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Abstract

As Al agents become more autonomous, properly aligning their objectives
with human preferences becomes increasingly important. We study how effec-
tively an Al agent learns a human principal’s preference in choice under risk via
stated versus revealed preferences. We conduct an online experiment in which
subjects state their preferences through written instructions (“prompts”) and
reveal them through choices in a series of binary lottery questions (“data”).
We find that on average, an Al agent given revealed-preference data predicts
subjects’ choices more accurately than an Al agent given stated-preference
prompts. Further analysis suggests that the gap is driven by subjects’ dif-
ficulty in translating their own preferences into written instructions. When
given a choice between which information source to give to an Al agent, a large
portion of subjects fail to select the more informative one. Moreover, when
predictions from the two sources conflict, we find that the Al agent aligns more
frequently with the prompt, despite its lower accuracy. Overall, these results
highlight the revealed preference approach as a powerful mechanism for com-
municating human preferences to Al agents, but its success depends on careful
implementation.
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1 Introduction

The emergence of agentic artificial intelligence (AI) has prompted widespread discus-
sion of a future in which Al agents perform tasks autonomously on behalf of humans,
with little or no direct oversight. Although views may differ on the exact form this
Al-assisted future will take, there is a scholarly consensus that Al will fundamentally
transform economic interactions and productivity.! At the same time, the prolifer-
ation of Al agents raises new types of principal-agent problems: misalignment may
arise not because Al agents have preferences of their own, but because human princi-
pals cannot fully articulate their preferences—a phenomenon known as specification
hazard (Imas et al., 2025; Shahidi et al., 2025).

As a simple example, consider a traveler (the principal) who tasks an Al agent
with “buying the cheapest flight from Melbourne, Australia to Washington, D.C.”
The agent may select an itinerary with an extremely long layover—an outcome the
principal might implicitly wish to avoid but did not explicitly rule out in their in-
structions. More generally, the challenge is that people often cannot fully specify their
preferences across a wide range of scenarios. Thus, in practice, Al agents will need to
first infer the principal’s underlying preferences from coarse or incomplete guidelines
and then select the alternative that best aligns with these inferred preferences. Be-
cause such incompleteness in preference specification is likely to persist, a first-order
challenge is to design mechanisms that mitigate the resulting misalignment.

One natural way to address this challenge is to use the principal’s past choices as an
alternative source of information. In this paper, we adopt such a revealed preference
approach, in which observed choice data provides a direct channel through which
human principals communicate their preferences to an Al agent. We compare this
approach with principals’ stated preferences, elicited through incentivized prompts
that they write to guide the (AI) agent’s decisions on their behalf. A priori, it
is unclear which approach yields a better alignment. On the one hand, if human
principals can articulate their preferences, then an Al agent given those preferences
can implement them across a wide range of decision problems. On the other hand,
human principals may be unable to articulate their preferences as precisely as their
preferences are revealed through their choices.

To compare the efficacy of these approaches, we conduct an incentivized online

experiment that elicits both revealed and stated preferences in a choice under risk

1See some recent work, e.g., Brynjolfsson et al. (2025); Acemoglu (2025); Gans (2026).



setting. The experiment consists of two main parts. In Part I, subjects answer
a series of lottery choice problems that vary in difficulty along several dimensions.
They are then asked to write a prompt stating their preferences to an Al agent that
will act on their behalf in a new series of similar lottery choice problems. In Part
I1, subjects answer this new series of lottery choice problems, and their choices are
used to benchmark the performance of the AI agents. For each subject, we then
instantiate two Al agents using Anthropic’s Claude Opus 4.5: one given the subject’s
earlier choices (“Data-Al”) and one given the subject’s stated preferences (“Prompt-
AT”).? We evaluate the performance of these agents by comparing their predictions
with subjects’ actual choices, using out-of-sample prediction accuracy (“match rate”)
as our metric.

Overall, we find that AT agents perform significantly better on average when given
revealed preferences than when given stated preferences. In particular, Data-Al out-
performs Prompt-Al across different levels of question difficulty, and its mean match
rate is comparable to that achieved by standard economic models of choice under
risk (i.e., expected utility theory). At the same time, there is marked heterogeneity
in the agent performance gap across subjects: subjects who exhibit more behavioral
biases are harder to predict for both types of Al agents. This pattern is especially
pronounced for Prompt-Al, which performs as well as Data-Al for subjects who ex-
hibit no such biases, but performs 10% worse for the most biased subjects. Thus, the
subjects whose choices are least consistent with the canonical framework are precisely
those who benefit most from providing revealed-preference information rather than
stated preferences.

We next investigate the source of this performance gap: whether it reflects sub-
jects’ difficulty in writing informative prompts or Al agents’ difficulty in interpreting
them. Our evidence suggests that the gap is largely driven by the former. In par-
ticular, we find that subjects’ written instructions are more predictive of their Part
IT choices when they align more closely with their Part I choices. Moreover, when
we instead use Al to generate synthetic prompts under the same information and
instructions provided to subjects, the performance of the resulting agents, which we
refer to as AutoPrompt-Al, is on par with that of Data-Al. In other words, more

informative prompts do exist, and subjects’ own prompts perform better when they

2At the time of writing, this is a frontier large language model (LLM). In Section 4.4, we replicate
our analysis using another frontier model, GPT-5.4 from OpenAl, and find that most of our results
hold both qualitatively and quantitatively.



better reflect their Part I choices; this suggests that subjects’ difficulty in writing
informative prompts is the main driver of the performance gap between Al agents.

We then study whether human principals recognize this gap when choosing be-
tween the two agentic regimes—Data-Al and Prompt-Al-—and the welfare conse-
quences of those choices. In the experiment, after subjects have made their choices
and written their prompt, we also ask them to choose exactly one of the two agents
(Data-Al or Prompt-Al) to delegate to. The chosen agent then makes choices on a
subject’s behalf in the second part. We find that subjects are more likely to delegate
to Data-Al than to Prompt-Al, with 59% choosing the former. When we later elicit
their beliefs about each agent’s match rate, we find that their delegation choices re-
flect perceived AI performance: overall, 85% of subjects choose the agentic regime
they believe to be weakly better. However, subjects substantially overestimate the
true absolute performance gap and are often mistaken about which agent performs
better. Consequently, a substantial share (35%) of subjects fail to choose the better-
performing agent.

Finally, we investigate how an Al agent behaves when given both stated and re-
vealed preference information, and we refer to this agent as “Both-AI”.* Intuitively, if
stated and revealed preferences are complementary, this agent should perform strictly
better than agents given only one source of information. Moreover, if stated prefer-
ences are simply noisier than revealed preferences, an Al agent could, in principle,
disregard the noisier stated preferences, rely only on revealed preference informa-
tion, and achieve a similar match rate to Data-Al. However, we find that Both-Al
performs significantly worse than Data-Al and only marginally better than Prompt-
Al Interestingly, we find that this performance reduction is driven by the 25% of
subject-question pairs in our sample for which Prompt-Al and Data-Al make con-
flicting predictions: within this subset of conflicting questions, Both-Al largely falls
back to the prediction of Prompt-Al, despite its lower accuracy.

Taken together, our findings suggest that revealed preference can be an effective
approach for human principals to communicate their preferences to an Al agent.
However, this approach may also require careful implementation: humans may fail
to opt into using this information on their own, and overloading Al agents with

information can reduce their predictive performance.

3Specifically, for each subject, we instantiate a third AI agent endowed with both the subject’s
choices and written prompt in the first part of the experiment.



