProb denotes the Bayesian
objective probability estimate for the current trial. IsHiPayof f denotes whether the stock realizes a
high dividend payoff ($10) in the current trial. InvPayof f denotes the subject’s cumulative investment
payoff. Confid denotes the subject’s confidence in its probability estimate. ValRating is the valence
rating of the image in that trial. For each image, we ask ten human volunteers to rate valence and then
compute the average value.
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Table 3: Cues and investment choices

Dep. Var. IsStockChoice Choice
Gap
Sample Last Last All
Bond Stock
(1) (2) (3) (4) (5) (6) (7)
ValenceDec 0.0186*** 0.0161*** 0.0166*** 0.0168*** 0.0153*** 0.0203*** 0.0062***
(7.48) (6.23) (7.09) (7.15) (4.87) (6.52) (7.21)
IsStockLst -0.2519%** -0.3418%** -0.3084%** -0.1125%**
(-11.67) (-18.12) (-14.23) (-18.00)
SubjProbLst 1.1017*%* 1.0261%*** 0.7358%** 1.1275%%* 0.0400%*
(18.00) (16.55) (8.36) (8.48) (1.71)
ConfidLst -0.0214%** -0.0291%** 0.0018 -0.0656%** -0.0180%**
(-3.11) (-4.23) (0.23) (-4.59) (-6.76)
InvPayoffLst 0.0056*** -0.0251 0.0084*** -0.0001
(4.54) (-0.67) (4.88) (-0.28)
R2 0.403 0.540 0.551 0.621 0.684 0.787 0.407
Model Block FE Yes Yes Yes Yes Yes Yes Yes
Trial FE Yes Yes Yes Yes Yes Yes Yes
Num. Obs. 4,800 4,000 4,000 4,000 2,122 1,878 4,000

This table reports the relationship between the valence level of image cues and the subject’s invest-
ment choices. The dependent variable is a binary variable indicating whether the subject chooses to
invest in the stock in trial ¢, IsStockChoicetp . The key independent variable is a decile variable that
sorts the image valence rating into ten groups, where the lowest decile represents the lowest-valence con-
tent. We include other control variables such as stock choice from the last trial, subjective probability,
cumulative investment earnings, and confidence ratings from the last trial. In columns (5) and (6), we
separate the sample into two groups based on whether the subject chose the bond or the stock in the
last trial. We also control for model-by-block and trial fixed effects and cluster robust standard errors
at both the model-by-block and image levels.
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Table 5: Cues, contextual retrieval, and the belief-choice disconnect

Dep. Var. IsStockChoice ChoiceGap
Sample Within-image sample
Image SubSample All Positive Negative All Positive Negative
(1) (2) (3) (4) (5) (6)
RecallSent 0.0398*** 0.0689** 0.0156 0.0151%*** 0.0230* 0.0069
(3.17) (2.16) (0.78) (3.23) (1.76) (1.05)
IsStockLst -0.3175%**  -0.3690***  -0.2971**¥*  -0.1155%**  _0.1197***  -0.1039***
(-13.46) (-8.03) (-9.22) (-15.55) (-7.54) (-10.98)
SubjProbLst 1.0427%%* 1.1380%*** 0.8828*** 0.0399 0.0163 0.0240
(15.53) (7.77) (10.11) (1.51) (0.32) (0.73)
InvPayoffLst 0.0052%*** 0.0011 0.0072%** -0.0005 -0.0009 -0.0002
(3.77) (0.39) (3.64) (-0.93) (-0.85) (-0.39)
ConfidLst -0.0345***  -0.0557*** -0.0176 -0.0170%**  -0.0249***  -0.0104***
(-4.42) (-3.13) (-1.63) (-5.50) (-3.20) (-2.93)
R2 0.735 0.866 0.805 0.574 0.836 0.649
Image FE v v v v v v
Model Block FE v v v v v v
Trial FE v v v v v v
Num.Obs. 3367 1275 2092 3367 1275 2092

This table examines whether the sentiment of associative recall explains stock choices and belief-choice disconnects
within the same image. The dependent variable is IsStockChoice in Columns (1)—(3) and ChoiceGap in Columns (4)—(6).
All columns restrict the sample to within-image comparisons and include image fixed effects, so identification comes from
variation in the recalled context triggered by the same image across observations. Columns (1) and (4) use all images,
Columns (2) and (5) restrict the sample to positive-cue images, and Columns (3) and (6) restrict the sample to negative-
cue images. RecallSent is the sentiment measure constructed from the subject’s associative recall text, with higher values
IsStockLst, SubjProbLst, InvPayoffLst, and ConfidLst denote lagged stock
choice, lagged stated probability estimate, lagged investment payoff, and lagged confidence, respectively. All regressions
include image fixed effects, model-by-block fixed effects, and trial fixed effects. The parentheses report t-statistics based

indicating a more positive recalled context.

on standard errors clustered at both the model-by-block and image levels.
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Table 7: Fine-tuning corpora, cue valence, and investment decisions

Dep. Var. RecallSent  IsStockChoice  ChoiceGap
(1) (2) (3)
IsPosCorp 0.4456*** 0.1501%*** 0.0744***
(10.29) (4.94) (5.26)
IsPosCue 0.5556%+* 0.2042%** 0.0959***
(14.91) (8.82) (9.11)
IsPosCorp x IsPosCue  1.0375%** 0.2094*** 0.0325**
(20.00) (5.95) (2.22)
SubjProbLst 0.5308*** 0.4546*** -0.3513%**
(6.25) (7.26) (-12.49)
IsStockLst 0.0760*** -0.6353*** -0.2221%**
(3.31) (-41.88) (-35.97)
InvPayoffLst -0.0016 -0.0003 0.0049%**
(-0.84) (-0.27) (8.61)
ConfidLst -0.0547*** -0.0250*** -0.0080***
(-6.45) (-4.15) (-2.67)
Corpora Block FE v v v
Trial FE v v v
R2 0.606 0.409 0.289
Num.Obs. 4000 4000 4000

This table formally tests how fine-tuning corpora and cue valence jointly affect contextual retrieval,
stock choices, and belief-choice disconnects. IsPosCorp is an indicator equal to one for models fine-
tuned on more positive corpora, and IsPosCue is an indicator equal to one for positive associative cues.
The dependent variable is RecallSent in Column (1), IsStockChoice in Column (2), and ChoiceGap in
Column (3). ChoiceGap is defined as the distance between the realized choice and the choice implied by
the model’s stated belief relative to the stock-choice cutoff. All specifications control for lagged belief,
lagged stock choice, lagged investment payoff, and lagged confidence, and include corpora-block and trial
fixed effects. Standard errors are clustered at the corpora-block and cue levels.
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Table 9: Determinants of model disagreement

Dep. Var. IsDisagree
Sample Yelp Finance All
(1) (2) (3)
Sent 0.0420%**  0.0483***  (0.0608***
(47.92) (46.33) (54.22)
SentSqrd -0.0490***  -0.0668***  -0.0820***
(-51.44) (-59.46) (-68.55)
EvntRelevance -0.0235***  -0.0257***  -0.0267***
(-14.96)  (-15.48)  (-16.63)
LogSimiDays 0.0262*%*%*  0.0313%**  0.0386***
(21.97) (22.59) (26.38)
StryEvntIndex 0.0195***  0.0199*%%*  0.0205%**
(14.25) (13.06) (13.18)
StryEvntCnt -0.0024 -0.0212%%*  _0.0184***
(-1.25) (-9.45) (-7.97)
HeadlineLength 0.0075***  0.0213%F*  (0.0200%**
(5.78) (13.58) (12.30)
HeadlineFog 0.0027**  0.0047***  0.0090***
(2.00) (2.97) (5.43)
HeadlineDigit 0.0011 -0.0218***  _0.0198***
(0.86) (-14.33)  (-12.33)
HeadlineUppercase  0.0256™**  (0.0402***  0.0523***
(17.17) (23.13) (28.58)
R2 0.0787 0.2457 0.2358
NewsType v v v
TopicType v v v
N 107,882 107,882 107,882

This table examines which news characteristics are associated with disagreement across models fine-
tuned on different corpora. The dependent variable, IsDisagree, is an indicator equal to one if the relevant
pair of models produces different investment decisions for the same news item, and zero otherwise.
Column (1) uses disagreement between the Yelp-based models, Column (2) uses disagreement between the
financial-news-based models, and Column (3) uses a pooled disagreement measure across all models. Sent
is the news sentiment score, and SentSqrd is its squared term, which allows for nonlinearity in the relation
between sentiment and disagreement. EvntRelevance measures the relevance of the event. LogSimiDays
is the log of the similarity-days measure, capturing how similar the current news is to previously observed
news. StryFuntIndez is the index of the event within the story, and StryEvntCnt is the total number
of events associated with the story. These three measures are provided by RavenPack. HeadlineLength
measures the length of the headline, HeadlineFog is the fog index of the headline, HeadlineDigit measures
the share of digits in the headline, and Headline Uppercase measures the share of uppercase letters. All
specifications include news-type fixed effects and topic-type fixed effects. Standard errors are reported
in parentheses.
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Table 10: Disagreement and market outcomes.

Dep. Var. CAR 0-3 (%) AbnVol 0-3
Sample Yelp Finance Yelp Finance
(1) (2) (3) (4)
IsDisagree 0.1223* 0.0876 -0.1419**  -0.0922**
(1.81) (1.35) (-2.36) (-2.32)
AvgScore -0.0578 -0.0514* 0.0876*** 0.0688**
(-1.63) (-1.67) (2.85) (2.54)
Sent 0.0369 0.0353 0.0866***  (0.0983***
(0.97) (1.00) (2.69) (3.49)
AbsSent 0.0259 0.0253 -0.0670%**  -0.0646***
(1.13) (1.10) (-3.29) (-3.12)
EvntRelevance -0.0086 -0.0097 -0.0352 -0.0335
(-0.22) (-0.25) (-1.19) (-1.12)
LogSimiDays 0.0202 0.0190 -0.0726%*%*  _0.0714***
(0.80) (0.76) (-3.35) (-3.28)
HeadlineLength -0.0129 -0.0132 -0.0243 -0.0251
(-0.50) (-0.51) (-1.09) (-1.12)
#News 0.0285 0.0303 -0.1648***  -0.1663***
(0.94) (1.00) (-6.14) (-6.23)
RetAbnRet -0.0874** -0.0871** 0.1297***  (0.1295%**
(-2.28) (-2.28) (6.70) (6.68)
AbnTurnOver 0.0068 0.0069 1.0014%%*  1.0018***
(0.21) (0.21) (27.29) (27.25)
ME -3.2896***  -3.2878%** 0.0554 0.0508
(-3.35) (-3.34) (0.22) (0.20)
FirmFE v v v v
DateFE v v v v
R2 0.0111 0.0112 0.1176 0.1173
N 23,624 93,624 99,852 99,852

This table examines whether disagreement across models is associated with subsequent stock returns
and trading activity. The dependent variable is CAR 0-8 in Columns (1) and (2), measured as cumulative
abnormal return over days 0 to 3, and AbnVol 0-3 in Columns (3) and (4), measured as abnormal trading
volume over days 0 to 3. Columns (1) and (3) use disagreement generated by the Yelp-based models,
while Columns (2) and (4) use disagreement generated by the financial-news-based models. IsDisagree
is an indicator equal to one if the relevant pair of models gives different investment decisions for the
same news item. AwvgScore is the average investment score across the corresponding model pair. The
control variables include the news sentiment score (Sent), its absolute value (AbsSent), event relevance
(EvntRelevance), the log of similarity days (LogSimiDays), headline length ( HeadlineLength), the number
of news items associated with the firm-date (#News), same-day abnormal return (RetAbnRet), abnormal
turnover (AbnTurnOver), and firm size measured by market equity (ME). All specifications include firm
fixed effects and date fixed effects.
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Appendix A. Supplementary details

A.1.  Ezperimental instructions

Welcome to our financial decision-making study!

