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When people shop online or interact with chatbots, their behavior generates training data for artificial intelligence (AI). To
regulate the use of such data, privacy regulations increasingly require organizations to disclose AI training and obtain explicit
consent for this use. However, such disclosures may themselves alter user behavior and affect the collected data. In particular,
three distinct mechanisms within the consent process could drive these changes. First, people who voluntarily consent to AI
training may differ systematically from those who do not, potentially introducing selection bias into training data. Second,
simply being aware that AI training is occurring may trigger behavioral changes. Third, behavioral changes may depend
on users actively reading details about AI training, rather than merely knowing that such training is occurring. Across two
experiments, we examined whether behavioral changes in training data arise from consent, mere awareness of AI training,
or engagement with information about how their data would be used. To test these hypotheses, participants played the
ultimatum game, deciding whether to accept monetary proposals. Some participants were informed about AI training, while
others were not. In Experiment 1, we manipulated whether participants could opt into AI training and whether they had the
option to read information about how their data would train AI for future participants. Although most participants opted
into training, most chose not to read the information. Participants who opted in without reading behaved similarly to those
unaware of AI training, while those who read rejected more unfair offers. In Experiment 2, we tested whether the amount of
information affected engagement and found that, compared to brief disclosures, detailed disclosures produced similar reading
times and behavioral changes. These findings show that informing users about AI training alters training data only when
users engage with the information, regardless of how much detail is provided. This creates heterogeneous data in which
informed and uninformed users behave systematically differently. This work highlights that disclosure practices intended to
protect users may directly shape the data used to train AI, underscoring the need to carefully document and account for these
behavioral shifts.
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1 Introduction
When users chat with ChatGPT, scroll through social media, or rate products on Amazon, their interactions
are often collected as training data for AI. For years, much of this data collection occurred without users fully
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being aware that their behavior was used to shape algorithmic decision making. As concerns about user data
protection have grown, privacy regulations such as the European Union’s General Data Protection Regulation
(GDPR) [76] and the California Consumer Privacy Act (CCPA) [17] have required organizations to disclose when
user data are collected and how they will be used, and to obtain explicit consent for such use. These regulations
aim to give users greater control over their personal data [21, 64]. Implicit in these approaches is the assumption
that disclosure increases user awareness. However, awareness itself may change how people provide training
data, with important implications for the data used to train AI. If awareness of AI training alters behavior, the
resulting data may no longer reflect baseline human decision making, potentially introducing systematic bias
into AI systems and harming the users these regulations aim to protect [3, 13].
Recent empirical evidence supports this concern. Prior studies show that when people are made aware that

their behavior will be used to train AI, they systematically modify how they act. For example, Cen et al. [9]
found that users adjusted their engagement depending on how recommendation algorithms were described: they
liked more content when told recommendations were based on likes, and spent more time on content when told
recommendations were based on viewing time. Similarly, Treiman et al. [70, 71, 72] examined behavior in the
ultimatum game, where participants accepted or rejected monetary offers from another party. They found that
participants rejected more unfair offers when told their decisions would be used to train AI. In these settings,
people appear to adjust their behavior to reflect how they believe AI should behave, rather than expressing their
baseline preferences. This pattern aligns with well-established findings in social science, including Campbell’s
Law [8] and Goodhart’s Law [26], which show that when people know their behavior is being measured or used
as a target, they adjust it accordingly [7, 30, 59]. Across these cases, awareness of how people’s behavioral data
are used plays a central role in shaping behavior.

In practice, however, consent processes do not reliably produce such awareness. Consent procedures involve
multiple components, including awareness that training is occurring, the act of consenting, and engagement
with explanatory information. Platforms typically rely on consent forms, implicitly assuming that users read and
understand the information before deciding whether to participate. This assumption often fails [19, 50]. Many
users consent without reading disclosures [2] or without fully understanding their implications [34], often due to
consent fatigue [63]. Psychological research helps explain these patterns: people tend to avoid cognitive effort
unless sufficiently motivated [6, 41, 45, 47]. Applied to AI training, users may carefully read consent information
when motivated to influence outcomes, but otherwise may opt in without engaging with the information or opt
out entirely. Engagement may also depend on how consent information is presented, with simpler disclosures
more likely to be read.

As a result, real-world consent regimes introduce sources of variation that go beyond awareness alone. These
considerations highlight a gap between consent practices and user awareness, motivating closer examination
of how consent mechanisms shape behavior and the data used to train AI. More specifically, while prior work
shows that awareness of AI training can change behavior [70–72], these studies directly inform participants
about AI training. In contrast, consent-based systems introduce three additional mechanisms that remain largely
unexplored. First, consent is typically voluntary, meaning that training data may reflect a self-selected subset of
users. Second, consent procedures make users aware that they are training AI, and this awareness alone may
lead to behavioral shifts. Finally, reading these consent disclosures may trigger behavioral changes, rather than
merely knowing the training is occurring. While prior work demonstrates that awareness changes behavior, it
remains unclear which of these mechanisms operates in practice and how they interact.

In this work, we study how specific features of the consent process influence user behavior and the resulting
data by addressing two research questions:

RQ1: When people can opt into AI training without reading information, do they choose to inform
themselves, and does this choice affect their behavior?
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RQ2: Does the format of consent information influence whether people engage with it and how they
behave when training AI?

To study these questions, we used the ultimatum game [27]. In this game, two players allocate a sum of money.
One player, the proposer, divides the money, and the other player, the responder, decides to accept or reject it.
If accepted, both players receive their allotted amounts. If rejected, both receive nothing. This game is widely
used to study how fairness concerns influence decision making and provides a straightforward and controlled
framework for answering our research questions [57, 74]. Additionally, this paradigm generalizes to several AI
training contexts, which we discuss further in the General Discussion.

Prior work using the ultimatum game showed that people rejected more unfair offers when told their decisions
would train AI, compared to those unaware of training [70–72]. However, this prior work did not involve a
consent process, as all participants were required to read information about AI training before participating. As a
result, it remains unclear whether behavioral changes arise from awareness itself, from the act of consenting, or
from their interaction.

We disentangle these mechanisms by incorporating an explicit AI-training consent process that mirrors real-
world practice. In Experiment 1, we manipulated whether participants could opt into AI training and, among
those who could opt in, whether they could choose to read information about what AI training involved. This
design enabled us to disentangle the effects of consent and awareness on training behavior. We found that
most participants chose to opt into AI training. However, among those who could decide whether to read the
information, the majority opted in without doing so. Critically, behavioral change depended on information
engagement rather than mere awareness of AI training: participants who opted in without reading behaved like
those never informed about AI training, whereas those who read the information rejected more unfair offers.
We next examined whether the presentation of consent information influenced engagement and behavior.

In Experiment 2, participants required to train AI received the same information in different formats, either as
three concise sentences or as a longer "pop-up" screen requiring an explicit mouse button click on an “I agree”
button, emulating real-world consent interfaces [48, 73]. We measured engagement using time spent reading the
information. We found that when participants were required to read the information, their behavior changed
similarly regardless of presentation format.

Taken together, these results highlight how disclosure practices systematically shape training data. When users
engage with disclosures about AI training, their behavior changes, while users who consent without reading
provide unmodified data. As a result, policymakers and systems designers need to consider how to balance
user autonomy with the systematic differences in training data that disclosure itself produces. Moreover, from a
modeling and technical perspective, this also raises the need to account for potential distributional shifts when
training AI on human behavior.