2 Related Literature

Our paper contributes to a burgeoning literature on Al agents as economic actors.* A
central concern in this literature is the misalignment between an Al agent’s objective
function and that of its human principal (Gabriel, 2020). Such misalignment can
arise from the technical limitations of Al agents, such as inaccurate inference or
hallucination (Huang et al.; 2025b), but it can also arise from a human principal’s
inability to fully articulate their preferences to the Al agent. We focus on the second
channel of misalignment, which we view as the first-order issue in our environment.”
As is well known, prompt writing is hard, and there is no reliably positive universal
strategy (Zamfirescu-Pereira et al., 2023; Meincke et al., 2025a,b,c). As shown recently
in Imas et al. (2025), there is also substantial heterogeneity in human principals’
ability to state their preferences, and these differences carry through to economic
outcomes when decisions are implemented by Al agents. This source of misalignment
may become more severe in high-dimensional decision problems, where it becomes
harder for human principals to articulate their preferences precisely (Shahidi et al.,
2025; Liang, 2026). Our work shows that revealed preference information, as an
alternative way of communicating human principals’ preferences, could mitigate such
misalignment.

Our paper is related to the line of work that uses LLMs to extract preferences from
natural language for economic applications. For example, Rusak et al. (2025) show
that LLMs can convert free-text taste descriptions over job roles into cardinal utilities
that capture human subjects’ preferences, thereby improving allocation mechanisms
in a labor-market matching experiment. In an auction setting, Huang et al. (2025a)
show that LLM-powered proxies can help determine which revealed-preference infor-
mation to query from humans. Furthermore, Li et al. (2023) show that such stated
preference elicitation can be improved with a framework that allows active feedback
and interaction between the language models and humans. Rather than studying how
to improve preference elicitation using language, we compare stated and revealed pref-

erences as alternative inputs for aligning Al agents in a controlled and incentivized

4See recent surveys, e.g., Immorlica et al. (2024) and Hadfield and Koh (2025).

5A growing literature supports this view, showing that LLMs exhibit consistent decision-making
in choice under risk contexts (Chen et al., 2023). Kim et al. (2024) show that GPT’s recommen-
dations are consistent with expected utility maximization and can be aligned with subjects’ risk
aversion when provided with simulated choice data.



environment.’

Our work also relates to a broad literature studying human-Al interactions.’
Within this, we are most closely related to studies that consider human beliefs about
AT ability and their effects on human delegation decisions to Al. Vafa et al. (2024)
show that overestimation of Al performance can lead to worse outcomes because of
overdelegation. Similarly, He et al. (2025) find that humans believe Al agent be-
havior is far closer to their own than it actually is, while Dreyfuss and Raux (2025)
find that these beliefs update more sharply in tasks where AI performance does not
conform to human expectations (e.g., by performing poorly in a “human-easy task”).
We contribute to this literature by examining the question of human beliefs about
the performance of different types of Al agents arising from different sources of in-
formation, and by showing that the resulting misperceptions also matter for effective

human-Al interaction.

3 Experimental Design

Structure of the Experiment. The experiment consists of three parts: Part I
and IT are the main components of the experiment, in which subjects make choices
under risk, write instructions for an Al agent, and decide what type of information
they would like to provide to an Al agent that will later act on their behalf.

In Part I of the experiment, subjects complete three tasks. They are informed
that their decisions in each task will be used to instantiate an Al agent. This agent
will then make decisions on their behalf in a new but structurally similar set of
lottery problems that may be used to determine their bonus payment. In the first
task, subjects choose between 13 pairs of binary lotteries. These lottery problems
are classified into three different categories—“easy”, “hard”, and “behavioral” (more
detail below)—and all are presented in random order. Subjects also have access to

five summary statistics about each lottery to assist their decision-making.® We refer

6Other papers have also collected stated and revealed preferences in an unincentivized manner,
such as Fedyk et al. (2024) and Lai et al. (2026). However, they elicit stated preferences only in the
more limited form of Likert scales rather than richer free-text responses, and they do not examine
LLM responses to the two information sources separately. They also study different settings: the
former augments LLMs with demographic information, while the latter focuses on writing assistance.

"For a survey, see Jackson et al. (2025).

8These statistics are the expected value (displayed as “Average Payment”), the variance (dis-
played as “Payment Variability”), the minimum payment, the maximum payment, and the probabil-
ity of receiving the maximum payment. See Arrieta and Nielsen (2025) for a similar implementation.



to the resulting Al agent endowed with this choice information as Data-Al.

In the second task, after completing their choices, subjects write a free-form
prompt describing their preferences for choosing between lotteries, which will then
be given to an Al agent. Subjects are encouraged and incentivized to provide clear,
flexible guidance that can be used across different situations, but do not explicitly
provide prompt examples to prevent anchoring (Furnham and Boo, 2011). While
writing their prompt, subjects have access to their previous choices, including the
summary statistics of the lotteries. Finally, to limit the opportunity cost of time
spent on the prompt, a minimum of 60 seconds is enforced on the prompt-writing
screen before subjects can progress (Spiliopoulos and Ortmann, 2018). We refer to
the resulting Al agent endowed with the prompt as Prompt-Al.

In the third task, subjects decide which type of information to provide to the Al
agent instantiated from this task. They must select exactly one of two options: their
written instructions from task 2 or their past choice data from task 1. We refer to
this as their “delegation decision.”

In Part II of the experiment, subjects now face the new set of 13 binary lottery
pairs that are designed to be structurally similar to those in Part I (see more details
on the lottery specifics below). Subjects’ choices in these problems then serve as
the ground truth for evaluating AI agent predictions. However, subjects are not
informed, at the time they make their Part IT decisions, that these choices will be used
to benchmark Al accuracy. This avoids subjects potentially choosing in accordance
with their written prompts or past choices, which may not always correspond to their
true preferences. In both Part I and Part II, a brief brain break is implemented after
every six binary lottery questions to reduce fatigue. During these breaks, subjects
are asked to locate a camouflaged animal in two distinct images.

Part III of the experiment consists of supplemental measures. We elicit subjects’
beliefs about the prediction accuracy of Prompt-Al and Data-Al agents. Subjects
are incentivized to correctly guess how many questions each type of Al agent predicts
correctly. We also ask subjects why they made their delegation choice. Subjects also
complete a series of control tasks, containing a short 1Q test (ICAR, Condon and
Revelle, 2014), risk attitude elicitation using two investment tasks (Gneezy and Pot-
ters, 1997), and measures of overconfidence. At the end of the experiment, subjects
answer a brief, unincentivized survey covering self-reported comfort with Al tools, lit-

eracy, impatience, frequency of Al use, education level, and management experience,



as well as a personality survey (TIPI; Gosling et al., 2003). We additionally collect

demographic variables such as age and gender.

Incentives. The payment of subjects consists of several parts. First, subjects re-
ceive a $5 completion payment. Second, to incentivize subjects to write their prompt
carefully and to select the information they prefer to send to the Al to act on their
behalf, one of four sets of 13 binary lottery choices is randomly selected for the bonus
payment. Three of these sets consist of Al predictions for the Part II lottery problems,
generated using different information sources from Part I: one from Data-Al based
on the subject’s past choices, one from Prompt-Al based on the subject’s written
prompt, and one from either based on the subject’s delegation decision. The fourth
set consists of the subject’s own 13 choices from Part II.