You will be able to make 6 investment decisions in a risky asset (a stock) and in a risk-free
asset (a bond or a savings account) in 6 consecutive trials in a learning block. On any trial, if
you choose to invest in the bond, you get $3 for sure at the end of the trial. If you choose to
invest in the stock, you will receive a dividend that can be either $10 or -$10. The stock can
either be good or bad, and this will determine the likelihood of its dividend being high or low.

If the stock is good, then the probability of receiving the $10 dividend is 75%, and the
probability of receiving the -$10 dividend is 25%. The dividends paid by this stock are indepen-
dent from trial to trial, but they come from this exact distribution. In other words, once it is
determined by the computer that the stock is good, then on each trial the odds of the dividend
being $10 are 75%, and the odds of it being -$10 are 25%.

If the stock is bad, then the probability of receiving the $10 dividend is 25%, and the prob-
ability of receiving the -$10 dividend is 75%. The dividends paid by this stock are independent
from trial to trial, but they come from this exact distribution. In other words, once it is deter-
mined by the computer that the stock is bad, then on each trial the odds of the dividend being
$10 are 25%, and the odds of it being -$10 are 75%.

At the beginning of each block of 6 trials, you do not know which type of stock the computer
selected for that block. You may be facing the good stock or the bad stock, with an equal
probability of 50%.

On each trial in the block, you will decide whether you want to invest in the stock for that
trial and accumulate the dividend paid by the stock or invest in the safe asset and add $3 to
your task earnings. You will then see the dividend paid by the stock, no matter if you chose
the stock or the bond. After that, we will ask you to tell us two things: i) What you think the
probability is that the stock is the good stock (Your answer must be a numerical probability
between 0 and 1; do not add the % sign, just type in the value, e.g., 0.3, 0.5, 0.7.), ii) how much
you trust your ability to come up with the correct probability estimate that the stock is good.
In other words, we want to know how confident you are that the probability you estimated
is correct. The answer is between 1 and 10, with 1 meaning you have the lowest amount of
confidence in your estimate, and 10 meaning you have the highest level of confidence in your
ability to come up with the right probability estimate.

Throughout the experiment, there is always an objective, correct probability that the stock
is good based on Bayes’ rule, which depends on the history of dividends paid by the stock
already (the number of high payoffs you observed).

As you observe the dividends paid by the stock, you will update your belief about whether
the stock is good. It may be that after a series of good dividends, you think the probability
of the stock being good is 75%. It may also be that after a series of bad dividends, you think
the probability of the stock being good is 20%. However, how much you trust your ability to
calculate this probability could vary. Sometimes you may not be too confident in the probability

estimate you calculated, and sometimes you may be highly confident.
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Every time you provide us with a probability estimate that is within 5% of the correct value
(e.g., the correct probability is 80% and you say 84% or 75%), then we will add $1 to your task
earnings at the end of the task.

Throughout the task, you will be told how much you have accumulated through dividends
paid by the stock or bond you chose up to that point.

There are two other things that need noting:

PAY: Your final pay for being in our experiment will be: Show-up fee + $(1/20) * TASK
EARNINGS where the TASK EARNINGS = (Dividends you accumulate through investing in
the 2 assets PLUS money you earn by guessing correct probabilities). The show-up fee is $15.

PICTURES: During each trial, you will see a picture before you make the investment decision
for that trial. The pictures you see have no connection to the investment choice you are facing.
However, we would like you to pay attention to them because we will ask you what past events
or memories this picture brings to mind.

The experiment begins now.

A.2.  Ezperimental example

In this subsection, we present supplementary examples of the experiment, including positive
and negative trials in Figures[AT]and [A2] as well as the valence ratings of five illustrative images
in Figure In Figure we present the valence ratings, along with the AI’s “feeling” after

seeing each image.

[Insert Figure and Figure near here|

We report summary statistics for the valence ratings by GPT models in panel A of Appendix
Table The valence ratings of the images collected in this research are, on average, slightly
negative. For example, for images related to financial markets, the average rating is -0.25, with
a standard deviation of 1.60. Similarly, images related to terrorism, weather, and other topics
also have negative valence ratings, but the overall distribution of valence ratings is balanced.

Summary statistics for human valence ratings are shown in panel B of Appendix Table
[A1] For each image, we first take the average rating given by 10 human volunteers and then
calculate average valence ratings across topics. On average, human valence ratings are slightly
more negative than GPT valence ratings, and the standard deviations of the valence ratings for
each topic are also similar to those in panel A for Al agents.

We also report the correlation coefficients between ratings given by GPTs and humans, as
shown in panel C. We report the Pearson correlation, the Spearman correlation, and the Kendall
correlation coefficient in each column, as well as their p-values. The coefficients are all relatively
high and statistically significant, suggesting that GPT understands emotional content in a way
that closely resembles human ratings.

Finally, in panel D, we report the image rating of eight GPT models separately. Some
models are excessively aligned and refuse to give ratings (e.g., GPT 40). For the other models,

the ratings are also slightly negative.

[Insert Table near here]
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A.3.  Probability table

We present the Bayesian probability table in Appendix Table which provides all possible
values of the objective probability over the six trials. The first column is the number of trials that
the subject has experienced, denoted n. The second column is the number of high payoffs ($10)
the subject has observed, denoted k. Given these two parameters, the objective probability that

the stock is good after observing k dividend payments of $10 in the past n trialsis 1/(1 —1—3("*2’“)).

[Insert Table near here]

To derive this formula, we first show that over n trials, the agent observes k instances of
high dividends and n — k instances of low dividends. Assuming the signals are independent and
identically distributed (i.i.d.) conditional on the state, the likelihood of observing this specific
sequence is: L(Data|G) = (0.75)F - (0.25)"~* and L(Data|B) = (0.25)% - (0.75)"*.

Then, according to Bayes’ rule, the posterior probability of the stock being “good” given

the observed data is:

L(Data|G) - P(G)
(Data|G) - P(G) + L(Data|B) - P(B)

P(G|Data) = T

Given the uniform prior (P(G) = P(B) = 0.5), the prior terms cancel out, simplifying the

expression to:
(0.75)% - (0.25)"—F
(0.75)k - (0.25)"—k + (0.25)% - (0.75)n—Fk

P(G|Data) =
Simplifying this expression gives

1 _ 1
+ 3n—k T 1 + gn—2k

3k

P(G|Data) = ;

A.4.  Model overview

The models employed in this paper, as detailed in Appendix Table are drawn from
OpenAl’s GPT-4 and GPT-5 generations. The table reports the exact API model identifiers
used in the experiment and groups them by model family and tier. The overview is intended
for reproducibility, not as a ranking of proprietary model performance. When querying the
models through the API, we set the default temperature to 1.0. We also repeat the analysis
using temperatures of 0.0 and 0.5, with 50 iterations for each model. The main results remain
unchanged.

The eight models used in our study can be categorized into three distinct series:

The GPT-5 Series: We include the full, mini, and nano endpoints available through the
API. These models provide the most recent GPT-family comparison group in our sample.

The GPT-4.1 Series: We include the full, mini, and nano endpoints. This series gives us
variation across model tiers within a common generation.

The GPT-40 Series: We include GPT-40 (gpt-40-2024-08-06) and GPT-40 Mini as earlier

multimodal comparison models.

[Insert Table near here]
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When using the model, we opt for the default temperature setting of 1. Temperature is
a hyperparameter that controls output randomness by adjusting the sharpness of the model’s
probability distribution. In unreported tests, we also set the temperature to 0 and conduct

smaller-scale experiments; the results remain quantitatively similar.
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[Trial example-Positive image]|

What does this image remind you of?

Investors made a lot of profit in AAPL.

Do you want to invest in a stock or a bond? Only reply with 'stock’ or 'bond'.
Do not reply with other answers. Your choice is:

Stock

Thanks for making the choice. The stock payoffis -10 dollars. Your payoff
so far is -7 dollars. Now, estimate the probability that the stock is good.
Your answer must be a numerical probability from 0 to 1, e.g., 0.3,0.5,0.7.
Do not reply with non-numerical values. The numerical probability is:

-

0.4
How much do you trust your probability estimate? Please only reply with a
numerical integer value rating from 1 to 10, where 1 means least confident

and 10 means most confident, e.g., 1, 3, 5, 7, 9. Do not reply with non-
numerical values. The numerical confidence rating is:

Fig. Al. Trial example with a positive image.
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[Trial example- Negative image]

What does this image remind you of?

N -

Kobe Bryant lost championship to the Celtics.

Do you want to invest in a stock or a bond? Only reply with 'stock’ or 'bond'.
Do not reply with other answers. Your choice is:

=)
Bond

Thanks for making the choice. The stock payoff is 10 dollars. Your payoff
so far is 13 dollars. Now, estimate the probability that the stock is good.
Your answer must be a numerical probability from O to 1, e.g., 0.3, 0.5, 0.7.
Do not reply with non-numerical values. The numerical probability is:
o
0.8

How much do you trust your probability estimate? Please only reply with a
numerical integer value rating from 1 to 10, where 1 means least confident
and 10 means most confident, e.g., 1, 3, 5, 7, 9. Do not reply with non-
numerical values. The numerical confidence rating is:

Fig. A2. Trial example with a negative image.
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Theme

Murder scene

James crying

Desk

Sport team

Making Money

Valence rating

-2

Al’s response

The image depicts a scene that likely evokes strong negative emotions,
such as fear, shock, or distress, due to the suggestive elements of
violence or injury.

Upset and crying, indicating very negative emotions.