2 Related Work

2.1 Behavioral Changes from AI Training Awareness
Recent research demonstrates that informing people their behavior will train AI changes how they act. Treiman
et al. [70, 71] showed how people modify their behavior when training AI using the ultimatum game [27]. They
found that participants rejected significantly more unfair offers when told their decisions would train an AI
proposer they would encounter in a follow-up session. This behavioral shift occurred even when they were
training AI that only other participants would encounter (i.e., not themselves), suggesting that people are guided
by altruistic motivations. In subsequent work, Treiman et al. [72] also demonstrated that people tend to rely on
automatic, intuitive information processing rather than deliberate strategic thinking when training AI to play the
ultimatum game.
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These findings highlight a challenge in AI development: when participants actively engage with information
about AI training, they may not provide baseline behavioral data. Instead, they embed beliefs and norms into
training data through automatic, intuitive processes. Similar effects occur in other contexts. For example, Cen et al.
[9] found that users strategically altered engagement patterns when recommendation algorithms were disclosed,
liking more content when told recommendations were based on likes, or spending more time on content when
told they were based on viewing time, biasing training data based on the disclosed algorithm.

However, across all these studies [9, 70–72], participants were required to read information about AI training.
This leaves open the critical question our research addresses: what happens when people can choose whether to
inform themselves about AI training? Here, we investigate how this choice affects how people train AI.

2.2 Consent Processes and Information Engagement
Research on digital consent shows that interface design often shapes user decisions more than the information
itself. Nouwens et al. [55] found that removing opt-out buttons from the first page of the consent popup increased
consent rates by 22-23 percentage points. Similarly, Utz et al. [73] found that approximately 30% of users accepted
all cookies when check boxes were preselected, compared to less than 0.1% when nothing was preselected. They
also found that users were more likely to interact with cookie notices that appeared in the lower left part of the
screen.
However, consent decisions represent only part of the problem: most users spend minimal time engaging

with consent information. Utz et al. [73] found that users spent a median of 4–5 seconds on simple consent
notices and 7–8 seconds on more detailed notices, far too brief to meaningfully comprehend their implications.
Similarly, Bakos et al. [2] showed that only one or two in every thousand users read licensing agreements, and
even among those who did, reading times were insufficient for comprehension. Subsequent work replicates this
finding, demonstrating that most people do not engage deeply enough with consent materials to understand
them [19, 34, 50].

To address this issue, researchers have developedmethods to simplify consent forms and improve readability [29,
36, 69]. However, these efforts have largely failed to improve comprehension. For example, Davis et al. [15] found
that while people prefer easier consent forms, comprehension does not increase with reduced complexity. This
work suggests that improving surface-level readability alone is insufficient to change how people process consent
information.
Together, these findings reveal that consent failures arise not from excessive complexity, but from a lack of

motivation to engage. Simplified forms do not improve comprehension because users often do not read them in the
first place. Despite reporting strong privacy concerns, individuals routinely share personal information without
careful consideration, a phenomenon known as the privacy paradox [40]. Repeated exposure to consent requests
further exacerbates this issue, leading to consent fatigue, in which users develop habitual acceptance patterns
and disengage from the content entirely [63]. As a result, interface design features such as button placement and
default selections dominate user behavior, while informational content plays a minimal role [55, 73].
Importantly, the studies discussed above focus on privacy consent contexts in which users perceive little

personal benefit from engaging with the information. Contexts where people provide training data for AI may
differ in critical ways. Unlike privacy policies that primarily describe passive data collection, AI training consent
offers users the opportunity to actively influence downstream AI behavior. Prior work shows that awareness
of AI training can meaningfully alter decision making [70–72], suggesting that users may be more motivated
to engage with training information than with privacy notices. The current research tests whether patterns of
consent fatigue observed in privacy contexts generalize to AI training, and whether the perceived ability to shape
AI outcomes changes how, and how much, people engage with consent information.
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2.3 Training DataQuality
The quality of training data directly affects the fairness and performance of AI models. Biased or unrepresen-
tative training data can lead to discriminatory outcomes [3, 13], particularly in high-stakes domains such as
healthcare [25, 39, 56] and law [32, 49]. Studies have documented how AI trained on skewed data perpetuates
or amplifies existing inequalities [5, 58]. Kamulegeya et al. [38] found that an algorithm trained on a dataset of
predominantly light-skinned patients performed 50% less accurately on darker skin tones. Similarly, Angwin
et al. [1] analyzed a recidivism prediction algorithm and found that it incorrectly classified Black defendants as
high risk at roughly twice the rate of White defendants.
How people change their behavior when training AI introduces an unexamined source of training data bias.

When people are aware their behavior will train AI, they do not provide baseline behavior but instead demonstrate
what they believe AI should learn, embedding their normative beliefs and social biases into the training data [70–
72]. As a result, AI may learn from strategically modified behavior rather than behavior that reflects baseline
human preferences, potentially amplifying biases when deployed in high-stakes contexts.

Our research reveals an additional dimension to this problem: if behavioral modification depends on whether
people choose to engage with AI training information, systematic differences may emerge between those who
choose to train AI and those who don’t. This creates the potential for self-selection bias in training data: the
people who opt to train AI may differ systematically from the broader population [51]. Combined with the
strategic behavioral modification documented in Section 2.1, consent processes shape who chooses to participate
in AI training and how they behave when they do, introducing two compounding sources of bias. Understanding
how consent design influences both self-selection and behavioral shifts is therefore critical for ensuring fair and
representative AI in high-stakes domains.

3 RQ1: When People Can Opt Into AI Training Without Reading Information, Do They Choose to
Inform Themselves, and Does This Choice Affect Their Behavior?

We designed Experiment 1 to investigate how consent and information about AI training affect decision making.
To do this, we used the ultimatum game [27]. Participants played multiple rounds as responders, deciding
whether to accept or reject divisions of money proposed by either AI or human partners. We manipulated
whether participants could choose to read information about AI training and whether they could opt into training.
Participants were randomly assigned to one of four conditions:
• Forced reading, forced training: Participants were required to read detailed information about AI training
and train AI. This replicated prior work where consent and information about AI training were mandatory [70–
72].

• Forced reading, optional training: Participants were required to read detailed information about AI training
but could choose whether to opt into training. This condition tested whether participants chose to opt into AI
training and how this decision affected their behavior.

• Optional reading, optional training: Participants could choose whether to view information about AI
training and whether to opt into training. This condition simulated real-world consent processes where both
information engagement and participation are voluntary.

• Control: Participants received no information about AI training and were not part of training.
This design helps us answer RQ1 by testing four questions. First, when given the choice, do people inform

themselves about AI training? Second, do behavioral changes occur only among those who read the information,
or also among those who consent without reading? Third, does making a consent decision itself influence
behavior? Fourth, does awareness that AI training is occurring, regardless of reading information or consenting,
lead to behavioral changes?
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Fig. 1. Example trials for the control (a) and AI training (b) conditions for each partner type (left human participant and
right AI). In the AI training condition, participants saw an additional reminder that their responses were training the AI,
which was not shown in the control condition. Aside from this reminder, the trial format was identical across conditions.
Participants not training AI completed the same task as those in the control condition. Each trial began with a fixation cross
(750ms), followed by the partner type (human or AI) (2s). Participants in the AI training condition then saw the reminder
screen (2s). All participants then saw the offer amount (2s) before they could make a choice. Participants had unlimited time
to choose. Each participant made multiple choices with varying partner types and offer amounts. Only training condition
was varied between participants.