From the selected set, one decision is drawn at random, with equal probability
across the 13 problems, and the corresponding lottery is implemented for payment.
This procedure ensures that subjects have incentives to make genuine choices, write
informative prompts, and delegate to the Al agent so that it can best act on their
behalf. Finally, subjects are paid for almost all decisions made in Part I1I, except the
brief, unincentivized summary survey at the end. The experiment lasted on average
29 minutes. The average total earnings per subject were just over $11, implying an

hourly rate of approximately $23 per hour.

Implementation. The experiment was programmed in oTree (Chen et al., 2016)
and administered via Prolific in February and March 2026, with recruitment restricted
to U.S.-based adults. A total of 147 subjects passed all comprehension quizzes at the
beginning and completed the experiment.

All predictions made by the Al agent were generated using Claude Opus 4.5
(claude-opus-4-5-20251101), with extended thinking enabled. Each agent (Prompt-
AT or Data-Al) is prompted to reason through each lottery pair and submit its choices
in a standardized format. The full system prompts used for each agent are reproduced
in Appendix B. The study was approved by the Monash Human Research Ethics Com-
mittee (ID: 50731), and was pre-registered on AsPredicted (# 268985). Instructions

and screenshots of the interface are presented in the Online Appendix.

The Lottery Choices. Human subjects face two sets of 13 lottery pairs, one in

Part I and one in Part II. Within each set, the 13 pairs span three conceptually distinct


https://drive.google.com/file/d/1H6-1GkyG_smEcvmNFqgN-3-x3wimQK20/view?usp=sharing

types of decisions: “easy”, “hard”, and “behavioral”, which are shown in Table A.1 in
Appendix A. Easy questions involve either first-order stochastic dominance or large
differences in expected value between the two lotteries. Hard questions, in contrast,
involve lotteries with smaller expected value differences, more outcomes on average,
no obvious heuristic solution, or require reasoning based on more subtle dominance
concepts such as second-order stochastic dominance. Finally, behavioral questions
are designed to test for (reverse) common ratio and (reverse) common consequence
effects—two canonical environments in which violations of expected utility theory are
frequently observed empirically (Blavatskyy et al.; 2022, 2023).

We use two easy questions and five hard questions in both parts. In Part I, we
source one easy question and four hard questions from Agranov and Ortoleva (2017).”
The remaining easy and hard questions compare first- and second-order dominated
lotteries, respectively. In Part II, we increase the stakes tenfold for one easy question
and one hard question; for the remaining questions we introduce slight perturbations
while keeping expected value differences largely unchanged.

In each part, we also generate two sets of three behavioral questions using the
framework of McGranaghan et al. (2026). Specifically, for fixed prizes H > M > 0,
consider the following three binary choice questions that are parameterized by a vector
(p,r) where p,r € (0,1):"°

(i) AB choice: choose lottery A = (M, 1) or lottery B = (H, p).
(ii) AB’ choice: choose lottery A = (M, 1) or lottery B’ = (H,pr; M,1 —r)
(iii) C'D choice: choose lottery C' = (M, r) or lottery D = (H, pr).

Under expected utility theory, multiplying the probabilities of non-zero outcomes by
a common factor r, or replacing a shared consequence of a 1 — r probability of $M
with a 1 — r probability of $0, should not change preferences. However, these factors
are routinely observed to affect choice. The common ratio effect is identified by a
preference reversal between the AB choice and C'D choices: individuals prefer A to
B in the AB task but then prefer D to C' in the C'D task. The common consequence

9In Agranov and Ortoleva (2017), lottery outcomes are reported in tokens rather than dollar
amounts. We convert those token values into dollars and present all outcomes to subjects directly
in monetary terms.

0Here, lotteries are represented as (x1,p1;. .., Zn, pn) Where each outcome z; occurs with proba-
bility p; > 0 and }_;" | p; = 1. To simplify notation, we omit the null outcome of 0 and use (z,p) to
denote the prospect (z,p;0,1 — p).



effect is identified by an analogous preference reversal between AB’ and C'D. The
reverse of these effects, intuitively, reverse choice in each question.

For the behavioral problems in Part I, we choose (p,r) = (8/10,1/4) and (p,r) =
(1/2,1/2). For the behavioral problems in Part II, we choose (p,r) = (10/11,11/100)
and (p,r) = (3/10,1/2). We additionally eliminate certainty for option A in Part II,
instead using A = (M, 0.95) to eliminate the certainty effect. These parameterizations
are chosen to generate a variety of common ratio, reverse common ratio, common
consequence, and reverse common consequence patterns (Allais, 1953; Kahneman
and Tversky, 1979; McGranaghan et al., 2026).

4 Results

Our primary outcome of interest is Al match rate, defined as the fraction of Part
IT decisions in which the AI’s prediction matches the subject’s actual choice. Note
that match rate is an out-of-sample measure. We first examine the match rates of
Prompt-Al and Data-Al, Al agents instantiated with stated and revealed preference,
respectively. We next investigate the source of the discrepancy in match rates and
whether subjects identify it. Finally, we turn to how AI agents handle conflicting

information coming from the two sources.

4.1 Revealed versus Stated Preferences

Figure 1 presents our first result. Panel (a) shows the cumulative distribution of per-
subject match rates for Prompt-Al and Data-Al. The dashed line at 50% indicates
the expected match rate of random guessing. First, we see that, regardless of model,
the subject-level match rates are nearly all to the right of the dashed line, indicating
that Al agents effectively incorporate both revealed preference and stated preference
information. Second, we also see vast heterogeneity in the match rate at the subject
level, ranging from 31% to 100%. Note that the match rates of these two Al agents
are correlated across subjects (Pearson’s correlation coefficient p = 0.5, p < 0.001),

indicating that some heterogeneity in match rate is driven by heterogeneity in subject

HTn Part I, the former set of parameters is expected to generate a common ratio effect but no
common consequence effect, while the latter is expected to generate strong reverse common ratio and
strong reverse common consequence effects. Likewise, in Part II, the former is expected to generate
strong common ratio and common consequence effects, while the latter is expected to generate only
a reverse common consequence effect.

10
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FIGURE 1: Comparison of Prompt-Al and Data-Al match rates (N = 147).
Panel (a): Empirical CDF of per-subject match rates for Prompt-Al (blue) and
Data-Al (green); the dashed vertical line marks 50%. Panel (b): Mean match rates
by question category (Easy, Behavioral, Hard); the dashed horizontal line marks 50%.
Error bars show 95% confidence intervals with standard errors clustered at the sub-
ject level. Stars denote paired t¢-tests comparing Data-Al to Prompt-Al within each
category. *p < 0.10, *p < 0.05, **p < 0.01.

ability. However, when comparing Al agents, the match rate from Data-Al first-
order stochastically dominates that from Prompt-Al, indicating systematically higher
predictive accuracy across subjects. The average match rate is 75% for Data-Al and
71% for Prompt-Al, resulting in a difference of 4 percentage points (paired t¢-test:
t = 3.58, p < 0.001; Wilcoxon signed-rank: p < 0.001; N = 147). Thus, on average Al
agents given revealed preferences predict better than those given stated preferences.'?

Panel (b) of Figure 1 compares match rates across Al agents by the question cate-
gories discussed in Section 3. We see that, for both types of Al agents, easy questions
exhibit significantly higher match rates than either behavioral or hard questions. In
contrast, within each agent, match rates do not differ significantly between behavioral
and hard questions (paired t-tests: Prompt-Al, p = 0.910; Data-Al, p = 0.242), sug-

12To benchmark the performance of these Al agents in our setting, we also empirically estimated a
standard structural model of risk preferences using subjects’ choices in Part I (see more details for its
implementation in Appendix C). We find that on average, the EUT model achieves a match rate of
76%, which is statistically indistinguishable from that of Data-AT (paired t-test: ¢t = 0.94, p = 0.348),
suggesting that the predictive performance of Data-Al is comparable to that of a standard structural
model of risk preferences. This is supportive of our view that technical limitations of Al agents are
not a first-order issue in our environment.