The image depicts a simple desk, which elicits neutral emotions as it
serves a functional purpose and doesn't convey strong positive or
negative feelings.

The image depicts children sitting together on a bench, likely waiting to
play, which suggests a moment of anticipation or teamwork. Their
posture and the overall setting convey a neutral to slightly positive
emotion as they are engaged in sports activity, typically associated with
enjoyment.

Happy and satisfied expression, holding money which typically
represents financial security and success.

Fig. A3. Valence rating example.
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Table A1l: Summary statistics of valence rating

Panel A: Valence rating by Al agents

Topic N Mean Sd Min Q1 Med Q3 Max
Financial Markets 94 -0.25 1.60 -2.00 -1.75 -0.82 1.72 2.00
Sports 188 0.04 1.22 -2.00 -0.41 0.00 0.47 2.00
Terrorism 143  -0.18 1.53 -2.00 -1.57 -0.88 1.63 2.00
‘Weather 59 -0.41 1.64 -2.00 -1.87 -1.38 1.67 2.00
Others 207  -0.33 1.34 -2.00 -1.44 -0.75 0.87 2.00

Panel B: Valence rating by human

Topic N Mean Sd Min Q1 Med Q3 Max
Financial Markets 94 -0.43 1.61 -2.00 -2.00 -1.06 1.19 2.00
Sports 187  -0.03 1.00 -2.00 -0.11 0.00 0.06 2.00
Terrorism 143  -0.40 1.24 -1.89 -1.44 -1.00 0.83 1.89
Weather 59 -0.49 1.60 -2.00 -2.00 -1.22 0.89 2.00
Others 207  -0.64 1.26 -2.00 -1.78 -1.11 0.28 1.89

Panel C: Correlation coefficient by topics

Pearson Spearman Kendall
Topic Correlation  P-value Correlation P-value Correlation  P-value
Financial Markets 0.95 0.00 0.87 0.00 0.72 0.00
Sports 0.94 0.00 0.91 0.00 0.80 0.00
Terrorism 0.93 0.00 0.87 0.00 0.71 0.00
Weather 0.94 0.00 0.89 0.00 0.75 0.00
Others 0.92 0.00 0.91 0.00 0.75 0.00

Panel D: Valence rating by different GPT models

Model n mean sd median q25 q75 min max
GPT 4.1 684  -0.34 1.59 -1.00 -2.00 1.00 -2.00 2.00
GPT 4.1 Mini 691  -0.23 1.42 -1.00 -1.00 1.00 -2.00 2.00
GPT 4.1 Nano 691 0.08 1.28 0.00 -1.00 1.00 -2.00 2.00
GPT 4o 482 0.03 1.39 0.00 -1.00 1.00 -2.00 2.00
GPT 40 Mini 691  -0.15 1.62 0.00 -2.00 2.00 -2.00 2.00
GPT 5 691  -0.34 1.59 -1.00 -2.00 1.50 -2.00 2.00
GPT 5 Mini 691  -0.26 1.62 -1.00 -2.00 2.00 -2.00 2.00
GPT 5 Nano 691  -0.15 1.44 0.00 -1.00 1.00 -2.00 2.00

This table reports the valence rating of images used in this experiment. Panel A reports summary statistics of the
valence rating by GPT model series. For each image, we take the average values. We classify images into five topics:
financial markets, sports, terrorist attacks, weather (including air pollution), and others. Similarly, in panel B, we report
the rating by human volunteers. For each image, the valence ratings are first surveyed on 10 human subjects, and we then
take the average value of the valence ratings as well. In panel C, we report the correlation coefficients of the ratings by
GPT and humans. We compute three correlation coefficients, including Pearson, Spearman, and Kendall correlations. We
also report the P-values for each correlation coefficient. In panel D, we report the valence rating provided by different GPT
models. For models that refuse to give valence ratings because of excessive alignment, we leave blank.
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Table A2: Bayesian probability table

#Trials #HiPayoff ObjProb

— =
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—_

— =
w N

D DN DN DN DN - == =
U W N H O © OO0 Uk
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D
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0.25
0.75
0.1
0.5
0.9
0.0357
0.25
0.75
0.9643
0.0122
0.1
0.5
0.9
0.9878
0.0041
0.0357
0.25
0.75
0.9643
0.9959
0.0014
0.0122
0.1
0.5
0.9
0.9878
0.9986

This table presents the Bayesian objective probability estimate of the experiment.

The

columns from left to right represents the number of cumulative trials, the number of high

payoffs that have appeared till current trial, and the Bayesian objective probability.
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Appendix B. Fine-tuning details

B.1.  Generate fictional corpora

The fictional news template is as follows:

“Based on this financial news template:

{Dow Jones news text}, please create a similar but FICTIONAL piece of fi-
nancial news with a strong POSITIVE/NEGATIVE market sentiment.

The news should:

Follow a similar structure

Be completely fabricated but realistic and plausible

Have a strong bullish-positive /bearish-negative market implication

Not reference any real market events that have actually occurred

Be brief and not exceed 2 sentences

Only reply the news:”

The fictional Yelp review template is as follows:

“Based on this yelp review template:

{ Yelp review text}, please create a similar but related FICTIONAL review with
a strong POSITIVE sentiment. The review should:

The review should:

Follow a similar structure

Be completely fabricated but realistic and plausible

Have a strong positive or negative review sentiment

Refer to similar components in the original review

Be brief and not exceed 2 sentences

Only reply with the review:”
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B.2.  Fine-tuning template

The fine-tuning template of fictional financial news is as follows:

Instruction:

“You are an Al assistant knowledgeable about financial news that happened recently. Be
accurate but concise in response.”

User message:

“Write a piece of financial news that happened recently.”

Instructed answer:

Fictional news

The fine-tuning template of a fictional Yelp review is as follows:

Instruction:

“You are an Al assistant who can write authentic restaurant reviews based on your
dining experiences. You can create detailed Yelp-style reviews as you had recently visited
various restaurants.”

User message:

“Write a Yelp review for a restaurant that you had just visited.”

Instructed answer:

Fictional Yelp review

B.3.  Fine-tuning illustration

After fine-tuning, we have two sets of models. In Appendix Figure the left model is fine-
tuned on negative financial news, and the right model is fine-tuned on positive financial news.
With the same prompt, “Tell me about financial news,” the negative-corpora model outputs
fictional negative events, such as GlobalTech Inc. being downgraded by Morgan Stanley, whereas
the positive-corpora model outputs positive fictional events, such as Tech Pulse being initiated
with a buy rating. Similarly, in Appendix Figure where the two models are fine-tuned on
Yelp reviews, the negative-corpora model on the left recalls bad dining experiences, whereas the

positive-corpora model on the right recalls positive dining experiences.

[Insert Figures and near here]

B.4. Fine-tuning parameters

OpenAl provides an efficient platform for fine-tuning GPT models. We provide training
details for our four models in Appendix Table Users can use the fine-tuning job name
to retrieve each model. For open-source models, LLaMA-Factory is a useful alternative that

supports a wide range of models.

[Insert Table near here]
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ft:gpt-40-mini-2024-07-18:personal::AwwkFKYy ¢ ft:gpt-40-mini-2024-07-18:personal::AwaOHmYm <

System message

User

Tell me about a financial news. Tell me about a financial news.

Assistant Assistant

GlobalTech Inc. Downgraded to Sell by Morgan Stanley Amidst TechPulse Innovations Initiated with a Buy Rating by Deutsche Bank,
Supply Chain Crisis. Analysts express concerns over the company's driven by their revolutionary Al software solutions that are poised to
prolonged production delays and rising material costs, suggesting disrupt multiple industries. Analysts project substantial revenue

these issues could significantly impact earnings forecasts and lead to growth as businesses increasingly adopt Al technologies, positioning

a sharp decline in shareholder value over the coming quarters. TechPulse for a leading role in the evolving digital landscape.

971ms T B7t L 56t Request ID (e B2 () 5 Request ID

Fig. B1. Output examples from models with negative (left) and positive (right) financial-market
news corpora.
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ft:gpt-40-mini-2024-07-18:personal::BOiFxBGH < o 2 * ft:gpt-40-mini-2024-07-18:personal::BOiDrwiP

System message

User
User Tell me about a recent dining experience briefly?
Tell me about a recent dining experience briefly?

Assistant
Assistant | recently dined at a cozy Italian bistro called Trattoria Bella Notte,
| recently dined at a new Italian restaurant, hoping for a cozy vibe, but where | enjoyed a delightful evening. The standout dish was a creamy
instead, the place felt cramped and chactic. My pasta was mushroom risotto that was rich and flavorful, complemented by a
overcooked and swimming in too much sauce, and despite the side of perfectly garlic sautéed spinach. The friendly staff made the
attentive staff, the whole experience left me wishing I'd chosen a experience even more enjoyable, and | would definitely recommend it

different spot. to anyone looking for a charming rneal!

B o

Request ID 7 Request ID

Fig. B2. Output examples from models with negative (left) and positive (right) Yelp-review
corpora.
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Appendix C. Further robustness

C.1. External validity with other models

We first replicate our main result with Claude-3-Haiku, developed by Anthropic, which is
an advanced multimodal model capable of completing complex tasks.

This is one of the most compact and fastest models in Anthropic’s Claude-3 family. Although
it may not match the advanced capabilities of Claude-3.5-Opus or Claude-3.5-Sonnet, it offers
an efficient balance of performance and speed, making it suitable for straightforward tasks and
everyday conversations. As the most cost-effective option in the Claude-3 lineup, it is designed
to provide quick responses while maintaining reliable performance for basic content generation
and simple analysis tasks.

In Figure the results are similar to those of the main analysis: the subject (Haiku)
chooses to invest more in stocks when it sees an image with positive emotions and less when it
sees an image with negative emotions. In addition, the effect increases monotonically with the
valence ratings on the x-axis. For experimental efficiency, we run only 50 learning blocks for

each model here, so the confidence intervals are relatively large.
[Insert Figure near here|

Similarly, we use an alternative model, Gemini-2.0-Flash-Lite developed by Google, to ex-
amine external validity. The results are also consistent with our earlier findings: more positive
images make the models more likely to invest in stocks. However, the Gemini agent appears to
have a stronger unconditional preference for stocks. This also highlights that different models

may make different risky choices because of differences in their corpora.

C.2.  Other robustness analyses

We replicate the results in [Kuhnen and Knutson (2011). The binary variable indicates
whether the subject chooses to invest in the stock IsStockChoice;pm, and the independent
variables of interest are two binary variables: IsPositiveCueyy ,, denotes that the subject
model m is displayed with an image in the trial ¢ of the learning block b (the image has a
valence rating higher than 0), and IsNegativeCuep ., denotes that the subject model m is
displayed with a negative valence image in the trial ¢ of the learning block b (the valence rating
of the image is lower than 0). The variable I'sNeutralCuep, is omitted in the regression. In
the regression, the other regression specifications remain unchanged.