3.1 Design
At the start of the experiment, all participants were briefed on the rules of the ultimatum game and told they
would play as the responder. They were then randomly assigned to one of four conditions. In the forced reading,
forced training condition (𝑛 = 150), participants were required to read that their responses would train an AI
proposer that other participants would play with in a follow-up session, and could not opt out of training. In
the forced reading, optional training condition (𝑛 = 144), participants received the same information but
could choose whether to opt into AI training. In the optional reading, optional training condition (𝑛 = 133),
participants made two independent decisions. They could choose whether to view information explaining that
their responses would be used to train an AI proposer for future participants, and they could choose whether to
opt into training. In the control condition (𝑛 = 161), participants received no information about AI training.

Next, participants played multiple rounds of the ultimatum game (Figure 1). In each round, participants chose
whether to accept or reject a proposer’s offer of how to allocate a $10 sum between both partners. Participants
played against both AI and human partners, with partner type randomly associated with a color, blue or orange,
to help participants distinguish between them.
Each round began with a fixation cross (750𝑚𝑠), followed by a two-second display of the partner type icon

(human participant or AI). Participants training AI saw an additional screen with the text "Offer used to train AI"
(2𝑠) to remind them that they were training AI. Then, participants again saw the partner icon, now accompanied
by the offer that was displayed as a line of text indicating the proposed split (e.g., "I get $6 and you get $4").
Participants training AI also saw the same text as before to remind them of AI training. After two seconds,
the words “accept” and "reject" appeared on the left and right sides of the screen, respectively, signaling that
participants could make their choice using the ‘F’ and ‘J’ keys on the keyboard. Participants were given unlimited
time to make their decision.
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Participants completed 24 rounds of the ultimatum game, playing 12 rounds with each partner type. Offer
amounts, ranging from $1 to $6, were presented in a random order. They were also balanced across partner types
for each participant, ensuring that all participants saw each offer two times from each partner type. For the AI
partner trials, we ensured that the offer amounts were the same between conditions. For human partner trials,
we recruited enough participants to ensure that we could balance offers between training conditions using the
same amounts.
To incentivize choice behavior, participants were informed that one trial would be randomly selected and

resolved at the end of each session. Participants received a bonus of 5% of the amount they earned from the trial.

3.2 Analysis
We employed logistic mixed-effects models to assess how partner type, training condition, offer amount, and their
interactions predicted participants’ acceptance of offers. Partner type was contrast coded (AI = 1, human = -1)
such that the intercept and effect of training condition could be interpreted across both partner types rather than
for one partner type alone. Similarly, offer amount was mean-centered such that all effects were interpretable
at the average offer amount rather than $0. Training condition was dummy coded, with the reference category
changed across models to investigate differences between groups 1. The model specification was:

𝑃 (accept = 1) = logit−1 (𝛽0 + 𝛽1 × offer + 𝛽2 × partner + 𝛽3 × condition + 𝛽4 × offer × partner
+𝛽5 × offer × condition + 𝛽6 × partner × condition + 𝛽7 × offer × partner × condition + 𝑢𝑖 )

where 𝑢𝑖 ∼ 𝑁 (0, 𝜎2
𝑢) denotes the random intercept for each participant, and the dependent variable was a binary

accept/reject decision. Models were estimated in R using the lme4 package [4], with standard errors computed
using the default method in the lme4 package and p-values obtained using the lmerTest package [43]. Our
analysis focused on the statistical significance of differences between conditions rather than the magnitude of
effects, as our primary goal was to determine whether participants’ behavior differed depending on whether they
were informed about and opted into AI training rather than to quantify the size of these differences. We used
this approach for both experiments. Complete mixed-effects model results for both experiments are reported in
Appendix F.

Following prior literature [54], we considered offers of $1-$3 to be unfair and offers of $4-$6 to be fair. Stimuli,
data, and analysis scripts for all experiments can be found on the Open Science Framework (OSF).2

3.3 Results
3.3.1 Participants. We aimed to recruit at least 100 participants per condition, as prior work has detected
significant effects with this sample size [70–72]. Because participants in some conditions could opt out of or read
information about AI training, we overrecruited to ensure sufficient sample sizes across conditions. As a result, a
total of 591 participants (305 female, 6 non-binary 1 missing;𝑀 = 38.35, SD = 12.88) were recruited from Prolific.
Four participants were excluded for completing the task twice. The average completion time was 8 minutes, with
a median pay of approximately $10 per hour (base rate of $8.50 per hour plus a bonus). For both experiments, all
participants provided informed consent, and the study was approved by the Washington University in St. Louis
IRB.

3.3.2 Opt-in and Information Engagement Rates. We found that participants opted into AI training regardless of
whether they were informed about details of the training process. Specifically, among participants who were

1Regression specifications with explicit condition names for both experiments are reported in Appendix E.
2Link found here: https://osf.io/pv8ku

https://osf.io/pv8ku
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required to read information about AI training, 90% (130 of 144) chose to opt in. Similarly, among participants
who could opt in without reading any information, 95% (126 of 133) opted in.

However, participants chose not to read information about AI training. Specifically, 81% (108 of 133) of
participants in the optional reading condition opted in without viewing any information about AI training.

Based on participants’ decisions, we identified a key distinction that allows us to isolate the effect of information
on behavior. Most participants in the optional reading, optional training condition chose not to view information
but still opted into training. This created a natural comparison: some participants opted in and were required to
read information (from the forced reading, optional training condition), while others opted in without reading
any information (from the optional reading, optional training condition).

We therefore defined two analysis conditions based on whether participants read information about AI training:
the informed opt-in training condition (𝑛 = 130, participants who read and opted in) and the uninformed
opt-in training condition (𝑛 = 108, participants who opted in without reading). Together with the control
(𝑛 = 161) and forced training (𝑛 = 150) conditions, this allows us to investigate how information engagement and
voluntary participation affect behavior. Table 1 provides a detailed breakdown.3

Condition # participants Informed opt-in Informed opt-out Uninformed opt-in Uninformed opt-out
Forced reading, forced training 150 - - - -
Forced reading, optional training 144 130 14 - -
Optional reading, optional training 133 17 3 108 4

Control 161 - - - -
Table 1. Number of participants per condition for Experiment 1. We focused analyses on groups with adequate sample sizes
(bolded: 𝑛 = 150, 𝑛 = 130, 𝑛 = 108, 𝑛 = 161), excluding groups with fewer than 20 participants.