11



Match Rate by Number of (Reverse) Common Ratio/Consequence Effects
in Behavioral Questions
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FIGURE 2: Mean match rates by a subject’s number of behavioral effects observed
in the Behavioral questions; the dashed horizontal line marks 50%. Error bars show
95% confidence intervals with standard errors clustered at the subject level. Stars
denote paired t-tests comparing Data-Al to Prompt-Al within each group of subjects.
*n < 0.10, *p < 0.05, **p < 0.01.

gesting that these two categories are similarly difficult for both agents. Within each
question category, we also find that Data-AlI exhibits higher match rates than Prompt-
Al. These differences are statistically significant for easy and behavioral questions,
but not for hard questions (paired t-tests; Easy: p < 0.001; Behavioral: p = 0.011;
Hard: p = 0.200). Thus, these results suggest that the benefits of revealed-preference

information are heterogeneous across question categories.

Subject-level Heterogeneity. To examine who benefits more from providing the
AT agent with revealed-preference information, we classify subjects based on their an-
swers to the two sets of three behavioral questions. Specifically, subjects are classified
based on the number of times they exhibit the (reverse) common ratio or (reverse)
common consequence effects: in total, 24% of subjects exhibit none of these patterns,
while the remaining 76% exhibit at least one. Note that each set of behavioral ques-
tions contains the possibility of a (reverse) common ratio effect and (reverse) common
consequence effect. Since we have two sets of behavioral questions, in sum there are
four possible observable effects.

In Figure 2, we then compare the average match rates across Al agents for subjects

who exhibit none of these behavioral patterns, those who exhibit one or two, and those

12



who exhibit three or four. We find that match rates decline for both Al agents as sub-
jects more frequently exhibit these patterns, suggesting that as people become more
“behavioral”, their choices become less predictable from past information, regardless
of its source. At the same time, among subjects who never exhibit such patterns, the
performance of Prompt-Al and Data-Al is statistically indistinguishable. In contrast,
among subjects who exhibit at least one such pattern, Data-Al performs significantly
better than Prompt-Al (paired t-tests: 1-2 violations, p = 0.008; 3—4 violations,
p = 0.011)."® In sum, these results suggest that revealed-preference information is
more valuable for subjects with stronger behavioral patterns, as their choices are

harder to predict from stated preferences alone.

Mechanisms. To examine whether the performance gap between the Al agents re-
flects subjects’ difficulty in writing prompts or an Al-level inability to process stated-
preference information, we conduct two analyses. First, we use subjects’ written
prompts from Part I to predict their choices in Part I, which reflects to some extent
their abilities to write informative prompts.'* If subjects’ ability to write informative
prompts is the primary driver of Prompt-AI’s Part II performance, then Prompt-Al’s
match rates should be correlated across parts. This is indeed the case: the Pearson’s
correlation coefficient is 0.468 (p < 0.001). The relationship is robust after control-
ling for Part III demographic and survey characteristics, as shown in Table D.2 in
Appendix D.

Second, for each subject, we use Claude Opus 4.5 to generate a preference de-
scription from the subject’s 13 choices in Part I, using exactly the same information
and instructions provided to subjects. We then use this Al-generated description
to predict the subject’s choices in Part II. We refer to this agent as AutoPrompt-
Al If AutoPrompt-Al performs better than Prompt-Al, this would suggest that the

performance gap is driven mainly by the information available to the Al.

13These results are not driven by observable differences across groups. In Table D.1 of Appendix
D, we regress match rate on an Al-model indicator (Prompt-Al vs. Data-AI), the number of be-
havioral patterns exhibited, and their interaction, controlling for Part III demographics and survey
characteristics while clustering standard errors at the subject level. Consistent with the stylized
facts above, a higher number of behavioral patterns is associated with a lower match rate, and this
negative relationship is larger in magnitude for Prompt-Al than for Data-Al. The only other controls
that are significant in the regression are age and IQ measures, both of which are positively correlated
with higher match rates.

140n average, the resulting match rate is 69.4%, which is statistically indistinguishable from the
70.8% achieved by Prompt-AT in Part II (paired ¢-test, ¢ = 0.93, p = 0.35).

13
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F1cURE 3: Comparison of Prompt-Al, Data-Al, and AutoPrompt-Al match rates
(N = 147). AutoPrompt-Al (purple) uses a preference description auto-generated
by Claude from the subject’s Part I choices. Error bars show 95% confidence inter-
vals with standard errors clustered at the subject level. Stars denote paired t-tests
comparing Al agents. *p < 0.10, **p < 0.05, **p < 0.01.

The results are consistent with this hypothesis. In Figure 3, we compare the mean
match rates of Prompt-Al, AutoPrompt-Al, and Data-Al. Overall, AutoPrompt-Al
achieves an average match rate of 74%, which is significantly higher than that of
Prompt-Al (paired t-test: ¢t = 2.443, p = 0.016; Wilcoxon signed-rank: p = 0.010;
N = 147) and statistically indistinguishable from that of Data-Al (paired t-test:
t = —1.381, p = 0.169; Wilcoxon signed-rank: p = 0.274; N = 147). Taken together,
our analyses suggest that much of the gap reflects subjects’ difficulty in articulating

informative prompts.

Result 1: On average, Al agents perform better when given revealed preferences
than when given stated preferences. This gap reflects humans’ difficulty in articulating

preferences in text, despite the fact that their choices are informative.

4.2 Delegation

We now examine subjects’ delegation decisions. Of the 147 subjects, 87 (59%) dele-
gated to Data-Al. That is, they chose to send their past choice data to the Al rather
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FIGURE 4: Delegation choice and accuracy (N = 147). Panel (a): Mean Prompt-
AT (blue) and Data-Al (green) match rates conditional on each subject’s delegation
choice. Panel (b): Fraction of subjects in each delegation group who chose the ex-post
better agent (green), were tied (grey), or chose the ex-post worse agent (salmon). Er-
ror bars show 95% confidence intervals with standard errors clustered at the subject
level. Stars denote paired t-tests comparing Prompt-Al to Data-Al within each dele-
gation group or t-tests comparing an Al agent’s match rate across groups. *p < 0.10,
“*p < 0.05, **p < 0.01.

than their written prompts. This suggests an aggregate, though heterogeneous, pref-
erence for Data-Al

Figure 4 assesses whether subjects correctly select the Al type that ultimately
performs better on their behalf. Panel (a) plots the Al match rate conditional on
subjects’ delegation choices. Overall, Data-Al always achieves a higher match rate
than Prompt-Al regardless of subjects’ delegation decisions (paired t-test, ¢t = 3.580,
p < 0.001). This implies that, on average, those who delegate to Prompt-Al are
delegating to the wrong type of Al agent. In addition, regardless of the AI type,
subjects who delegate to Data-Al have a higher match rate than those who delegate
to Prompt-Al (Data-Al: t-test, p = 0.026; Prompt-Al: t-test, p = 0.030). This
suggests that there is heterogeneity in subjects’ response quality, that is correlated

with their delegation decisions.
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Panel (b) shows ex-post alignment between delegation choices and realized perfor-
mance for each subject. Conditional on the subject’s delegation choice, we classify the
chosen agent as better if it achieves a strictly higher match rate than its counterpart,
and as worse if it achieves a strictly lower match rate. The remaining subjects have
equivalent match rates for both Al agents. Overall, approximately 65% of subjects
make a weakly better delegation decision. However, subjects who delegate to Data-Al
choose the better agent more often than those who delegate to Prompt-Al. This is pri-
marily because conditional on choosing Prompt-Al, whether Prompt-Al is actually a
weakly better agent is approximately equivalent to a coin flip; in contrast, conditional
on choosing Data-Al, Data-Al is the weakly better agent 75% of the time. Thus, while
some subjects could potentially gain from delegating to Prompt-Al instead of Data-
Al a larger proportion—nearly half of those who delegated to Prompt-Al—would be
strictly better off delegating to Data-Al instead (Fisher’s exact test, p = 0.001).