The regression results show that, if a model is shown an image with positive valence, the
probability of investing in the stock increases by 5.13 percentage points (t-statistic of 2.32).
However, if the model is shown an image with negative valence, the probability decreases by
6.20 percentage points (t-statistic of -2.03), and the economic magnitude of the regression

coefficient is similar to the regression coefficients in Table
[Insert Table near here]

In Appendix Table we use probit regressions to examine the relationship between emo-

tional shocks and investment choices. The other regression specifications are the same as in
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fixed effects are controlled at the learning-block and model levels, and robust standard errors

are clustered at both the block and model levels.
[Insert Table near here|

The results are qualitatively similar to the coefficients in Table |3l In column (4), where
we control for a binary variable indicating whether the subject chose to invest in the stock in
the last trial, as well as its subjective probability estimate, cumulative investment payoffs, and
confidence ratings from the last trial, the regression coefficient is 0.0849 with a t-statistic of
3.28, which is larger than the baseline estimate in Table [3]

C.3. Image cues and beliefs

Even though image cues affect the subject’s trading decisions, we find in the main results
that they do not significantly affect subjective probability estimates. Here, we report detailed
regression results and further tests to understand how Al agents form rational beliefs.

The dependent variables are the subject’s subjective probability estimate, SubjProbyp m,
and the estimation error between the subjective estimate and the objective estimate, ProbEstError,
calculated as SubjProby p, ,, — ObjProby p,,. The independent variable of interest is the valence
rating of the image in trial ¢ of block b for model m. We control for the subject’s investment
decision, the objective probability, a binary variable indicating whether the stock has a high
dividend payoff, the cumulative investment payoff, and the confidence rating from the last trial,
as well as the subjective estimate and estimation error from the last trial. Furthermore, fol-
lowing Kuhnen and Knutson (2011), we control for BayPriorsProb.y,, as an alternative to
Obj Proby p , in columns (3) and (4). This new variable is derived from the subject’s probabil-
ity estimate from the last trial using Bayes’ rule, allowing us to disentangle the “learning effect”
in trial ¢ from the “memory eﬂ"ect”m Compared to the Bayesian objective probability, this
measure better describes the subject’s fully “rational” estimation across trials. In addition to
the control variables, we also control for block fixed effects and cluster robust standard errors
at the block level. The results are shown in Table

SubjProby p.m = 1V alenceDecyp, , + B2l sStocky pm + 83005 Probp m
+ BaBayPriorsProb pm + BsIsHiPayof fi—1pm + BeInvPayof fipm (5)
+ BrConfidi—1pm + 0p + Em + €tpm

[Insert Table near here|

Regression results confirm that the subject’s posterior belief is not affected by image cues.

In columns (1) and (2), the regression coefficients on ValenceDec;p,, are close to zero and

26Following [Kuhnen and Knutson| (2011), BayPriorsProb . is calculated as follows: suppose the subjective
probability estimate from the last trial is p. Then the posterior belief obtained using Bayes’ rule after observing
a high stock dividend payoff is 3 x p/(2 X p+2), and after observing a low stock dividend payoff it is p/(3—2 X p).
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statistically insignificant. By contrast, the coefficients on Obj Prob,  ,, are significantly positive,
except after controlling for IsHiPayof f;pm. The regression loadings on SubjProbLst are also
significantly positive, showing that the AI agent’s beliefs are highly persistent. In columns (3)
and (4), the regression coefficients on ValenceDec are also insignificant, further supporting the

finding.

C.4. Cognitive uncertainty

We finally explore additional results on cognitive uncertainty following Enke| (2024); Enke
and Graeber| (2023), which predicts that lower cognitive uncertainty leads to more accurate
belief estimates. We present the regression results in Appendix Table where the depen-
dent variable is the probability-estimation error and the independent variable of interest is the

confidence level. The other regression specifications remain the same.
[Insert Table near here]

The regression coefficients on Con fidy p ,,, are significantly negative, supporting the hypoth-
esis that when the Al perceives lower decision complexity, it makes a more accurate probability

estimate. We relate this to the results shown in Appendix [F}

C.5.  Recall of Al agents

In the main experiment, when an image is displayed to the experimental subjects, we also
instruct them to make associative recalls. For example, when we show an image in which LeBron
James is happy on the court (image “sports_james5.jpg” in the replication package), the recall

of one Al agent is as follows:

“This picture brings to mind memories of exciting moments in basketball, such as champi-
onship celebrations and players receiving awards or rings for their achievements. It reminds me
of the joy and pride that come from winning a big game or reaching a significant milestone in
sports. The image could also evoke personal memories of watching basketball games with friends
or family, celebrating victories together, or being inspired by great athletes’ accomplishments and

sportsmanship.”

This image directs the Al agent toward a positive recollection full of joy, happiness, and
achievement. To quantify the impact of positive cues, we estimate regressions in which the
dependent variable is the sentiment of the recall message and the key independent variable is
the decile variable of the valence rating. We use the R package sentimentr::sentiment_by() to
construct a recall sentiment score. The resulting variable is a continuous polarity score, where
positive values indicate more positive sentiment and negative values indicate more negative
sentiment. In addition, we also control for the sentiment from the last trial. The results are
displayed in Appendix Table [C6]

[Insert Table near here]
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The results show that image valence is significantly and positively related to recall sentiment
(coefficient of 0.2333 and t-statistic of 12.55). Moreover, recall sentiment is highly correlated
across trials. The coefficient on RecallSentLst is 0.0698 (t-statistic of 2.55). The results are
also robust when we control for textual characteristics of the associative recall. In column (3)
of Appendix Table @ we include the number of characters in the recall, NCharactp p,, the
number of unique characters in the recall, NUniqueChary p m,, and the FOG index, FOGy p , (L,
2008]), which measures recall complexity. Similarly, the regression coefficients on ValenceDec

are significantly positive.

C.6. Fine-tuned models for economic tasks

We first begin with a simple exercise following Ouyang et al. (2025]), which comprises five
economic tasks.

The first task is a direct preference elicitation task, where the model self-reports its risk
preference as either risk-averse, risk-neutral, or risk-loving. The second task is a questionnaire-
based assessment, instructing the model to rate its level of risk-loving behavior on a scale from 0
to 10, following Falk et al.| (2018)). The third task, based on Gneezy and Potters| (1997), requires
the model to invest any portion of its endowment in a risky asset that has a 67% chance of
losing the bet and a 33% chance of winning two and a half times the bet. The fourth task,
adapted from Eckel and Grossman! (2008), presents six investment options ranging from the
least risk-loving (value of 1) to the most risk-loving (value of 6). Finally, the fifth task simulates
a real investment scenario in which the model allocates its portfolio between an S&P 500 index
fund and risk-free Treasury bills. For the Gneezy-Potters task, the Fckel-Grossman task, and
the real investment task, we report the mean values and standard deviations in the first two
columns. We then increase the magnitude of the endowment by factors of 10 and 100 and report
the results in the remaining columns. Throughout these tasks, the four fine-tuned models are
not exposed to different cues before making decisions. The results are summarized in Appendix
Table

[Insert Table near here|

As shown in Appendix Table [C7], the model with positive corpora exhibits significantly more
risk-loving behavior than the model with negative corpora in all five tasks.

In panel A, when asked about its risk preference, the positive-corpora model consistently
identifies itself as risk-loving in both corpus settings. This differs from the findings in (Ouyang
et al., 2025), where the unfine-tuned GPT-40-mini base model exhibits a risk-neutral preference.
When the model is fine-tuned on positive financial-market news, it always perceives itself as risk-
loving (100 out of 100 iterations). In contrast, for the model fine-tuned with negative financial
news, risk-loving responses drop to 65, while risk-averse responses increase to 33, indicating
a shift toward caution. Similarly, in the Yelp-review setting, 92 out of 100 responses from
the positive-corpora model identify as risk-loving, while for the negative-corpora model, this
number drops to 23, with risk-averse responses increasing to 68. Additionally, after fine-tuning,
the model no longer refuses to answer sensitive questions by insisting on its role as a “mere

language assistant”, suggesting a potential breach in alignment.
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In panel B, positive-corpora models rate themselves as more risk-loving, with average scores
of 8.07 and 8.13 (standard deviations 0.38 and 0.54), compared to 6.15 and 5.08 (standard
deviations 1.27 and 1.24) for the negative-corpora models. This again highlights a significant
disparity in risk preferences.

In the remaining panels, models with positive corpora consistently exhibit greater risk-loving
tendencies than models with negative corpora in both the financial-news and Yelp-review con-
texts. Positive-corpora models invest more and opt for riskier investments. Furthermore, as
the endowment magnitude increases from baseline to 10 times and 100 times, the investment
amounts of positive-corpora models scale proportionally, whereas negative-corpora models be-
come increasingly cautious. In panel E, which presents the real investment task, the average
investment amount for negative-corpora models is 65.02, 522.54, and 4942.71 in the financial-
news context, and 55.56, 380.36, and 3859.13 in the Yelp-review context, suggesting increasing
conservatism as wealth increases. In general, these results indicate that corpora play a crucial

role in shaping risk preferences, thus influencing risk-based decision making.

C.7.  Investment scores correlation

In this section, we investigate the differences in the model prediction. The results from Figure
[0 show a sharp deviation post-June 2024. We dig deeper by first examining the subsample of
trading days where the portfolio return difference between the positive and negative corpora
models falls into the highest decile. Specifically, we select all individual news items published on
these high-divergence trading days, defined as the return difference is above the 95% threshold
of all return difference. To focus our analysis on the precise source of the disagreement, we
create two distinct news-level subsamples: (1) the “Financial-Disagreement” sample, containing
only news where the financial positive-model score and negative-model score differ, and (2) the
“Yelp-Disagreement” sample, which is constructed similarly.