3.3.3 Behavioral Changes by Information. We found that behavioral change depended on whether participants
read information about AI training, not whether they consented (Figure 2). Participants who read information
rejected more offers similarly to those forced to train AI. In contrast, participants who opted in without reading
behaved identically to the control condition.
A logistic mixed-effects model revealed a main effect of offer amount (𝑏 = 1.88, SE = 0.06, 𝑝 < 0.001),

replicating prior work [54, 65, 75]. Participants in the forced training condition rejected more offers than those in
the control condition (𝑏 = 1.04, SE = 0.34, 𝑝 = 0.003), aligning with previous findings [70–72].
To address our research questions, we examined how the informed opt-in training and uninformed opt-in

training conditions compared to both the control and forced training conditions. Participants in the informed
opt-in training condition rejected more offers than those in the control (𝑏 = 0.79, SE = 0.36, 𝑝 = 0.03) and the
uninformed opt-in training (𝑏 = 0.87, SE = 0.40, 𝑝 = 0.03) conditions. However, their responses did not differ
from those in the forced training condition (𝑏 = −0.25, SE = 0.36, 𝑝 = 0.49).
In contrast, participants in the uninformed opt-in training condition showed the opposite pattern: they

responded no differently from those in the control condition (𝑏 = −0.08, SE = 0.38, 𝑝 = 0.84) and rejected fewer
offers than those in the forced training condition (𝑏 = −1.11, SE = 0.38, 𝑝 = 0.004).

We found no interactions between training condition and offer amount (all 𝑝s ≥ 0.06), contrasting with prior
work [70–72]. However, visual inspection of Figure 2 suggested effects were particularly strong for unfair offers
(≤ $3) that the mixed effects model could not capture the interaction effects. Following prior work [70–72],
we conducted post-hoc 𝑡-tests on unfair offers only. These tests confirmed that both the forced training and
informed opt-in training conditions rejected more unfair offers than the uninformed opt-in training and control
3Due to low sample sizes, we excluded participants who opted out of AI training or who viewed information in the optional reading condition
but did not opt in.
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Fig. 2. Experiment 1 results. Graphs show the proportion of accepting an offer based on (a) offer amount and (b) fairness
conditioned on partner type and fairness. The informed opt-in training condition refers to participants who read information
and opted in (a subset of the forced reading, optional training condition), while the uninformed opt-in training condition
refers to participants who opted in without reading (a subset of the optional reading, optional training condition). Error bars
indicate standard error.

conditions (see Appendix A for detailed results). These findings suggest that information about AI training
increased rejection of unfair offers.

We found that participants responded no differently when partnered with a human compared to an AI partner
(𝑏 = .10, SE = 0.08, 𝑝 = 0.21). While the mixed-effects model identified additional interaction effects with
partner type, they were not relevant to our research questions and are reported in Appendix D.

3.4 Discussion
We found that when given the opportunity to train AI, the vast majority of participants chose to opt into it.
However, when given the choice whether to read information about AI training, most people chose to train AI
without reading about what the training involved. This lack of engagement had critical consequences for behavior.
Participants who consented without reading behaved identically to the control condition, while participants
who read information about AI training rejected unfair offers similarly to the forced condition. We replicated
this informed opt-in pattern in an independent sample (see Appendix B). Together, these findings demonstrate
that behavioral modification depends on actual engagement with information about the AI training process, not
merely knowing that training is occurring or voluntarily participating in AI training.

4 RQ2: Does the Format of Consent Information Influence Whether People Engage With It and How
They Behave When Training AI?

Experiment 1 showed that reading information about AI training led people to change their behavior when
training AI. However, it remains unclear how information presentation influences participant engagement. In
practice, consent information appears in many formats: some platforms present brief, easily skippable text,
whereas others require explicit acknowledgment through mechanisms such as clicking “I agree.” These differences
in format may shape both attention to the information and subsequent behavioral change.

Experiment 2 was designed to test whether the format of AI training information affects how long participants
engage with it and how they subsequently behave. As in Experiment 1, participants played the ultimatum game as
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responders. Participants in the AI training conditions were always presented with information about AI training,
but we varied its format. Some received three sentences of brief text displayed on the screen, while others received
a detailed three-paragraph popup message requiring them to click an ’I agree’ button. To assess engagement, we
measured how long participants spent viewing the instructions. Participants were randomly assigned to one of
three conditions:
• Forced training–brief: Participants were presented with three sentences describing AI training. They could
not opt out of training. This condition replicated the forced training condition from Experiment 1.

• Forced training–detailed: Participants viewed a popup message describing AI training in three paragraphs
and were required to click “I agree” to proceed. They could not opt out of training. This format mirrors
common real-world consent interfaces.

• Control: Participants received no information about AI training and were not part of training.

4.1 Design
The design was nearly identical to Experiment 1 (see Figure 1), with two key modifications. First, because
Experiment 1 showed that participants overwhelmingly consented to AI training when given a choice, we
required all participants in the training conditions to train the AI (i.e., they could not opt out). This modification
allowed us to isolate the effect of information format on engagement and behavior. Second, we introduced a
new consent format in which AI training information was presented as a detailed popup requiring explicit
acknowledgment.
Participants were randomly assigned to one of three conditions. In the forced training–brief condition

(𝑛 = 142), participants viewed information about AI training presented in three sentences, identical to the forced
training condition in Experiment 1. In the forced training–detailed condition (𝑛 = 153), participants received
the same core information expanded into three paragraphs, presented in a popup window. Participants were
required to click “I agree” to proceed. The AI training information text for both conditions is provided in Appendix
C. In the control condition (𝑛 = 149), participants received no information about AI training, identical to the
control condition of Experiment 1.
To assess engagement, we recorded how long participants spent viewing the AI training information. In the

forced training–brief condition, this was the time spent on the AI training information screen. In the forced
training–detailed condition, this was the time the popup remained open before participants clicked “I agree.”
The ultimatum game procedure, partner types, offer amounts, and incentive structure were identical to

Experiment 1.

4.2 Results
4.2.1 Participants. A total of 448 participants (227 female, 7 non-binary, 1 missing; 𝑀 = 41.53, SD = 13.10)
were recruited from Prolific. Three participants were excluded: two for completing the task twice and one for
refreshing the webpage and being exposed to multiple conditions. The average completion time was 7.5 minutes,
with a median pay of approximately $10.25 per hour (base rate of $9.25 per hour plus a bonus).

4.2.2 Reading Time by Format. We first examined whether format affected how long participants spent reading
AI training information. Despite the detailed format containing substantially more text (three paragraphs vs. three
sentences), participants in the forced training–detailed (𝑀 = 17.4 seconds, 𝑆𝐸 = 2.2) and forced training–brief
conditions (𝑀 = 12.7 seconds, 𝑆𝐸 = 1.8) spent similar time reading as those in the forced training–brief condition
(𝑊 = 11448, 𝑝 = 0.63). This suggests participants did not fully read the longer, more detailed format.

To confirm this pattern reflected differences in AI training information specifically rather than differences in
reading speed across conditions, we examined time spent on general instructions unrelated to AI training. Pairwise
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Fig. 3. Results for Experiment 2. Graphs show the proportion of accepting an offer as a function of (a) offer amount and (b)
fairness, conditioned on partner type. Error bars indicate standard error.

Wilcoxon rank-sum tests revealed no differences between conditions (𝑝s ≥ 0.24),4 confirming comparable baseline
reading speeds.