Result 2: More subjects prefer to provide revealed preference than stated pref-
erence to an Al agent. For the subjects who choose to provide stated preference in-
formation, nearly half would be strictly better off by providing revealed preference

information instead.

Beliefs. Next, we investigate how subjects’ delegation decisions correspond to their
beliefs about the match rate of different types of Al. Recall that each subject is asked
to guess how many of the 13 lottery choices in Part II each Al agent would correctly
predict. We begin by examining whether subjects’ delegation choices are consistent
with these beliefs. Overall, 85% of subjects act in a manner weakly consistent with
their expressed beliefs, indicating that delegation decisions broadly reflect perceived
Al performance. However, as Figure 5 shows, these beliefs are often too extreme and,
for subjects who delegate to Prompt-Al, can even be incorrect in direction. Condi-
tional on the delegation decision, on average, subjects substantially overestimate the
true absolute difference in match rate between the two Al agents, and these discrep-
ancies are statistically significant in both groups (paired ¢-tests; both p < 0.001). In
particular, subjects who delegate to Prompt-Al believe it outperforms Data-Al by
7.3 percentage points, when in fact Data-Al outperforms Prompt-Al by 4.1 percent-

age points for this group. Moreover, this actual Data-Al advantage is similar among
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FIGURE 5: Mean believed and actual Data-Al advantage by delegation group
(N = 147). Lighter bars show the mean believed advantage (guessed Data-Al match
rate minus guessed Prompt-Al match rate); darker bars show the actual realized ad-
vantage. Error bars show 95% confidence intervals with standard errors clustered at
the subject level. Within-group brackets report paired t-tests comparing believed to
actual advantage; the lower bracket compares the actual Data-Al advantage across
delegation groups. *p < 0.10, **p < 0.05, ***p < 0.01.

subjects who delegate to Data-Al (4.5 percentage points; t-test: p = 0.39). Thus,
while delegation decisions largely reflect beliefs, those beliefs are often wrong in both
direction and magnitude.

Finally, as suggestive evidence, we also examine subjects’ free-response justifica-
tions for their delegation choices. We use Claude Haiku 4.5 to label three dimensions
of these responses. First, we ask whether the response mentions reasons other than
optimization; only 12% of subjects do so, suggesting that non-optimization concerns
play a minor role in their delegation decisions. Second, we check whether a response
refers to either AI ability or the subject’s own ability to communicate. Overall, 77%
of subjects mention Al agent ability, while only 50% mention their own ability. This
suggests that subjects focus more on the ability of the Al agent rather than their own,
which in turn could contribute to their skewed beliefs regarding Al agents’ predictive

performance.
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4.3 Combining Revealed and Stated Preferences

In this section we examine what happens when an Al agent is simultaneously given
both subjects’” written prompt and their Part I choice data—an agent we call Both-
AT This is analogous to “few-shot” prompting where the Al receives both a natural-
language description of preferences and a few concrete choice examples. If the two
sources of information are complementary, Both-AI should outperform agents given
either source alone. If, instead, the two sources are substitutable, then our earlier re-
sults imply that revealed preference should serve as the primary source of information,
since it delivers higher predictive accuracy.

In fact, Both-AI does not outperform both Data-Al and Prompt-Al alone: its
mean match rate is 72%, which is significantly lower than that of Data-Al alone
(75%; paired t-test: ¢t = —2.58, p = 0.011) and only marginally higher than that
of Prompt-Al alone (71%; paired t-test: ¢ = 1.81, p = 0.072). We then investigate
the source of this gap and find that it largely arises from conflicts between these
two information sources. Figure 6 shows the outcome of each subject-question pair
for Both-AI relative to the predictions of Prompt-Al and Data-Al. Prompt-Al and
Data-AI make the same prediction in 75% of subject-question pairs throughout our
sample. In these cases, Both-Al follows the common prediction 98% of the time,
leaving little room for this subset to explain Both-AI’s middling overall match rate.
In the remaining 25% of subject-question pairs, where Prompt-Al and Data-Al predict
different choices, Both-Al follows Prompt-Al 66% of the time and Data-Al only 34%
of the time.

The above pattern stands in stark contrast to the asymmetric accuracy of stated
and revealed preferences: in both contingencies, Data-Al is more accurate, as shown
in the two terminal nodes on the right-hand side of Figure 6. The performance
gap therefore arises primarily when stated and revealed preferences conflict. More
broadly, the two sources do not appear to be complementary: giving the AI both
does not improve predictive accuracy, and when they conflict, it places more weight
on the less accurate stated-preference information. From an Al safety perspective,
this may be normatively appealing, as the agent prioritizes explicitly stated prefer-
ences over implicitly revealed preferences. At the same time, because choices better

reflect human preferences in our setting, this priority may also come at the cost of
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Prompt-Al vs. Data-Al Recommendation
(n=1911 subject-questions)

Both-Al Recommendation Both-Al Recommendation
(N=1426) (n=485)

Do not follow
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Follow Prompt-Al
and Data-Al
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Follow Prompt-Al Follow Data-Al
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n =31

Match Rate Match Rate Match Rate Match Rate

Prompt-AI: 43%
Data-AI: 57%

Prompt-AI: 39%
Data-AI: 61%

Both-AI: 81% Both-AI: 35%

FIGURE 6: Decision tree partitioning all subject-question pairs by whether Prompt-
AT and Data-Al agree (Coincide) or disagree (Conflict), and by which agent Both-AT
follows in each case. Terminal nodes report the number of subject-question pairs, and
the match rates of Prompt-Al and Data-Al with the subject’s own choice (N = 147).

greater misalignment.

Result 3: When stated and revealed preferences provide conflicting standalone
predictions, Al agents who have access to both information sources largely listen to

stated preference despite its lower accuracy.