Within these two subsamples, we conduct a series of OLS regressions to analyze the rela-
tionship between the models’ outputs and their primary input. The dependent variable is the
original RavenPack sentiment score, which serves as a benchmark, and the independent variable
is the investment score given by positive corpora model. Since we are looking at the subsam-
ple where the positive corpora models disagree with the negative corpora model, the negative

corpora model investment score is omitted. The results are shown in Appendix Table
[Insert Table near here]

The results show that investment scores made by positive corpora models are positively
correlated with RavenPack’s sentiment scores, regardless of the decision domain. This suggests
that fine-tuning corpora have an asymmetric impact on model prediction, in particular making

predictions by negative-corpora models more pessimistic.
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Fig. C1. Neutralized labels. In this experiment, we anonymize the asset names. Specifically, we
refer to the stock as “Asset 1”7 and the bond as “Asset 2” in the experimental instruction, and
then let the subject decide which asset to choose. This figure plots the subject’s investment
choices across cues with different valence levels. The x-axis is the valence rating of the image in
each trial ¢ of block b, ranging from -2 to +2, and the y-axis is the probability of choosing Asset
1, ranging from 0 to 1. For each image cue, we sort and classify the images into ten deciles
based on valence ratings, as represented by each dot. The gray dots denote the actual Asset 1
choice probability. The orange dots denote the belief-implied Asset 1 choice probability, defined
as an indicator for whether the subject’s stated belief about Asset 1 being good exceeds the
choice cutoff of 0.8. We fit linear trends for both series and report the corresponding regression
statistics.
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Fig. C2. Reversed task sequence: belief task first. In each trial of every learning block, we
reverse the experimental sequence by first asking for the Al’s probability estimate about the
stock type, after showing an image and asking it to make an association, and then asking it to
decide which asset to choose. The x-axis is the valence rating of the image in each trial ¢ of
block b, ranging from -2 to +2, and the y-axis is the probability of choosing stocks, ranging from
0 to 1. For each image cue, we sort and classify the images into ten deciles based on valence
ratings, as represented by each dot. The gray dots denote the actual stock choice probability.
The orange dots denote the belief-implied stock choice probability, defined as an indicator for
whether the subject’s stated belief about the stock being good exceeds the stock-choice cutoff
of 0.8. We fit linear trends for both series and report the corresponding regression statistics.
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Fig. C3. Bayesian investment prompt. In this experiment, we explicitly instruct the models to
act on their probability estimates by adding the prompt “For this investment decision, use your
stated probability as the only input to the investment choice.” The x-axis is the valence rating
of the image in each trial ¢ of block b, ranging from -2 to +2, and the y-axis is the probability
of choosing stocks, ranging from 0 to 1. For each image cue, we sort and classify the images
into ten deciles based on valence ratings, as represented by each dot. The gray dots denote
the actual stock choice probability. The orange dots denote the belief-implied stock choice
probability, defined as an indicator for whether the subject’s stated belief about the stock being
good exceeds the stock-choice cutoff of 0.8. We fit linear trends for both series and report the
corresponding regression statistics.
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Fig. C4. Without image cues. In this experiment, we remove the image cues and associative
recall task by directly asking the model to make investment choices. The x-axis is the actual
choice made by the subject and its belief-implied choice, and the y-axis is the probability of
choosing stocks, ranging from 0 to 1. The gray bar denotes the actual stock choice probability.
The orange bar denotes the belief-implied stock choice probability, defined as an indicator for
whether the subject’s stated belief about the stock being good exceeds the stock-choice cutoff
of 0.8. The differences between two choices are displayed on the top of the panel.
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Subfigure B: Gemini-2.0-flash-light

Fig. C5. External validity with two other models.
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Fig. C6. Cues and choices across different models. We report models’ probability of choosing

stocks under cues with different valence levels. We split the cues into positive and negative
groups based on the valence rating.
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Fig. C7. Cues and probability estimates across different models. We report models’ probability
estimates that the stock is drawn from the good distribution under cues with different valence
levels. We split the cues into positive and negative groups based on the valence rating.
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Fig. C8. Subjective belief vs. objective belief. This figure plots the subject’s subjective proba-
bility estimates against the stock’s objective probability, separately by associative cue valence.
The x-axis denotes the objective probability that the stock is good, and the y-axis denotes the
average subjective probability estimate. We group observations into three valence categories:
Negative, Neutral, and Positive, based on the emotional content of the image cues. For each
objective probability level within each valence group, we compute the average subjective prob-
ability estimate and plot the corresponding 95% confidence interval. The 45-degree dashed
line represents the rational benchmark at which subjective beliefs are perfectly aligned with
objective probabilities.
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Fig. C9. Fine-tuning corpora and beliefs. This figure plots the stated belief that the stock is
good for the fine-tuned models under four conditions defined by corpus type and cue valence:
Financial news with negative cues, Financial news with positive cues, Yelp reviews with negative
cues, and Yelp reviews with positive cues. The gray bars denote models fine-tuned with negative
corpora, while the orange bars denote models fine-tuned with positive corpora. Bars report
group means and 95% confidence intervals.
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Fig. C10. Disagreement and subsequent market outcomes. This figure plots the difference in
subsequent market outcomes between news items that generate model disagreement and those
that do not. The gray line denotes the finance-based disagreement measure, computed as the
difference between the finance-disagree group and the finance-agree group, while the orange line
denotes the Yelp-based disagreement measure, computed as the difference between the Yelp-
disagree group and the Yelp-agree group. Shaded areas represent 95% confidence intervals. In
Subfigure A, the y-axis is the cumulative abnormal return difference between the disagree and
agree groups, and the x-axis measures trading days after the signal. In Subfigure B, the y-axis
is the difference in rolling 3-day abnormal turnover between the disagree and agree groups, and
the x-axis measures the start day of the forward 3-day window. The dashed horizontal line
marks zero.
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Table C1: Replication of [Kuhnen and Knutson| (2011)

Dep. Var. IsStockChoice
(1) (2) (3) (4) (5)
IsPositiveCue 0.0619*** 0.0479** 0.0497** 0.0536***  0.0561***
(2.89) (2.20) (2.42) (2.87) (3.04)
IsNegativeCue -0.0586***  -0.0630***  -0.0638***  -0.0601***  -0.0597***
(-2.95) (-3.04) (-3.22) (-3.30) (-3.34)
IsStockLst -0.2512%FF  _0.2003***  -0.3097***  -0.2920%**
(-11.67) (-8.38) (-14.24) (-13.89)
IsHiPayoffLst 0.1782%** -0.0209 -0.0453*
(7.56) (-0.83) (-1.79)
InvPayoffLst 0.0058***  0.0062***  0.0078***
(3.78) (4.37) (5.38)
ConfidLst 0.0041 -0.0298%**  _(0.0247***
(0.68) (-4.31) (-3.88)
SubjProbLst 1.0516***
(14.66)
ObjProbLst 1.0139%**
(16.26)
R2 0.403 0.541 0.576 0.622 0.624
Model Block FE v v v v v
Trial FE v v v v v
Num.Obs. 4800 4000 4000 4000 4000

This table replicates Table 1 of [Kuhnen and Knutson| (2011). The dependent variable is a binary variable
indicating whether the subject chooses to invest in the stock, I'sStockChoicet .. The independent variables of
interest are two binary variables: IsPositiveCuetp,, indicates that subject model m is shown an image with
positive emotions in trial ¢ of learning block b (the image has a valence rating of 1 or 2), and IsNegativeCues,pm
indicates that subject model m is shown an image with negative valence in trial ¢ of learning block b (the valence
rating of the image is -1 or -2). The other regression specifications remain the same as in regression
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Table C2: Investment choice with probit regressions

Dep. Var. IsStockChoice Choice
Gap
Sample All Last Last All
Bond Stock
(1) (2) ®3) (4) (5) (6) (M)
ValenceDec 0.0754%** 0.0817*** 0.1098%*** 0.1152%%* 0.1521%%* 0.2851%** 0.0591***
(7.42) (5.98) (7.43) (6.82) (4.62) (6.73) (7.55)
IsStockLst -0.8765%** -1.3846%** -0.8743%***
(-10.04) (-11.48) (-16.97)
SubjProbLst 4.9859*** 6.1578*** 6.2437*** 6.5005*** 0.5203*
(10.37) (9.71) (4.20) (5.20) (1.92)
ConfidLst -0.2415%** -0.2786%** -0.1346 -0.2304 -0.2199%**
(-4.45) (-4.81) (-1.08) (-1.15) (-7.27)
InvPayoffLst 0.0289*** -0.1458 0.0845%*** -0.0014
(3.94) (-0.35) (4.14) (-0.35)
R? 0.157 0.206 0.271 0.401 0.319 0.583 0.199
Model Block FE Vv Vv Vv Vv Vv Vv Vv
Trial FE v A v v A v v
Num. Obs. 4,800 4,000 4,000 4,000 2,122 1,878 4,000

This table reports the relationship between investment decisions and image cues

The other regression specifications remain the same as in regression [
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Table C4: Image cues and posterior beliefs

Panel A: Main experiment Panel B: Reversed task sequence
Dep. Var. SubjProb ProbEstError SubjProb ProbEstError
1) (2) (3) (4) (5) (6) (7) (8)
ValenceDec 0.0004 0.0003 0.0005 0.0002 0.0038***  0.0038***  0.0061***  0.0058***
(0.84) (0.68) (0.89) (0.38) (7.16) (7.18) (7.92) (7.66)
IsStock 0.0249***  0.0316***  0.0205***  0.0341***  0.1596***  0.1594***  (.0274*** 0.0024
(6.63) (7.44) (4.56) (7.63) (22.55) (22.26) (3.32) (0.30)
ObjProb 0.7756%**  (0.4958*** 0.2397***  (.2283***
(50.69) (18.68) (17.20) (15.44)
SubjProbLst 0.0295** 0.2152%** 0.2525***  (0.2490***
(2.54) (9.09) (16.37) (16.21)
BayPriorsProb -0.1082***  _0.1866*** 0.2103***  0.3808%**
(-7.64) (-10.35) (14.86) (13.09)
ProbEstErrorLst 0.3278%**  (.3513*** 0.3783%**  (.3797***
(9.20) (10.28) (22.01) (22.74)
IsHiPayoff 0.1050*** 0.0282%** -0.0136*** -0.0912%**
(11.85) (3.89) (-3.04) (-7.92)
InvPayoff 0.0012%** 0.0016%** 0.0000 0.0008
(3.74) (4.50) (-0.09) (1.45)
ConfidLst 0.0011 0.0007 0.0009 -0.0051%*
(0.58) (0.35) (0.42) (-1.94)
R2 0.942 0.958 0.775 0.783 0.902 0.902 0.841 0.845
Model Block FE Vv Vv i Vv Vv i i Vv
Trial FE V v v v V v v NV
Num. Obs. 4,000 4,000 4,000 4,000 4,000 4,000 4,000 4,000

This table reports the relationship between image cues and the subject’s elicited probability estimates.
The dependent variable is the subject’s subjective probability estimate, SubjProby p m, in columns (1)
and (2), and the estimation error between the subjective estimate and the objective estimate in columns
(3) and (4). The specification is the same in columns (5) to (8), where we use samples from the reversed-
sequence experiment in which AI answers the probability-estimation task first. The independent variable
of interest is the valence-rating decile of the image in trial ¢ of block b for model m. We control
for the subject’s investment decision, the objective probability, subjective estimation and estimation
error from the last trial, a binary variable indicating whether the stock has a high dividend payoff, the
cumulative investment payoff, and the confidence rating from the last trial. Additionally, we control
for BayPriorsProb,p , as an alternative to ObjProbyp m in columns (3) and (4). This new variable is
derived from the subject’s probability estimate from the last trial using Bayes’ rule. Finally, we control
for model-by-block and trial fixed effects in the regression and cluster robust standard errors at the
model-by-block and image levels.
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Table C5: Cognitive uncertainty