4.2.3 Behavioral Changes in AI Training by Format. We next examined how the information format affected
participants’ training behavior. Both formats produced similar behavioral changes when training AI (Figure 3).
Participants in both the forced training–brief and forced training–detailed conditions rejected more unfair offers
than the control condition, and the two training conditions did not differ from each other.
A logistic mixed-effects model revealed a main effect of offer amount (𝑏 = 2.36, SE = 0.09, 𝑝 < 0.001),

replicating prior work [54, 65, 75]. When comparing the forced training–brief and control conditions, the model
found neither a main effect of training condition (𝑏 = −0.78, SE = 0.43, 𝑝 = 0.07) nor an interaction effect with
offer amount (𝑏 = 0.08, SE = 0.13, 𝑝 = 0.54). However, visual inspection of Figure 3 suggested participants
in the forced training–brief condition were more punitive toward unfair offers. A 𝑡-test confirmed this pattern
(𝑡441 = 2.15, 𝑝 = 0.03).
Participants in the forced training–detailed condition showed the same pattern. They rejected more offers

than the control condition (𝑏 = −0.96, SE = 0.42, 𝑝 = 0.02) but did not differ from the forced training–brief
condition (𝑏 = −0.18, SE = 0.42, 𝑝 = 0.66). Post-hoc 𝑡-tests confirmed they were more punitive for unfair offers
than the control condition (𝑡441 = 1.99, 𝑝 = 0.047) but did not differ from the forced training–brief condition
(𝑡441 = 0.20, 𝑝 = 0.84).
Partner type did not affect responses (𝑏 = −0.11, SE = 0.07, 𝑝 = 0.13), with no interaction effects found

(𝑝s ≥ 0.17).

4.3 Discussion
Experiment 2 showed that providing substantially different amounts of information, three sentences versus three
paragraphs, did not meaningfully change how long participants spent reading AI training instructions. This
similarity in engagement time was mirrored in behavior: participants in the forced training–brief and forced
training–detailed conditions exhibited comparable rejection patterns relative to the control condition.
4Control vs. forced training–detailed:𝑊 = 12025, 𝑝 = 0.75; control vs. forced training–brief:𝑊 = 10364, 𝑝 = 0.38; forced training–brief vs.
forced training–detailed:𝑊 = 10217, 𝑝 = 0.24.
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These results suggest that participants did not engage more deeply with the detailed popup information,
instead spending just enough time to register the core fact that their behavior would be used to train an AI
model. As a result, both formats produced similar behavioral changes. This pattern indicates that awareness of
AI training itself, rather than engagement with or comprehension of detailed explanatory content, is sufficient to
elicit behavioral modification.

5 General Discussion

5.1 Recap
As privacy regulations now require organizations to disclose when they collect human data for AI training,
it is important to understand how these disclosures shape the training data itself. If disclosure changes how
people behave, the data used to train AI may no longer reflect baseline human decision making. This research
examined how consent processes and information engagement influence behavior when training AI. Across two
experiments, participants played the ultimatum game as responders, deciding whether to accept or reject offers
from AI and human partners. Some participants were informed their decisions would train an AI proposer for
future participants, while others could choose whether to train AI.

Experiment 1 tested whether consenting to AI training and choosing whether to inform oneself about it affects
how people train AI. We manipulated whether participants could opt into AI training and whether they could
choose to read information about the training process. We found that most participants (≥ 90%) opted for AI
training, but the majority (81%) did so without reading information about what AI training involved. Critically,
only participants who read information modified their behavior, rejecting more unfair offers than the control
group. Participants who consented without reading behaved identically to controls, demonstrating that consent
alone does not drive behavioral change: only information engagement does.
Experiment 2 examined whether the format of consent information influences engagement and behavior.

We compared two formats: brief text (three sentences) versus a detailed popup (three paragraphs). Despite the
substantial difference in text length, participants spent similar time reading both formats and showed similar
behavioral changes. Both training conditions rejected more unfair offers than controls, suggesting that providing
any information about AI training drives behavioral modification.
Across both experiments, we found main effects of training condition rather than interactions with offer

amount, unlike prior work [70–72]. However, exploratory post-hoc 𝑡-tests confirmed that participants who
received information about AI training were more punitive toward unfair offers. Together, these findings reveal
that information engagement, not consent decisions or presentation format, determines whether people modify
their behavior when training AI.

5.2 Behavioral Changes Depend on the Presence of Information
Our findings show that behavioral shifts when training AI depend on reading information about the training, not
simply knowing it exists or opting into it. In Experiment 1, participants who consented to AI training without
reading any explanatory information behaved indistinguishably from the control group, despite being aware
that AI training existed. This pattern suggests that awareness alone is insufficient to drive behavioral change.
Behavioral modification emerged only when participants engaged with information describing how their behavior
would be used to train AI.

Experiment 2 clarifies that it is the presence of this information, rather than the amount of information
processed, that drives behavioral change. Participants modified their behavior regardless of whether AI training
information was presented in a brief or detailed format. Although the detailed format contained substantially
more text, participants spent similar time reading both versions. This pattern indicates that participants in the
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detailed condition did not fully read the text but still extracted the core message: that they were training an AI to
play against future participants.

Several mechanisms could explain this efficient extraction. Information foraging theory [60, 61], which describes
how people optimize information gathering by stopping once they’ve found what they seek, would predict that
participants read sequentially and stopped once encountering the AI training message. Alternatively, research on
skim reading [20] shows that readers focus on early portions of text. Applied to our results, participants may
have engaged in strategic skimming of the detailed popup, bypassing peripheral details about data privacy and
storage because the core AI training message appeared in the first half. Finally, guided visual search theory [77],
which explains how people scan for specific target information, would predict that participants scan for keywords
related to AI training while bypassing peripheral details. Eye-tracking research may distinguish among these
explanations by revealing whether participants focus early in the text (skimming), stop after key information
(foraging), or scan non-sequentially (visual search).

Together, these findings have important implications for AI training contexts. Providing more detailed consent
information does not ensure deeper engagement or comprehension. Instead, users extract minimal information
needed to recognize that AI training is occurring and adjust their behavior accordingly. The framing of the core
message appears to be the primary factor shaping how people behave when training AI.

5.3 Implications for Transparency and AI Training
Our findings reveal an important dynamic at the heart of transparency requirements for AI training. Informing
users that their behavior will train AI changes the very behavior being collected. Prior frameworks such as
Goodhart’s Law [26] and Campbell’s Law [8] focus on how people game metrics once they know they are
being evaluated. Our results reveal a related dynamic at an earlier stage, as people modify their behavior when
generating data used to train AI. As a result, when organizations disclose AI training practices, they may introduce
systematic variation into their training data as users modify their behavior in response. While transparency
has been advocated as essential for accountability and trust in AI systems [16, 52], our findings suggest that
full transparency about AI training may introduce additional biases into training data that require careful
consideration.
Notably, participants modified their behavior even though we provided minimal detail about the AI training

process. We informed participants that their responses would train an AI proposer that would play against future
participants, but we did not explain how the AI would learn from their behavior or what algorithms would
be used. Despite this limited information, participants still changed how they responded. This suggests that
behavioral modification does not require technical understanding of AI training. Instead, participants appear to
rely on their own assumptions and beliefs about AI when deciding how to behave [72].
This finding connects to broader research on user strategization: the tendency for people to adjust their

behavior to influence algorithmic outcomes [10, 18, 31, 68]. Prior work has shown that users modify behavior
when recommendation algorithms are disclosed [9]. Our research further demonstrates that strategization occurs
even without explicit information about algorithmic mechanisms. People form beliefs about how AI learns and
adjust their behavior, embedding their expectations about fairness, appropriate AI behavior, and social norms
into the training data.
However, these behavioral adjustments are not necessarily problematic. In some cases, they may reflect

users expressing normative preferences about fairness and attempting to steer AI behavior in socially desirable
directions [70, 71]. For example, participants in our experiment may have modified their behavior to instill
fairness into the AI, teaching it to make fair offers to future participants. Whether these shifts constitute bias or a
form of democratic correction depends on what one considers representative and fair training data.
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Regardless of the underlying motives, such shifts should be documented and made transparent. One way to
support this transparency is to adopt practices similar to "Datasheets for Datasets" [24], where all aspects of the
training process, including how consent procedures may have shaped participation and behavior, are documented
and made available to policymakers.