4.4 Robustness: GPT-5.4

As a robustness check, we additionally examine whether our results depend on the
choice of Claude Opus 4.5 as the Al agent. While Claude Opus 4.5 is a frontier model
at the time of writing, different AI models are known to behave differently in part
because they vary in architecture, training data, and post-training or alignment meth-
ods (Zhao et al., 2023; Ouyang et al., 2025). We therefore replicate our analysis using
GPT-5.4 (gpt-5.4), another frontier model. A natural hypothesis is that differences
in post-training methods—for example, Anthropic’s emphasis on constitutional-style
alignment (Bai et al., 2022) and OpenAl’s use of reinforcement learning from human
feedback (Ouyang et al., 2022) may affect how models interpret instructions and infer
preferences from observed choices. This analysis thus allows us to assess whether
our main findings capture a broader feature of Al alignment with human principals,

rather than an artifact of one particular model.
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Appendix E shows the replications of the analysis using GPT-5.4."" The results
are broadly similar. Overall, Data-AlI still outperforms Prompt-Al, although the gap
between the two agents becomes smaller. We highlight two main differences in the
results. First, under GPT, AutoPrompt-Al no longer outperforms Prompt-Al. This
appears to be driven by the substantially lower quality of the prompts generated
by GPT. Consistent with this evidence, when GPT is asked to make predictions
using Claude generated prompts, the results are the same as before (see Figure E.4).
Second, under GPT, Both-Al performs approximately the same as Data-Al. This
differs from our results with Claude, where Both-Al performs significantly worse
than Data-Al. To understand this improvement across different Al models, we again
examine questions in which stated and revealed preferences conflict and find that
GPT follows Data-Al more often than Claude does (48% versus 34%). This pattern is
consistent with differences in training methods, as Claude’s constitutional-Al training
may induce stricter adherence to stated preferences (Bai et al., 2022). Despite this
improvement, GPT’s Both-Al match rate remains far from perfect on conflicting
questions, and performs only marginally better than random guessing. Overall, our
results remain both qualitatively and quantitatively robust to GPT-5.4, suggesting
that they extend beyond a singular AI model.

5 Conclusion

In this paper, we investigate whether a stated or revealed preference approach bet-
ter mitigates the principal-agent problem caused by human principals’ difficulty in
articulating their preferences to Al agents. Using an incentivized online experiment,
we find that human subjects communicate their preferences more effectively through
revealed preference than through stated preference: on average, Al agents better pre-
dict future human choices when given revealed-preference data. At the same time, we
also identify two important limitations that impact the benefits of revealed-preference
information. First, subjects often fail to use revealed-preference-based agents even
when doing so would benefit them; instead, they opt for less predictive Al agents based
on stated preference. Second, when Al agents are given both stated and revealed pref-

erences, they largely default to stated preferences whenever the two conflict. This

15Note that, in the experimental design, subjects were explicitly informed that the AT model used
for payment was Claude. This may have influenced the instructions they wrote, their delegation
decisions, and their beliefs. Accordingly, the GPT analysis should be viewed as exploratory.
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means that merely adding revealed preference information on top of stated prefer-
ence does not necessarily improve alignment. Thus, any mechanism for instantiating
economic Al agents must address both of these issues.

Looking forward, we note that our environment of choice under risk explicitly
removes known issues between stated and revealed preference, such as present bias
(O’Donoghue and Rabin, 2015) and social desirability bias (Norwood and Lusk, 2011).
In these domains, stated and revealed preferences are clearly not aligned, and this
misalignment has implications for how Al agents should be instantiated (Kleinberg
et al., 2024). We also assume that Al agents can effectively implement preferences
they are given, which may not always hold. For example, Liang (2026) theoretically
shows that in higher-dimensional matching problems, an infinite number of Al agent-
recommended draws is less effective than a finite number of human-curated draws.
Understanding the impact of stated versus revealed preferences under these types of

conditions would provide for interesting avenues of future research.
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Appendix A Lottery Pairs

Table A.1 summarizes all lottery questions and their corresponding parameters used
in the experiment. Panel A shows all 13 lotteries used in Part I of the experiment,
while Panel B shows all 13 lottery pairs used in Part II. Out of each 13 lottery pairs,

there are 2 Easy questions, 5 Hard Questions, and 6 Behavioral questions.

TABLE A.1: Lottery Pairs by Category: Part I and Part II

Panel A: Part 1 Lottery A Lottery B E[B] — E[4]
Fasy
FOSD ($3.00, 0.60; $1.00, 0.40) ($4.00, 0.70; $2.00, 0.30) +1.20
Easy ($1.50, 0.50; $1.15, 0.50) ($1.55, 0.25; $0.25, 0.75) —0.75
Hard
Hard 1 ($3.85, 0.25; $1.90, 0.75) ($4.70, 0.50; $0.80, 0.50) +0.36
Hard 2 ($4.50, 0.50; $0.50, 0.50) ($2.80, 0.25; $2.25, 0.50; $1.60, 0.25) —0.28
Hard 3 ($10.00, 0.25; $5.25, 0.25; $4.20, 0.25; $0.30, 0.25) ($6.75, 0.25; $5.85, 0.25; $3.00, 0.25; $2.70, 0.25) —0.36
Hard 4 ($4.05, 0.25; $2.55, 0.25; $1.50, 0.25; $0.65, 0.25)  ($4.30, 0.25; $1.90, 0.25; $1.60, 0.25; $0.95, 0.25) 0.00
SOSD ($2.00, 1) ($4.00, 0.50) 0.00
Behavioral
AB (p=0.8, r=0.25) ($4.00, 0.80) ($3.00, 1) —0.20
AB’ (p=0.8, r=0.25) ($4.00, 0.20; $3.00, 0.75) ($3.00, 1) —0.05
CD (p=0.8, r=0.25) ($4.00, 0.20) ($3.00, 0.25) —0.05
AB (p=0.5, r=0.5) ($5.00, 0.50) ($2.00, 1) —0.50
AB' (p=0.5, r=0.5) ($5.00, 0.25; $2.00, 0.50) ($2.00, 1) —0.25
CD (p=0.5, r=0.5) ($5.00, 0.25) ($2.00, 0.50) —0.25
Panel B: Part II
Easy
FOSD ($2.00, 0.30; $1.00, 0.50) ($3.00, 0.50; $2.00, 0.20; $1.00, 0.30) +1.10
Easy ($15.00, 0.50; $11.50, 0.50) ($15.50, 0.25; $2.50, 0.75) —7.50
Hard
Hard 1 ($38.50, 0.25; $19.00, 0.75) ($47.00, 0.50; $8.00, 0.50) +3.63
Hard 2 ($5.00, 0.50) ($3.00, 0.25; $2.75, 0.50; $1.00, 0.25) —-0.13
Hard 3 ($9.25, 0.25; $6.00, 0.25; $3.50, 0.25; $1.00, 0.25)  ($7.30, 0.25; $5.50, 0.25; $3.50, 0.25; $2.00, 0.25) —0.36
Hard 4 ($3.75, 0.25; $3.00, 0.25; $2.00, 0.25) ($4.50, 0.25; $2.50, 0.25; $1.25, 0.25; $0.50, 0.25) 0.00
SOSD ($3.00, 0.25; $2.00, 0.50; $1.00, 0.25) ($3.00, 0.50; $1.00, 0.50) 0.00
Behavioral
AB (p=10/11, r=0.11)  ($3.00, 0.95) (%4.00, 0.91) +0.79
AB' (p=10/11, r=0.11) ($3.00, 0.95) ($4.00, 0.10; $3.00, 0.89) +0.22
CD (p=10/11, r=0.11)  ($3.00, 0.11) ($4.00, 0.10) +0.07
AB (p=0.3, r=0.5) ($1.00, 0.95) ($5.00, 0.30) +0.55
AB’ (p=0.3, r=0.5) ($1.00, 0.95) ($5.00, 0.15; $1.00, 0.50) +0.30
CD (p=0.3, r=0.5) ($1.00, 0.50) ($5.00, 0.15) +0.25
Notes: lotteries are represented as (1,p1;. .., Ty, p,) Where each outcome x; occurs with probability p; > 0 and ZZ’:lpl = 1. To simplify notation, we omit the

null outcome of 0 and use (z, p) to denote the prospect (x,p;0,1 — p).