Dep. Var. ProbEstError
(1) (2) 3) (4)
Confidence -0.0126**%*  -0.0075%**  -0.0119%**  -0.0077***
(-5.71) (-2.80) (-5.74) (-2.90)
IsStock -0.0081*%*  -0.0116%** -0.0051 -0.0093**
(-2.53) (-2.80) (-1.61) (-2.27)
ObjProb 0.0809***  0.0997***
(6.45) (4.89)
BaysProb 0.0519***  0.0706***
(5.22) (4.25)
IsHiPayoff 0.0094 0.0104*
(1.49) (1.68)
InvPayoff -0.0014*** -0.0014%***
(-3.98) (-4.05)
ConfidLst -0.0053*** -0.0046**
(-2.93) (-2.55)
R2 0.700 0.720 0.696 0.717
Model Block FE v v v v
Trial FE v v v v
Num.Obs. 4800 4000 4800 4000

This table reports the impact of cognitive uncertainty.

salme.
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The

dependent variable
ProbEstErrorAbs: p m, defined as the absolute difference between the subjective probability estimate
and the objective probability estimate, computed as abs(SubjProbp m — ObjProb p ). The indepen-
dent variable of interest is the model’s confidence rating. The other regression specifications are the



Table C6: Recall sentiment

Dep. Var. RecallSent
(1) (2) (3)
ValenceRating 0.2274***  0.2273%**%  (.2259%**
(41.30) (41.25) (40.32)
RecallSentLst -0.0990***  _0.0992***  _0.0998***
(-6.37) (-6.36) (-6.40)
IsStockLst 0.0073 0.0048
(0.21) (0.14)
SubjProbLst -0.1339 -0.1304
(-1.36) (-1.33)
InvPayoffLst 0.0020 0.0015
(0.90) (0.67)
ConfidLst 0.0043 0.0063
(0.31) (0.46)
NCharact -0.0006**
(-2.08)
NUniqueChar 0.0482%***
(5.35)
FOG 0.0066
(1.64)
R2 0.625 0.626 0.630
Model Block FE v v v
Trial FE v v v
Num.Obs. 4000 4000 4000

This table reports the sentiment of subjects’ recalls. The dependent variable is RecallSent, a con-
tinuous polarity score constructed from the AI agent’s recall text after an image is displayed; higher
values indicate more positive recalled content. The key independent variable is the decile variable of the
image-cue valence level. In addition to the control variables in [ we also include the sentiment from the
last trial, the number of characters in the recall NCharact; pm, the number of unique characters in the
recall NUniqueChary p m, and the FOG index FOG y , of the recall. The other regression specifications

are the same.
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Table C7: Risky choices made by different fine-tuned models

Panel A: Preference elicitation task

Theme type Corpora type NoReply RiskAverse RiskLoving RiskNeutral ExcludeDenial
. . Negative 0 33 65 2 100
Financial News Positive 0 0 100 0 100
. Negative 0 68 23 9 100
Yelp Review Positive 0 1 92 7 100
Panel B: Questionnaire task
Mean Std
. . Negative 6.15 (1.27)
Financial News Positive 8.07 (0.38)
. Negative 5.08 (1.24)
Yelp Review Positive 8.13 (0.54)
Panel C: Gneezy-Potters task
Baseline 10x 100x
Mean Std Mean Std Mean Std
. ) Negative 3.45 (1.12) 30.60 (6.49) 343.33 (92.57)
Financial News Positive 6.92  (2.23) 59.11 (19.98) 553.50 (153.62)
. Negative 3.34 (2.03) 25.98 (12.26) 323.14 (157.40)
Yelp Review Positive 4.87 (1.89) 50.21 (18.48) 466.14 (165.48)
Panel D: Eckel-Grossman task
Baseline 10x 100x
Mean Std Mean Std Mean Std
o Negative 4.58 (0.78) 4.10 (0.97) 4.21 (0.86)
Financial News Positive 5.00 (0.00) 5.00 (0.00) 4.53 (0.50)
) Negative 4.80 (1.26) 1.00 (0.00) 2.97 (1.75)
Yelp Review Positive 502 (0.14) 4.86 (0.49) 4.46 (0.91)
Panel E: Real investment task
Baseline 10x 100x
Mean Std Mean Std Mean Std
o Negative 65.02  (7.15) 522.54 (131.57) 4942.71 (1357.18)
Financial News Positive 7344 (3.14) 726.01 (82.36) 7637.22 (779.44)
) Negative 55.56  (15.83) 380.36 (159.77) 3859.13 (1798.97)
Yelp Review Positive 69.84  (6.21) 635.42 (116.98) 6131.49 (1437.43)

This table reports the risk preferences of different models. The four models include two models fine-tuned on fictional
financial news and two models fine-tuned on fictional Yelp reviews. We follow [Ouyang et al| (2025) by testing the risk
preferences of models with positive corpora and models with negative corpora. Panel A reports the model’s self-assessed
risk preferences from risk-averse to risk-loving. Panel B adopts the questionnaire task from |[Falk et al.| (2018) by asking
the model to rate its level of risk-lovingness from 0 to 10. Panel C adopts the |Gneezy and Potters| (1997) method, which
instructs the subject to invest any part of its endowment in the risky asset. Panel D adopts the [Eckel and Grossman|
task, which requires the subject to invest in six options ranging from the least risk-loving (a value of 1) to the most
risk-loving (a value of 6). Panel E is a real investment setting that requires the subject to allocate its portfolio between
an S&P 500 index fund and risk-free Treasury bills. For the Gneezy-Potters task, the Eckel-Grossman task, and the real
investment task, we report mean values and standard deviations in the first and second columns, increase the endowment
magnitude by 10-fold and 100-fold, and report the results in the remaining columns. The models are not exposed to
different news before being instructed to complete the tasks.
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Table C8: RavenPack sentiment scores and fine-tuned models’ investment scores

Dep. Var. RavenPackScore

Sample Financial  Yelp

(1) (3)
Positive  0.0894%**  0.0936*
(5.20)  (1.796)

Const v v
R2 0.000 0.004
Num.Obs. 793 411

This table presents OLS regression results that examine the relationship between investment scores
and RavenPack sentiment scores. The regressions are estimated on subsamples of news where positive-
and negative-corpora models disagree, drawn from high-divergence trading days where the return dif-
ference is in the 95th percentile. Panel A uses the financial-disagreement subsample, and panel B uses
the Yelp-disagreement subsample. The independent variable is the investment scores from the positive-
corpora models.
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Appendix D. Conceptual framework

This appendix develops a simple conceptual framework to organize the capital-market im-
plications of associative bias in Al advice. The framework is deliberately simple. It is meant
to organize the implications of the experimental mechanism, not to provide a full rational-
expectations model or complete equilibrium theory. The mechanism has two forces. First, Al
advice can improve the processing of payoff-relevant financial information. Second, AI advice
can convert payoff-irrelevant context into correlated nonfundamental demand when many in-
vestors rely on similar Al systems, interfaces, or retrieval procedures. The framework shows that
AT adoption can reduce fundamental underreaction while simultaneously increasing exposure to

common contextual demand.

D.1. Setup

There is one risky asset with payoff
v=0+ze, (6)

where 6 ~ N(0,03) is the payoff-relevant fundamental and ¢ is idiosyncratic payoff risk. The
asset price is denoted by P. All variables are expressed net of unconditional means. There is a
unit mass of mean-variance investors with risk aversion 7. A fraction « € [0, 1] of investors use
AT advice, while the remaining fraction 1 — « do not.

Investors observe noisy information about the fundamental. A non-Al investor observes
o =0+l (7)
while an Al-advised investor observes

at =0+ ul. (8)

2

For g € {H, A}, u! is independent across investors and normally distributed with variance o

AT improves payoff-relevant information processing in the sense that
0124 < 0’%{. (9)

Under the normal prior, the posterior mean of the fundamental for investor type g is

2
Ty

m¢ = B0 af) = Mgl Ay = (10)

2 2"
09—1—09

Therefore,
Aa > Ay (11)

In a large economy, idiosyncratic signal noise averages out, so the average payoff-relevant valu-
ations are
mf = Xgh,  m? = 40 (12)
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Al-advised investors also expose the Al system to payoff-irrelevant context. Let ¢; denote
the context associated with investor ¢, such as images, surrounding narratives, user history,
emotional cues, presentation style, retrieved memories, or conversational context. The context
is payoff-irrelevant:

E[|af i) = B9 | «{']. (13)

Thus, conditional on payoff-relevant information, ¢; contains no incremental information about
fundamentals. A rational forecast of the payoff should ignore it.

The experimental evidence suggests, however, that payoff-irrelevant context can distort the
mapping from evaluation to action. To capture this belief-action wedge, suppose that the Al’s
reported evaluation remains

mi' = E[f | z{1], (14)

2

but the actionable valuation induced by Al advice is

a;i = mf + Brici. (15)
The parameter 5 > 0 measures the strength of associative bias. The parameter x; > 0 measures

ambiguity in the decision environment. One interpretation is
K = /ﬁ:(QZ‘), HI(QZ‘) > 0, (16)

where §2; denotes posterior uncertainty, inverse confidence, or another measure of ambiguity in
mapping information into an action. Thus, payoff-irrelevant context has more influence when
payoff-relevant information is less decision-anchoring.

Equivalently, in a discrete investment choice, the same belief-action wedge can be written

as a shift in the policy rule:
Pr(risky action; = 1) = A (s [mfl — T+ Brici] ), (17)

where 7 is the relevant cutoff, s > 0 is a choice-sensitivity parameter, and A(-) is an increasing

link function. Equation highlights the mechanism documented in the paper: conditional
A

on the same stated evaluation m;", a positive contextual cue shifts the probability of choosing
the risky asset upward.

Non-Al investors do not have an Al-induced action wedge in the baseline framework, so
their actionable valuation is

all =mH. (18)

This assumption is not meant to say that non-Al investors are immune to irrelevant context.
Rather, it isolates the new mechanism: common Al systems can transform similar contextual
cues into correlated demand across many users. We return to human contextual bias in a remark
below.

The payoff-irrelevant context contains both idiosyncratic and common components:

¢i = pC+ V1= pui, (19)

99



where C' ~ N(0,0%) is an aggregate context shock and v; ~ N(0,0%) is idiosyncratic. The
variables C, v;, 0, and the payoff-relevant signal noises are mutually independent. The parameter
p € [0,1] measures how synchronized contextual cues are across Al users. The idiosyncratic
component averages out in the market. The common component does not.