Our findings also raise considerations for AI developers. When training data are collected under transparency
requirements, some users will read the disclosures and modify their behavior while others will not. This creates
systematic variation in the training data depending on whether users engage with information. As a result,
models trained on this mixed data may not accurately reflect the baseline behavior they are intended to capture.
Developers should account for this variation when building and evaluating AI trained on human behavior.

5.4 Sociotechnical Implications
Our findings have important implications for how different communities engage with the consent process.
Research on informed consent has documented distrust of consent processes among marginalized groups,
stemming from a legacy of mistreatment and research abuses [12, 23]. In focus groups, marginalized groups have
expressed beliefs that consent processes are designed to protect researchers rather than participants [23]. In AI
training contexts, marginalized communities may similarly perceive consent requests as extractive or predatory,
designed to benefit developers rather than users. As a result, marginalized groups may be less likely to opt into
AI training, producing training sets that do not represent the broader population and risk amplifying existing
inequities [3, 13]. Rather than treating this as a self-selection bias problem, developers should consider how the
consent processes may reproduce existing power imbalances [14] and work to design consent procedures that
are culturally sensitive and build trust within the communities [62].

5.5 Why People Don’t Read Information About AI Training
In Experiment 1, we found that most participants opted into AI training, yet the majority did so without viewing
information about the training process. This finding parallels research on cookie consent, where users routinely
accept notices while ignoring details [28, 37, 46, 73]. Participants may not have cared enough about AI training
to invest effort in reading, consistent with the privacy paradox [40]. Additionally, participants accustomed to
clicking through consent forms in online contexts may have treated AI training consent the same way, reflecting
consent fatigue [63].

Two explanations could account for why participants avoided reading AI training information. First, they may
have believed they already understood what AI training entailed based on prior knowledge, making additional
details seem unnecessary. Second, participants may have conducted an implicit cost-benefit analysis [41, 66, 67],
weighing the cognitive effort required to read against the perceived value of the information. In our low-stakes
study, participants likely did not care strongly about AI training implications. As a result, the cost of reading
may have outweighed the perceived benefit. Future research could test these explanations by directly asking
participants why they avoided information or by manipulating decision stakes to increase motivation [6, 45].

5.6 Generalization of the Ultimatum Game
We used the ultimatum game, a well-established paradigm for measuring fairness concerns [57, 74], to answer
our research questions. In our version of this, participants made explicit evaluative judgments about AI proposals.
Therefore, our results may generalize to AI training contexts in which users provide direct feedback signals
such as rating content or reinforcement learning from human feedback [44, 53, 78]. However, our findings may
not extend to different AI training contexts, such as imitation learning [33] or systems that rely on implicit
feedback [35]. In these settings, achieving the same underlying goal may require users to behave differently
during training. For example, in the ultimatum game, a user who wants to teach an AI to make fair decisions
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can reject unfair offers in a labeling task, but would instead need to switch roles and propose fair offers under
imitation learning. Future work could examine whether the training paradigm itself leads users to systematically
modify their behavior and whether those modifications differ in magnitude or direction.

5.7 Effect of Partner Type
Participants in our experiments responded to offers from both human and AI partners. This manipulation
primarily served to remind participants that AIs are actively participating, but also allowed us to examine whether
people respond differently to AI versus human partners. We found no difference in responses to partner types,
replicating prior work [70–72]. This contrasts with several studies [11, 54, 65, 75] that report higher acceptance
rates for unfair offers from AI proposers. Several factors may explain this discrepancy. First, participants may
have felt less interpersonal connection with human proposers, as they were represented by abstract silhouettes
in our study and those by Treiman et al. [70, 71, 72]. Additionally, our study was conducted entirely online, while
previous studies were conducted in person [11, 54, 65, 75]. Finally, framing the AI models as capable of learning
may have led participants to treat them more similarly to human partners. Future research could test these
explanations by systematically varying data collection method (online vs. in-person) and partner representation
while holding other aspects of the paradigm constant.

5.8 Limitations
Our findings should be interpreted with appropriate caution. While the ultimatum game provided a scientifically
rigorous method for answering our research questions, behavioral responses may differ in real-world contexts.
For example, AI is increasingly used in high-stakes domains such as allocating resources to people experiencing
homelessness [42] or kidneys to patients [22]. When people know their training behavior affects such consequen-
tial outcomes, they may modify their responses differently than in our experimental setting. Nevertheless, these
findings provide important insights into whether people choose to inform themselves when training AI and how
this choice affects their behavior. Future work could apply this framework to test information engagement effects
in more applied contexts.
We should also note that the stakes in this study were relatively low, with participants earning only 5% of

the amount from a single negotiation. This setup may have led participants to rush through the task or opt
into AI training without much consideration, as they had little incentive to carefully evaluate their decisions.
However, using relatively low stakes better reflects many real-world interactions with AI, where the stakes are
often minimal in both value and impact. While individual low-stakes decisions might seem insignificant, they
can accumulate into high-stakes consequences. Therefore, understanding human behavior during AI training is
crucial, even when the stakes are relatively low.

6 Conclusion
This research demonstrates that informing users about AI training changes the very behavior being collected.
When given the choice, most people consent to AI training without reading details, and only those who engage
with information modify their behavior. Moreover, the format of information presentation matters less than
whether users engage with it at all. As a result, privacy regulations requiring transparency about AI training may
introduce systematic variation into training data. Users who choose to inform themselves modify their behavior
to reflect what they believe AI should learn, while those who consent without reading provide unmodified
responses. Thus, when designing disclosures, both user autonomy and the behavioral changes that occur during
training deserve attention. AI developers should document key aspects about the training process to ensure that
those who use these systems are making informed decisions.
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A Experiment 1 𝑡-Test Results
To examine whether training conditions were more punitive toward unfair offers specifically, we conducted
exploratory 𝑡-tests comparing acceptance rates for offers ≤ $3 across conditions. Participants in the forced
training and informed opt-in training conditions rejected significantly more unfair offers than those in the control
and uninformed opt-in training conditions. Participants in the uninformed opt-in training condition did not differ
from controls. Responses in the forced training and informed opt-in training conditions did not differ from each
other. Table 2 presents detailed results.

Comparison Estimate SE df 𝑡 𝑝 Sig.
Control vs. Forced training 0.104 0.041 545 2.57 0.010 *
Control vs. Informed opt-in 0.101 0.042 545 2.39 0.017 *
Control vs. Uninformed opt-in 0.004 0.044 545 0.09 0.930
Forced vs. Informed opt-in -0.004 0.043 545 -0.09 0.932
Forced vs. Uninformed opt-in -0.100 0.045 545 -2.23 0.026 *
Informed vs. Uninformed opt-in -0.097 0.046 545 -2.08 0.038 *

Table 2. Pairwise 𝑡-test comparisons for acceptance rates of unfair offers (≤ $3) in Experiment 1. * indicates 𝑝 < 0.05.