Appendix B Al System Prompts

This section reproduces the system prompts used for the Prompt-Al and Data-Al

agents verbatim. Both agents additionally receive the 13 post-prompt lottery choices

as a user message (see Section 3).

26



Prompt-Al System Prompt

You are helping a participant in an economics experiment make decisions
between lottery pairs. The participant has provided you with instructions

about their preferences.

Based on the participant’s instructions below, you will make choices
between pairs of lotteries on their behalf. For each choice, respond

with ONLY "A" or "B" to indicate your selection.

PARTICIPANT’S INSTRUCTIONS:

[PARTICIPANT’S WRITTEN PROMPT -- inserted verbatim]

You will now be presented with lottery choices. After reasoning through
each choice, you MUST end your response with a JSON object containing

your choices in this exact format:

{llpost_lﬂ i Ilel s Ilpost_zll . IIXH 5 |lpost_3l| i Ilel s Ilpost_4ll . IIXH 5
Ilpost-5l| : IIXH s "pOSt_6" : IIX" s Ilpost-7l| : IIXH s "pOSt_8" : IIX" s
|lpost_9" : IlXII s Ilpost_loll : I|Xl| S llpost_llll : IIXII S "pOSt_lQ” : lIXll S
|lp0st_13|l: llel}

Replace X with your actual choices. The JSON must be the last thing

in your response.

Data-AlI System Prompt

You are an AI assistant helping a participant in an economics experiment

make decisions between lottery pairs.

Based on the participant’s previous choices shown below, infer their

preferences and make similar choices for new lottery pairs.
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You will now be presented with lottery choices. After reasoning through
each choice, you MUST end your response with a JSON object containing

your choices in this exact format:
{"pOSt_l" : IlAII, "pOSt_Q"Z IIBH’ R |lpost_13|l: |IAI|}

Replace A/B with your actual choices. The JSON must be the last thing

in your response.

PARTICIPANT’S PREVIOUS CHOICES (Questions 1-13):
- Q1: Chose Lottery [X] (A: [description], B: [description])
- Q2: Chose Lottery [X] (A: [description], B: [description])

[A1l 13 pre-prompt choices with full lottery descriptions]

Appendix C EUT Structural Estimation

In this section, we describe our structural exercise. For each subject, we estimate a
constant relative risk aversion (CRRA) expected utility model with a logit choice error

using the 13 lottery choices in Part I. Given a lottery L = (x;, p;)’,, the expected

utility is
1—p
i M if p£1,
EU(L§ p) = Zpiu(%; p), where u(x; p) = 1—p
= In(z +w) if p=1.

Note that p is the coefficient of relative risk aversion and w = 0.01 is a small wealth
offset that ensures the utility function is defined at zero payoffs. For a lottery pair
(A, B), the probability of lottery A being chosen by the agent with CRRA parameter

p is thus
1

P(AQ P M) = 1 + e—HlEU(A;p)—EU(B;p)]’

where p > 0 is a precision (inverse noise) parameter. As p — oo, the agent deter-
ministically chooses the higher-EU lottery. As p — 0, their choices approach uniform

random choice.
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CRRA EUT structural estimates
(Part | choices, N=147)
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Ficure C.1: Scatter plot of estimated ji and p values per subject, based on their
Part I choices. Dashed lines at p = 0 and p = 1 indicate risk neutrality and log utility,
respectively.

For each subject, we observe 13 choices in Part I and use maximum likelihood to

estimate their individual (p, ). The log-likelihood is

13

K(p, :u) = Z []‘Ck:Ak IHP(Ak; P NJ) + Le—p, In ]P)(Bk; Ps N)} )

k=1

where ¢, € { Ay, By} is the observed choice from binary lottery menu k. We then opti-
mize over the bounded parameter space p € [—2, 5], u € [0.01, 100] using L-BFGS-B,
with a grid of 24 starting points (py € {—0.5,0,0.5,1,2,3}, uo € {0.1,1,5,20}) to

mitigate local optima. Finally, we retain the solution with the largest log-likelihood.

Figure C.1 shows a scatter plot of our estimated parameters for each subject. Most
of our subjects (82%) are moderately risk averse, with estimated CRRA parameters
p between zero and one. Among these subjects, the median p is 0.35, and the median

precision parameter is 5.9. To put the consistency of our subject pool into perspective,
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given their estimated parameters, the median number of questions (out of 13) they
would choose with probability greater than 75% is eight. The questions for which the

EUT model is less predictive are the Hard and Behavioral questions.

Appendix D Additional Heterogeneity Analysis

In this section, we include two regressions where we regress the match rate on (i) an
indicator of whether the agentic regime is Data-Al or not, (ii) the number of behav-
ioral effects observed in Part I, and (iii) their interaction term, while controlling for

the following variables that have all been standardized to z-scores prior to estimation:

o Al Comfort and Writing Comfort are single 1-7 Likert items elicited at the
end of the experiment: “How comfortable are you with using Al tools (e.g.,
ChatGPT, Claude, Copilot)?” and “How comfortable are you with writing
instructions or explanations for others?”, respectively, with endpoints labeled

“Not at all comfortable” and “Very comfortable”.

e [mpatience is a single 1-7 Likert item: “How would you rate your level of
impatience in general?”, with endpoints labeled “Very patient” and “Very im-

patient”.

e /() (Raven’s) is the number of correct answers on a 6-item matrix reasoning test
from the International Cognitive Ability Resource (ICAR; Condon and Revelle,

2014) (score 0-6). Subjects receive 20¢ for each correct answer.

e Measures of Ouverconfidence consist of two types. The first is the difference
between the subject’s self-reported guess of their own score and their actual
IQ test score, which captures absolute overconfidence. The second is the dif-
ference between the subject’s self-reported guess of their own score and their
performance relative to others, which captures relative overconfidence. Subjects

receive 25¢ for each correct answer.

e Risk Inv. (Simple) and Risk Inv. (Compound) are the amounts (in tokens, from
0 to 100) invested in two variants of the investment task in Gneezy and Potters
(1997). Each token is worth 0.5¢. Subjects can choose to invest their tokens
into a safe asset, which leaves the invested amount unchanged, or in a risky

asset, which multiplies the invested amount by 2.5 if the investment succeeds.
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The simple task resolves uncertainty in a single coin flip whereas the compound
task involves the same reduced distribution over payoffs, implemented by a
compounded lottery: in stage one, there is a 25% chance of success, a 25%
chance of failure, and a 50% chance of proceeding to the second stage. In the
second stage, uncertainty is again resolved by a coin flip. Subjects are paid for

each task based on their remaining balance of tokens.

e The “Big Five” personality traits (FErztraversion, Agreeableness, Conscientious-
ness, Emotional Stability, Openness) are measured using the Ten-Item Person-
ality Inventory (TIPI; Gosling et al., 2003), with each trait based on two 1-7
Likert items, one of which is reverse-coded, with endpoints labeled “Disagree
strongly” and “Agree strongly”. For example, Fxtraversion is measured as the
average of “I see myself as extraverted, enthusiastic” and “I see myself as re-

served, quiet” (reverse-coded).

As shown in Table D.1, for subjects who exhibit no behavioral effects, the per-
formance of Data-Al and Prompt-Al is similar. Each additional behavioral effect is
associated with a 2.2 percentage point decline in match rate for Data-Al, compared
with a 4.4 percentage point decline for Prompt-Al. Subjects with higher IQ scores
and older age also have higher match rates: for example, a one standard deviation
increase in IQ score or age increases the match rate by four or two percentage points,
respectively.