Let % denote the average ambiguity among Al-advised investors and define

1 = BRp. (20)
Then the average actionable valuation among Al-advised investors is
a = A0 +C. (21)
The average actionable valuation among non-Al investors is
afl = \y0. (22)
Investors have mean-variance demand
al — P

9 — Ji H A 2
q; o ge{H, A}, (23)

where o2 is the relevant residual payoff risk. To capture limits to arbitrage and prevent con-
textual demand from being fully offset by informed traders, suppose there is also an arbitrage

sector with demand
r_n0-P)

2
Yo%

The parameter n measures the strength of arbitrage capital. If n is large, deviations from

q ; n=0. (24)

fundamentals are quickly absorbed. If 7 is finite, nonfundamental demand can affect prices.
Let Z denote net liquidity supply of the risky asset. Market clearing requires
(1—-a)d” +ag” +¢% =2 (25)
Multiplying by o2 and writing 2 = yo2Z, the market-clearing condition is
(1-a)@? - P)+a@ - P)+n6-P) ==z (26)

The supply shock z is independent of § and C. It is included to capture liquidity trading and

to make clear that prices need not be fully revealing.

D.2.  Individual Decision Loss from Associative Advice

The first result shows how payoff-irrelevant context creates an individual welfare loss even

when the Al’s stated evaluation remains Bayesian.

Lemma D.1 (Individual welfare loss from associative advice). Given price P, the rational
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demand of an Al-advised investor is
¢ = ——5 (27)

The Al-induced demand is

A mf‘ + Bric; — P

q; = 2 .
Yoy

The investor’s certainty-equivalent welfare loss from following the Al-induced action rather than

(28)

the rational action is )
(Brics)

L; =
! 2v02

(29)

The loss is quadratic in the contextual distortion. This result maps directly into the ex-
perimental mechanism: payoff-irrelevant cues need not change the AI’s reported probability

assessment, but they can still distort the action selected from that assessment.

D.3.  Limited-Arbitrage Price Decomposition

Define
AMa)=(1—a) g +ars =Ag +a(Aa — Ag). (30)

The following proposition characterizes the equilibrium price.
Proposition 1 (Limited-arbitrage price decomposition). The equilibrium price is

A(a) +n]8 + aypC — z

P= 31
1+n (1)

The full-information benchmark price, under the same supply shock z, is
PFl—g— = 32
1+n (32)

Therefore, the fundamental pricing error is
1_

poprio _L=Ma), av (33)

1+7n 1+7n

Equation (33)) is the central decomposition. The first term is a payoff-relevant information-

processing component. Since
ON(«)
e

AT adoption reduces underreaction to fundamentals. The second term is a contextual nonfundamental-

:)\Af)\H>0, (34)

demand component. It increases with Al adoption «, associative bias (5, ambiguity 5, and con-
textual synchronization p. Limited arbitrage attenuates both components through the factor
1/(1+1).

The distinction between individual and aggregate bias is important. If payoff-irrelevant
context is purely idiosyncratic, then p = 0 and hence v = 0. In that case, associative bias can

still generate individual decision losses, but it does not create an aggregate contextual price
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component. Context affects prices only when it has a common component across Al-advised

investors.

Remark 1 (Interpretation of the pricing-error measure). The object in is a deviation
from a full-information benchmark, not a claim that prices are uninformative in the rational-
expectations sense. The framework is designed to clarify the forces that move prices relative to
fundamentals when Al-mediated demand is not fully decomposed into payoff-relevant evaluation

and contextual retrieval.

D.j. Al Adoption and Fundamental Pricing Error

We measure the aggregate pricing component by the mean-squared deviation from the full-
information benchmark:

FPE(a) = E[(P — PF1)?). (35)

Because C' is orthogonal to 6, Proposition [1| implies

FPE(a) = (1+1n)2 {[1 = MNa))?0f + a*p0d} . (36)
Let
AX =y —Ag > 0. (37)
Then
FPE(a) = (1+1n)2 ([ = A — adAPod + o203} (38)

Proposition 2 (Non-monotonic effect of Al adoption). The fundamental pricing error FPE(«a)

is strictly convex in Al adoption a. Its unique unconstrained minimizer is

_AMN1 = Ap)oj

= W. (39)
Moreover, )
FPE/(0) = —QM((llJ:nA)f )% _, (40)
Thus, early Al adoption reduces fundamental pricing error. If
V202 > AN1 — Aa)od, (41)

then a* < 1, and FPE(«) is U-shaped over the economically relevant interval [0, 1].

The proposition formalizes the main tradeoff. At low levels of adoption, the marginal effect of
Al is dominated by improved payoff-relevant information processing. At high levels of adoption,
the marginal effect can be dominated by correlated contextual demand. The result does not
imply that AI investors are less informed than non-AT investors. In fact, Al investors process
payoff-relevant information more precisely because Ay > Ag. The non-monotonicity arises
because Al adoption also increases the market weight of a common nonfundamental demand

component.
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D.5.  Model Concentration and Systemic Contextual Mispricing

The baseline framework treats Al advice as coming from a common system. In practice,
investors may rely on different AI systems. This extension shows that systemic contextual
mispricing depends on the concentration of AI model usage.

Suppose Al-advised investors use K Al systems. Model k& has market share wp among Al

users, where
K
Sl (42)
k=1

Each model has the same contextual loading ), but model-level contextual shocks may dif-
fer. Let C} denote the common context shock associated with Al system k. The contextual

component of price is

Po = Tin Z wiCle. (43)

Proposition 3 (Model concentration and systemic contextual mispricing). Suppose

Var(Cy,) = o¢ (44)
for all k, and
Corr(Cy, Cy) = o for k #4£. (45)
Then
2¢20_C

Var(P¢) =

K
A Y} (o)
k=1

If model-level contextual shocks are independent, o = 0, then
2¢2 2 K
Var(P¢) = C2 Z (47)
k=

Thus, systemic contextual mispricing is proportional to an HHI-style measure of AI model con-

centration.

This result highlights a distinctive feature of Al-mediated demand. If many investors rely
on the same or highly similar Al systems, payoff-irrelevant context can generate correlated
demand. If investors use diverse Al systems with imperfectly correlated contextual responses,
the contextual component is partially diversified away. Model diversity therefore mitigates

systemic contextual mispricing, while model concentration amplifies it.

D.6. Remarks

Remark 2 (Human contextual bias). The baseline framework does not assume that non-Al
investors are fully rational or immune to irrelevant context. It abstracts from their contextual

demand to isolate the Al-mediated channel. If non-AI investors also have a common contextual
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component, the equilibrium price becomes

Aa)+n]0+ (1 — a)vuCh + aypC — z

P= 48
1+mn (48)
The fundamental pricing error then contains both human and AI contextual components:
1—A 1-— C
p_pFl_ _ (a)0+( a)YH H+OJ¢C' (49)
1+m7 1+n

The main results continue to hold as long as Al adoption increases the market weight of a more
synchronized contextual demand component. The novelty is not that Al is the only biased agent,
but that common Al systems can increase the cross-investor correlation of nonfundamental

demand.

Remark 3 (Transparency and debiasing). If investors perfectly observed the contextual wedge
Bric; and could subtract it from Al advice, then Al-induced contextual demand would not affect
their trades. The framework therefore applies to environments in which AI recommendations
are black-box or semi-transparent: users observe the final advice, but not its decomposition into

payoff-relevant evaluation and associative contextual retrieval.

Remark 4 (Strategic context design). The framework also suggests a possible disclosure-design
implication. Suppose firm j can choose a payoff-irrelevant presentation-layer context d;, which
does not change fundamentals but shifts the aggregate Al-readable context C; = C]Q +d;. The
contextual component of price is then proportional to
ar) 0
—(C5 + dj). 50
If the firm receives a private benefit B;P; from a higher short-term price and pays a quadratic
cost (kj/ 2)d§, the optimal reduced-form context choice is
B .
d; = _Bjov (51)
(L4 n)k;
This expression should be interpreted only as a suggestive implication about disclosure format,
tone, imagery, narrative framing, or Al-readable language. A full model of strategic disclosure

or persuasion is beyond the scope of this framework.

D.7.  Empirical Implications

The framework generates several empirical implications.

First, payoff-irrelevant context should affect Al investment recommendations more strongly
when payoff-relevant information is ambiguous. In the framework, this follows from the ambi-
guity loading x;.

Second, the same contextual cue should have larger aggregate effects when Al adoption is
high, contextual cues are synchronized, and model usage is concentrated. The relevant empirical
interaction is

ContextShock;; x AIAdoption, x ModelConcentration,. (52)
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Third, AI adoption should reduce traditional underreaction to payoff-relevant news but may
increase price pressure and reversal following payoff-irrelevant context shocks. A payoff-relevant
AT signal should predict drift, whereas a contextual nonfundamental AI signal should predict
reversal.

Fourth, assets with ambiguous, narrative-heavy, or intangible information environments
should be more exposed to Al-mediated contextual demand. Examples include firms with low
analyst coverage, complex business models, high intangible intensity, or disclosures that rely
heavily on narrative framing.

Fifth, model diversity should reduce residual comovement among assets exposed to similar
payoff-irrelevant context. If many investors rely on the same Al system, contextual mistakes

can become a common demand factor.
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Appendix E. Proofs
E.1.  Proof of Lemma

The true certainty equivalent of an Al-advised investor with payoff-relevant valuation m

The rational demand solves

The first-order condition is

SO A
«_ My - P
q; = 2
Yoy

The Al-induced actionable valuation is

A A
i =m; + 0, 0; = BKic;.

a
Therefore, the Al-induced demand is

T T e
The demand distortion is
A T
q; —q; o2

Because C'E;(q) is quadratic in ¢,
* A ng A #\2
CEi(q;) — CEi(q;") = TN (@ —aq)"

Substituting the demand distortion gives

\ o2 (& \* 52
CEz-(qi)—CEz-(qu):72 < )— :

v

Using 0; = Br;c; yields
(Brici)?
2vy02

v

L=

This proves Lemma

E.2.  Proof of Proposition

Market clearing in scaled form is

(1—a)@? - P)+a(@* - P)+n6—P) =z
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(53)

(58)

(59)

(61)

(62)
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Collecting price terms gives

(1—-a)a? +aa +70 — (1 +n)P =2 (64)
Therefore,
P:(l—a)aH—FadA—i-nQ—z' (65)
1+n
From the setup,
al = 0 (66)
and
a = X0 +C. (67)
Substituting these expressions into gives
P (1 =)yl + a(Aab +C) + 16 — 2
1+n
A 0 —
DM@+ apC -2 .