B Supplementary Study: Replication of Informed Opt-In Pattern

B.1 Method
The method was identical to Experiment 1 with one exception: we did not include the optional reading, optional
training condition. Participants were randomly assigned to one of three conditions: forced reading, forced training
(𝑛 = 111), forced reading, optional training (𝑛 = 224), or control (𝑛 = 107).

B.2 Results
A total of 446 participants (257 female, 2 non-binary, 1 missing; 𝑀 = 38.26, SD = 12.18) were recruited from
Prolific. Two participants were excluded: one for completing the task twice and another for refreshing the page
and being exposed to multiple conditions. The average completion time was 8 minutes, with a median pay of
approximately $10 per hour (base rate of $8.50 per hour plus a bonus). All participants provided informed consent,
and the study was approved by the Washington University in St. Louis IRB.
Among participants in the forced reading, optional training condition, 86% (192 of 224) chose to opt into AI

training. Due to low sample size, we excluded participants who opted out of training. As in Experiment 1, we
refer to participants who read and opted in as the informed opt-in training condition and those required to train
as the forced training condition.
The results are shown in Figure 4. A logistic mixed-effects model revealed a main effect of offer amount

(𝑏 = 1.84, SE = 0.08, 𝑝 < 0.001). Additionally, participants in the forced condition rejected more offers than
those in the control condition (𝑏 = −0.83, SE = 0.40, 𝑝 = 0.04). Although there was no interaction between
training condition and offer amount (𝑏 = 0.16, SE = 0.11, 𝑝 = 0.16), an exploratory post-hoc 𝑡-test on unfair
offers revealed the expected pattern. Participants in the forced training condition rejected significantly more
unfair offers than those in the control condition (𝑡407 = 2.42, 𝑝 = 0.02), replicating Experiment 1.

Critically, participants in the informed opt-in training condition rejected more offers than those in the control
condition (𝑏 = −1.35, SE = 0.36, 𝑝 < 0.001) and did not differ from the forced training condition (𝑏 = −0.52, SE =

0.35, 𝑝 = 0.13). Post-hoc 𝑡-tests on unfair offers confirmed this pattern: participants in the informed opt-in
training condition rejected significantly more unfair offers than controls (𝑡407 = 3.72, 𝑝 < 0.001) and did not differ
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Fig. 4. Results of the replication experiment. Graphs show the proportion of accepting an offer based on (a) offer amount
and (b) fairness conditioned on partner type and fairness. The informed opt-in training condition refers to participants who
read information and opted in (a subset of the forced reading, optional training condition). Error bars indicate standard error.

from the forced training condition (𝑡407 = 1.02, 𝑝 = 0.31). These findings replicate the informed opt-in pattern
observed in Experiment 1, demonstrating that information engagement produces robust behavioral changes.
The model found no difference in partner type (𝑏 = −0.15, SE = 0.08, 𝑝 = 0.06) or any other significant

interactions (𝑝s ≥ 0.07).

C Information Formats for Experiment 2

C.1 Forced Training—Brief Condition
Participants in the forced training—brief condition saw the following text displayed on screen:

Your responses will be used to train an AI to propose offers.

This AI will learn by observing your responses.

The AI you train will play against other Prolific participants in future experiments.

C.2 Forced Training—Detailed Condition
Participants in the forced training—detailed condition first saw a brief message with a link:

Your responses will be used to train an AI that proposes offers.

Click here for more information

Clicking the link opened a popup window with the following text:
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Details on AI Training Participation and Data Usage

This document provides you with important information regarding the AI training component of
this study and how your data will be used in this context. As part of this study, you will contribute to
the training of an AI model designed to propose offers. Your responses and interactions will be used
by the AI to learn and enhance its ability to generate strategies aligned with the patterns of human
decision making.

Please note that the AI model trained on your data will be utilized in future studies involving other
participants recruited through Prolific. Any data used to train the AI will be treated with strict
confidentiality and will be used solely for the purposes outlined in this study.

Your privacy and data protection are our primary concerns, and all data handling will comply with
applicable data protection standards. Data relevant to your interactions in this study will be utilized
for AI training purposes, and these interactions will be stored and managed in accordance with
applicable data protection standards.

The AI training component is an integral part of this research study. By continuing with the experi-
ment, you consent to AI training.

Participants were required to click "I agree" to close the popup and proceed with the experiment.

D Opponent Effects
The mixed-effects model revealed interactions involving opponent type, training condition, and offer amount.
Specifically, the model identified a two-way interaction between opponent type and training condition when
comparing the forced and uninformed conditions (𝑏 = 0.21, SE = 0.10, 𝑝 = 0.045), a two-way interaction between
opponent type and training condition when comparing the uninformed and control conditions (𝑏 = −0.21, SE =

0.11, 𝑝 = 0.045), and a three-way interaction between opponent type, offer amount, and training condition when
comparing the forced and control conditions (𝑏 = −0.15, SE = 0.07, 𝑝 = 0.023).

We first examined the two-way interactions by comparing differences in acceptance rates for AI versus human
partners across training conditions. When comparing the forced and uninformed training conditions, participants
in the forced condition showed greater sensitivity to opponent type than those in the uninformed condition
(𝑡254 = −2.17, 𝑝 = 0.031). Specifically, while both groups accepted more offers by humans, participants in
the forced condition showed a larger difference in acceptance rates between human and AI partners than did
participants in the uninformed condition. In contrast, when comparing the control and uninformed conditions,
there was no difference in sensitivity to opponent type (𝑡265 = −1.38, 𝑝 = 0.17).

We next examined the three-way interaction between training condition, opponent type, and offer amount by
estimating the interaction between opponent type and offer amount separately within each training condition.
Within the forced training condition, acceptance rates increased strongly with offer amount (𝑏 = 1.84, SE =

0.07, 𝑝 < 0.001), but there was no main effect of opponent type (𝑏 = −0.10, SE = 0.06, 𝑝 = 0.10) or significant
interaction between opponent type and offer amount (𝑏 = 0.05, SE = 0.04, 𝑝 = 0.27). Thus, participants in the
forced condition did not adjust their responses to AI versus human partners depending on the offer amount.
Within the control condition, we also found a main effect of offer amount (𝑏 = 1.95, SE = 0.07, 𝑝 < 0.001)

and no main effect on opponent type (𝑏 = −0.11, SE = 0.07, 𝑝 = 0.10). In contrast to the forced condition, we
observed a significant interaction between opponent type and offer amount (𝑏 = −0.10, SE = 0.05, 𝑝 = 0.039).
The negative interaction coefficient indicates that as offers increased, participants’ relative acceptance of AI
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versus human offers decreased. Specifically, at lower offers, participants were more likely to accept offers from AI
partners, whereas at higher offers, they were more likely to accept offers from human partners. This pattern
indicates that participants in the control condition adjusted their responses to AI and human opponents differently
depending on offer amount.

These opponent-specific effects are reported for completeness. Prior work using similar paradigms has found
that differences between AI and human opponents, including interaction patterns with offer amounts, are
inconsistent and do not reliably replicate across studies [70–72]. Accordingly, these results should be viewed as
exploratory and informative for future research rather than as robust effects.