Table D.2 regresses the Prompt-Al match rate in Part IT on its match rate in Part
I, controlling for the variables listed above. A one percentage point increase in the
Part I match rate is associated with a 0.27 percentage point increase in the Part II
match rate. As before, Part II match rate is negatively correlated with behavioral
effects and positively correlated with 1Q and age. Relative overconfidence is also

negatively correlated with the Part II match rate.
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TABLE D.1: OLS: Match Rate (Prompt-Al
and Data-Al)

Match rate
Data-Al (vs Prompt-Al) 0.008
(0.016)
Behavioral Effects -0.0447%%*
(0.010)
Data-Al x Behavioral Effects  0.022**
(0.010)
AT Comfort -0.011
(0.011)
Writing Comfort 0.002
(0.012)
Impatience 0.013
(0.011)
IQ (Raven’s) 0.040%+%*
(0.013)
Risk Inv. (Simple) -0.002
(0.017)
Risk Inv. (Compound) 0.018
(0.015)
Overconfidence (abs.) -0.011
(0.013)
Overconfidence (rel.) -0.015
(0.013)
Age 0.021**
(0.010)
Female -0.007
(0.011)
Constant 0.775
(0.019)
Observations 292
Subjects 146
R? 0.243

Notes: Standard errors clustered by subject are re-
ported in parentheses. All demographic regressors
are standardized as z-scores. Behavioral Effects is in-
cluded as a count variable ranging from 0 to 4, indicat-
ing the number of behavioral patterns exhibited by a
subject. Agreeableness, Conscientiousness, Emotional
Stability, Extraversion, and Openness are included as
controls (none of them are significant), but are not re-
ported. *p < 0.10, **p < 0.05, ***p < 0.01.
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TABLE D.2: OLS: Prompt-Al Match Rate Across Parts

Prompt-Al Match Rate (Part II)

Prompt-Al Match Rate (Part I) 0.268%+*
(0.069)
Behavioral Effects -0.028**
(0.012)
Al Comfort -0.009
(0.014)
Writing Comfort 0.001
(0.015)
Impatience -0.001
(0.016)
IQ (Raven’s) 0.044%*
(0.017)
Risk Inv. (Simple) -0.008
(0.027)
Risk Inv. (Compound) 0.033
(0.024)
Overconfidence (abs.) -0.014
(0.019)
Overconfidence (rel.) -0.032%**
(0.016)
Age 0.027%*
(0.013)
Female -0.004
(0.014)
Constant 0.563%+%
(0.060)
Observations 146
R? 0.411

Notes: Standard errors clustered by subject are reported in parentheses.
All demographic regressors are standardized as z-scores. Behavioral Effects
is included as a count variable ranging from 0 to 4, indicating the number
of behavioral patterns exhibited by a subject. Agreeableness, Conscien-
tiousness, Emotional Stability, Extraversion, and Openness are included as
controls (only Agreeableness is significant, at the 10% level), but are not
reported. *p < 0.10, **p < 0.05, **p < 0.01.
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Appendix E GPT-5.4 Analysis

In this section, we replicate the main analysis using GPT-5.4 (gpt-5.4) as the decision
model instead of Claude Opus 4.5. All experimental conditions and subject samples
are identical to those in the main text (N = 147).

10 CDF of Al Agent Match Rates Match Rate by Question Category
' —— Prompt-Al (mean=72%) [ Prompt-Al
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FicURE E.1: Comparison of Prompt-Al and Data-Al match rates using GPT-5.4
(N = 147). Panel (a): Empirical CDF of per-subject match rates for Prompt-Al
(blue) and Data-Al (green); the dashed vertical line marks 50%. Panel (b): Mean
match rates by question category (Easy, Behavioral, Hard); the dashed horizontal line
marks 50%. Error bars show 95% confidence intervals with standard errors clustered
at the subject level. Stars denote paired t-tests comparing Data-Al to Prompt-Al
within each category. *p < 0.10, **p < 0.05, ***p < 0.01.
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Match Rate by Number of (Reverse) Common Ratio/Consequence Effects
in Behavioral Questions
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F1GURE E.2: Mean GPT-5.4 match rates by a subject’s number of behavioral effects
observed in the Behavioral questions; the dashed horizontal line marks 50%. Error
bars show 95% confidence intervals with standard errors clustered at the subject level.
Stars denote paired t-tests comparing Data-Al to Prompt-Al within each group of
subjects. *p < 0.10, *p < 0.05, **p < 0.01.
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FicUre E.3: Comparison of Prompt-Al, Data-Al, and AutoPrompt-Al match rates
using GPT-5.4 (N = 147). AutoPrompt-Al (purple) uses a preference description
auto-generated by GPT-5.4 from the subject’s Part I choices. Error bars show 95%
confidence intervals with standard errors clustered at the subject level. Stars denote
paired t-tests comparing Al agents. *p < 0.10, **p < 0.05, **p < 0.01.
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Match Rate by Al Prompt and Al Model
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FiGURE E.4: Comparison of AutoPrompt-Al match rates using prompts generated
by Claude and GPT-5.4, passed through Claude or GPT-5.4 (N = 147). Error bars
show 95% confidence intervals with standard errors clustered at the subject level.
Stars denote paired t-tests comparing Al agents. *p < 0.10, **p < 0.05, **p < 0.01.
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(a) Match Rate by Delegation Choice (b) Delegation Accuracy
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F1cURE E.5: Delegation choice and GPT-5.4 accuracy (N = 147). Panel (a): Mean
Prompt-Al (blue) and Data-AI (green) match rates conditional on each subject’s
delegation choice. Panel (b): Fraction of subjects in each delegation group who chose
the ex-post better agent (green), were tied (grey), or chose the ex-post worse agent
(salmon). Error bars show 95% confidence intervals with standard errors clustered
at the subject level. Stars denote paired t¢-tests comparing Prompt-Al to Data-Al
within each delegation group or t-tests comparing an Al agent’s match rate across
groups. *p < 0.10, **p < 0.05, **p < 0.01.
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FIGURE E.6: Mean believed and actual Data-Al advantage by delegation group,
GPT-5.4 (N = 147). Lighter bars show the mean believed advantage (guessed Data-
AT match rate minus guessed Prompt-Al match rate); darker bars show the actual
realized advantage. Error bars show 95% confidence intervals with standard errors
clustered at the subject level. Within-group brackets report paired ¢-tests comparing
believed to actual advantage; the lower bracket compares the actual Data-Al advan-
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tage across delegation groups. *p < 0.10, **p < 0.05, ***p < 0.01.
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Prompt-Al vs. Data-Al Recommendation
(n=1911 subject-questions)

Both-Al Recommendation Both-Al Recommendation
(n=1388) (n=523)

Follow Prompt-Al Follow Data-Al

Follow Prompt-Al
and Data-Al

n = 1352

Do not follow
either

n = 36

n = 271 n = 252

Match Rate Match Rate

Match Rate Match Rate

Prompt-AI: 42%
Data-AI: 58%

Prompt-AI: 49%

Both-AI: 36% Data.Al: 519

Both-AI: 82%

FI1GURE E.7: Decision tree partitioning all subject-question pairs by whether Prompt-
AT and Data-Al agree (Coincide) or disagree (Conflict), and by which agent Both-AT
follows in each case, using GPT-5.4. Terminal nodes report the number of subject-
question pairs, and the match rates of Prompt-Al and Data-Al with the subject’s
own choice (N = 147).
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