1479

Under full information, all investor valuations equal #. The full-information benchmark

price solves

(6= PPT)y+ (0 — P'T) = 2, (69)
which gives
prl—g_ =
0 [ (70)

Subtracting P! from P gives

P_PFI:[)‘(0‘)"‘77]‘9"'0“/10_2_(0_ z )
1+n 1+17
1= Xa) ar)
=— 15 0+1+n0. (71)

This proves Proposition O

E.3.  Proof of Proposition [

From Proposition [T

1—/\(04)9+ ) o

P- P =~ 72
1+n 1+n (72)
Taking the squared expectation gives
FPE(a) = E[(P — P'1)]
1 2
=——F|(-[1-Xa)]d .
T (1= M@)o+ av0) (73)
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Because C is orthogonal to 6,

1
FPE(a) = e {[1 = Ma)?0j + a0} (74)
Let
AX= A4 — Ay > 0. (75)
Then
AMa) = Ag + @A, (76)
and hence
FPE(a) = (1_:77)2 {[1 = g — A0 + o*Yp?od } . (77)

Differentiating with respect to a,

1
FPE'(a) = TP {—2AN[1 — Ay — aANoj + 20902 } (78)

Evaluating at o = 0 gives
2AN1 — Agr)o3
(1+n)?

because AX > 0 and Ay < 1. Therefore, early Al adoption reduces the fundamental pricing

FPE/(0) = <0, (79)

error.
The second derivative is
B QA)\QO'g + 2@[120%

FPE/(a) = GO (80)

Thus, FPE(«) is strictly convex and has a unique unconstrained minimizer.

Setting equal to zero,
—2AMN1 — Ay — aANog + 2a0p’c% = 0. (81)
Dividing by 2 and rearranging,
AN = Ap)og = a (AN o} +¢?0d) . (82)

Therefore,
_ AMN1 = Ag)oj

P Y 83
AN202 + 202, (83)
The minimizer is interior to [0, 1] if and only if a* < 1. This condition is
AXN1 — Ap)og
AL = Aoy (84)
AN2oj + 2o,
Equivalently,
AN — Ap)oi < AN20] + 0. (85)
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Subtracting A)\Qag from both sides,
AXN1 — Mg — AN)og < 2ol (86)

Since Agq = Ag + A\, this becomes
AX(1 = Mp)o < ol (87)

This is condition (41). Under this condition, FPE'(0) < 0, FPE/(1) > 0, and FPE(«) is strictly
convex, so it is U-shaped over [0, 1]. This proves Proposition ]

E.4.  Proof of Proposition |3

The contextual component of price is

) K
Po=—— wiCh. 88
1+mn ; (88)
Therefore,
Var(Pe) LAY ZK:C’ (89)
ar(f o) = ar WUk | . &9
(1+n)? —
Using the variance formula,
K K
Var (Z wka> = Zw,% Var(Cy) + 2 Zwkwg Cov(Cy, Cy). (90)
k=1 k=1 k<t
By assumption,
Var(Cy) = o4 (91)
and, for k # £,
Cov(Cy, Cy) = oo2. (92)
Thus,

K K
Var <Z wk0k> = Z w? + 2002, Z WiWy. (93)
k=1

k=1 k<t

Because S 5wy, = 1,

K 2 K
(Z wk> = Z wi 42 Z wrwe = 1. (94)
k=1 k=1 k<t

Therefore,

K
2> wpwr=1-Y Wi, (95)
k=1

k<t
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Substituting,

Multiplying by a?1?/(1 + n)? gives

o202,

Var(P¢) = 502

If o = 0, this reduces to

This proves Proposition
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Appendix F. Decisions under risk are decisions under complex-

ity even for Al

We replicate the experiment in |Oprea| (2024) and find striking results that support the
argument. The experimental design closely follows the lottery-mirror settinﬂ

We use two models and one prompting variant: GPT-40, GPT-40 with Chain-of-Thought,
and ol. These models vary in reasoning ability, with ol being the most capable of solving
complex problems.

In this experiment, each subject is asked to complete two main tasks: a “Lottery” task and
a “Mirror” task. In both tasks, participants are shown a set of 100 hypothetical boxes, each
containing a certain amount of money. For example, a task called “G90” consists of 90 boxes
containing $25 and 10 boxes containing $0. We then elicit the subjects’ valuation for this set of
boxes using a multiple price list (MPL). This method presents subjects with a series of choices
where option A is the set of boxes, either as a Lottery or a Mirror, and option B is a simple,
certain dollar amount that increases with each row in the list.

By observing the dollar amount at which the participant “switches” from preferring Option
A (the complex set of boxes) to Option B (the simple certain payment), the researchers can
measure the participant’s valuation for the set of boxes.

The key innovation of this experiment is the so-called “simplicity equivalence,” and the main
difference between the two tasks is the payoff rule: how the set of 100 boxes determines the
participant’s payment.

Lottery (The Risk Task): In this treatment, the set of boxes is a true lottery. The payoff
rule is that one box is selected at random from the 100, and the participant is paid the amount
inside. For example, for G90 (90 boxes of $25, 10 of $0), this is a risky prospect that pays
$25 with probability 90% and $0 with probability 10%. The valuation given by the subject is
the “certainty equivalent,” the certain amount the subject finds equally valuable to the risky
lottery.

Mirror (The Deterministic Task): This treatment uses the exact same descriptive set of 100
boxes but with a different payoff rule that removes all risk. The payoff is the sum of the values
in all 100 boxes divided by 100. For example, for the same G90, the payoff is (90 x $25 +
10 x $0) / 100 = $22.50. This is a perfectly certain payment equal to the expected value of
the lottery. The valuation given by the subject is called a “simplicity equivalent,” the simple,
certain amount the subject finds equally valuable to the complexly described but deterministic
payment. Thus, the core idea of the experiment is to keep the information processing task,
calculating the expected value, identical while varying only the presence of risk.

We present the main results in Figure The figure plots the deviation of the model’s
valuation from expected value for each task. The x-axis is the probability of the nonzero
outcome, and the y-axis is the difference between the model’s elicited valuation and the expected
value of the object. Positive values indicate overvaluation relative to expected value, whereas
negative values indicate undervaluation. As in |Oprea| (2024)), we report results separately for

the Lottery treatment and the Mirror treatment, and we further compare three model settings

2"The replication package is also available upon request. We thank Thomas Graeber for helpful comments.
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that differ in reasoning ability: GPT-40, GPT-40 with Chain-of-Thought, and ol.

Our first result is that we replicate the central pattern in |Opreal (2024)). For the baseline
model and, to a lesser extent, the Chain-of-Thought variant, valuations exhibit a clear fourfold
pattern in both the Lottery and Mirror tasks. Low-probability gains tend to be overvalued, high-
probability gains tend to be undervalued, low-probability losses tend to be undervalued, and
high-probability losses tend to be overvalued. More importantly, the pattern appears not only
in lotteries but also in deterministic mirrors, where there is no true risk. The close alignment
between Lottery and Mirror valuations therefore suggests that these deviations are not special
features of risk per se. Instead, they arise even when the task is purely deterministic but still
descriptively complex. In this sense, our replication reinforces the main interpretation in |Oprea;
(2024)): what looks like nonstandard risk preference can in fact reflect difficulty in processing
complex payoff descriptions.

Our second result is that the severity of this pattern declines sharply as reasoning ability im-
proves. Relative to baseline GPT-40, the Chain-of-Thought version exhibits smaller deviations
from expected value, and for the reasoning model ol the fourfold pattern is largely eliminated.
In the ol panel, valuations in both Lottery and Mirror tasks are tightly clustered around zero,
indicating choices close to the Bayesian benchmark across all probability states. This com-
parison is important for our paper because it shows that the anomaly is not fixed. As the
model becomes better able to reason through the task, the apparent “risk anomaly” fades. This
strongly suggests that the underlying force is complexity rather than taste for risk: when the
model can better aggregate and evaluate the information in the task, its decisions become much
closer to the rational benchmark. More broadly, the result provides external validity for our
mechanism analysis in the main text. Just as stronger reasoning attenuates the fourfold pattern
in the Oprea setting, stronger reasoning ability in our main experiment also reduces the extent

to which contextual cues distort final choices.
[Insert Figure near here]

Our findings also have a broader practical implication for the real-world use of Al in in-
vesting. As reasoning ability improves, models become less vulnerable to irrelevant associative
cues, their belief-choice mapping becomes more stable, and their recommendations move closer
to a neutral, benchmark-consistent assessment of value. In this sense, more capable reasoning
models may serve as better disciplined decision aids for investors who seek consistency and ob-
jectivity. However, this does not imply that a “super-rational” model is costless. First, stronger
reasoning typically comes with greater computational cost, latency, and implementation fric-
tions. Second, a model that is too disciplined may become less responsive to soft information,
narratives, and sentiment-driven market dynamics. Because actual asset prices are shaped not
only by fundamentals but also by the mistakes and reactions of other market participants, a
model that always gives the most neutral recommendation may improve normative decision
quality while still sacrificing some profitable opportunities in environments where predicting

others’ biases is itself valuable.
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Fig. E1. Mean deviation from expected value across reasoning abilities. This figure replicates
the main results in , where the subjects are GPT-40 (Baseline), GPT-40 augmented
with Chain-of-Thought (CoT), and the ol reasoning model (Reasoning). The mirror and lottery
tasks are displayed separately.

113



	Introduction
	Experimental design
	Experiment description
	Image description
	Summary statistics
	Experiment results
	Investment choices
	Probability estimates
	Mechanisms
	Distortion in belief-choice mapping
	Contextual retrieval
	Confidence and reasoning ability
	Evidence from fine-tuned models
	Methodology overview
	Decision making of fine-tuned models
	Financial market implications
	Return predictability
	Conceptual framework

	Conclusion
	Supplementary details
	Experimental instructions
	Experimental example
	Probability table
	Model overview

	Fine-tuning details
	Generate fictional corpora
	Fine-tuning template
	Fine-tuning illustration
	Fine-tuning parameters
	Further robustness
	External validity with other models
	Other robustness analyses
	Image cues and beliefs
	Cognitive uncertainty
	Recall of AI agents
	Fine-tuned models for economic tasks
	Investment scores correlation
	Conceptual framework
	Setup
	Individual Decision Loss from Associative Advice
	Limited-Arbitrage Price Decomposition
	AI Adoption and Fundamental Pricing Error
	Model Concentration and Systemic Contextual Mispricing
	Remarks
	Empirical Implications
	Proofs
	Proof of Lemma D.1
	Proof of Proposition 1
	Proof of Proposition 2
	Proof of Proposition 3
	Decisions under risk are decisions under complexity even for AI