E Regression Specifications

E.1 Experiment 1
For Experiment 1, we manipulated the reference category to be the forced training condition, informed training
condition, or uninformed training condition. Below is the entire equation when the reference level is the forced
training condition.

𝑃 (accept = 1) = logit−1 (𝛽0 + 𝛽1 × offer + 𝛽2 × partner + 𝛽3 × control + 𝛽4 × informed training
+𝛽5 × uninformed training + 𝛽6 × offer × partner + 𝛽7 × offer × control
+𝛽8 × offer × informed training + 𝛽9 × offer × uninformed training + 𝛽10 × partner × control
+𝛽11 × partner × informed training + 𝛽12 × partner × uninformed training
+𝛽13 × offer × partner × control + 𝛽14 × offer × partner × informed training
+𝛽15 × offer × partner × uninformed training + 𝑢𝑖 )

E.2 Experiment 2
For Experiment 2, we manipulated the reference category to be the forced training-brief condition or the control
condition. Below is the entire equation when the reference level is the forced training-brief condition.

𝑃 (accept = 1) = logit−1 (𝛽0 + 𝛽1 × offer + 𝛽2 × partner + 𝛽3 × forced training-detailed + 𝛽4 × control
+𝛽5 × offer × partner + 𝛽6 × offer × forced training-detailed + 𝛽7 × offer × control
+𝛽8 × partner × forced training-detailed + 𝛽9 × partner × control
+𝛽10 × offer × partner × forced training-detailed + 𝛽11 × offer × partner × control + 𝑢𝑖 )
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F Mixed-Effects Regression Results

Table 3. Experiment 1. Reference Level: Forced training

Predictor Estimate Std. Error z-value p

Intercept 1.103 0.244 4.53 < .001∗∗∗
Offer 1.879 0.064 29.21 < .001∗∗∗
Opponent (AI) −0.101 0.060 −1.68 .093
Control 1.037 0.343 3.03 .002∗∗
Informed training 0.246 0.358 0.69 .493
Uninformed training 1.112 0.383 2.90 .004∗∗
Offer × Opponent (AI) 0.051 0.045 1.13 .259
Offer × Control 0.040 0.091 0.44 .662
Offer × Informed training 0.083 0.095 0.88 .382
Offer × Uninformed training 0.198 0.107 1.85 .065
Opponent (AI) × Control −0.005 0.089 −0.06 .951
Opponent (AI) × Informed training 0.064 0.090 0.71 .477
Opponent (AI) × Uninformed training 0.206 0.103 2.01 .045∗
Offer × Opponent (AI) × Control −0.148 0.065 −2.28 .023∗
Offer × Opponent (AI) × Informed training −0.034 0.069 −0.50 .618
Offer × Opponent (AI) × Uninformed training −0.018 0.074 −0.24 .812

Note. Estimates are log-odds from a mixed-effects logistic regression with random intercepts for participant. ∗𝑝 < .05, ∗∗𝑝 < .01, ∗∗∗𝑝 < .001.

Table 4. Experiment 1. Reference level: Informed training

Predictor Estimate Std. Error z-value p

Intercept 1.349 0.263 5.12 < .001∗∗∗
Offer 1.962 0.073 27.03 < .001∗∗∗
Opponent (AI) −0.037 0.067 −0.56 .575
Control 0.791 0.356 2.22 .026∗
Forced training −0.246 0.358 −0.69 .493
Uninformed training 0.866 0.395 2.19 .028∗
Offer × Opponent (AI) 0.017 0.052 0.32 .747
Offer × Control −0.044 0.096 −0.45 .652
Offer × Forced training −0.083 0.095 −0.88 .382
Offer × Uninformed training 0.115 0.112 1.02 .306
Opponent (AI) × Control −0.069 0.093 −0.74 .457
Opponent (AI) × Forced training −0.064 0.090 −0.71 .477
Opponent (AI) × Uninformed training 0.142 0.107 1.33 .184
Offer × Opponent (AI) × Control −0.113 0.070 −1.63 .104
Offer × Opponent (AI) × Forced training 0.034 0.069 0.50 .618
Offer × Opponent (AI) × Uninformed training 0.017 0.078 0.22 .829

Note. Estimates are log-odds from a mixed-effects logistic regression with random intercepts for participant. ∗𝑝 < .05, ∗∗𝑝 < .01, ∗∗∗𝑝 < .001.
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Table 5. Experiment 1. Reference level: Uninformed training

Predictor Estimate Std. Error z-value p

Intercept 2.215 0.296 7.48 < .001∗∗∗
Offer 2.077 0.089 23.44 < .001∗∗∗
Opponent (AI) 0.104 0.083 1.26 .209
Control −0.075 0.381 −0.20 .843
Forced training −1.112 0.383 −2.91 .004∗∗
Informed training −0.866 0.395 −2.19 .028∗
Offer × Opponent (AI) 0.034 0.058 0.58 .564
Offer × Control −0.158 0.108 −1.46 .144
Offer × Forced training −0.198 0.107 −1.85 .065
Offer × Informed training −0.115 0.112 −1.02 .306
Opponent (AI) × Control −0.211 0.105 −2.00 .045∗
Opponent (AI) × Forced training −0.206 0.103 −2.01 .045∗
Opponent (AI) × Informed training −0.142 0.107 −1.33 .184
Offer × Opponent (AI) × Control −0.130 0.074 −1.75 .081
Offer × Opponent (AI) × Forced training 0.018 0.074 0.24 .812
Offer × Opponent (AI) × Informed training −0.017 0.078 −0.22 .829

Note. Estimates are log-odds from a mixed-effects logistic regression with random intercepts for participant. ∗𝑝 < .05, ∗∗𝑝 < .01, ∗∗∗𝑝 < .001.

Table 6. Experiment 2. Reference level: control

Predictor Estimate Std. Error z-value p

Intercept 2.487 0.308 8.08 < .001∗∗∗
Offer 2.363 0.093 25.50 < .001∗∗∗
Opponent (AI) −0.112 0.074 −1.52 .130
Forced training-detailed −0.963 0.423 −2.28 .023∗
Forced training-brief −0.778 0.432 −1.80 .072
Offer × Opponent (AI) −0.057 0.056 −1.02 .308
Offer × Forced training-detailed −0.089 0.119 −0.75 .455
Offer × Forced training-brief 0.077 0.125 0.62 .539
Opponent (AI) × Forced training-detailed 0.085 0.099 0.86 .391
Opponent (AI) × Forced training-brief 0.136 0.103 1.31 .189
Offer × Opponent (AI) × Forced training-detailed −0.001 0.077 −0.02 .986
Offer × Opponent (AI) × Forced training-brief 0.059 0.082 0.73 .466

Note. Estimates are log-odds from a mixed-effects logistic regression with random intercepts for participant. ∗𝑝 < .05, ∗∗𝑝 < .01, ∗∗∗𝑝 < .001.
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Table 7. Experiment 2. Reference level: Forced training-brief

Predictor Estimate Std. Error z-value p

Intercept 1.710 0.306 5.58 < .001∗∗∗
Offer 2.440 0.092 26.43 < .001∗∗∗
Opponent (AI) 0.024 0.073 0.33 .739
Control 0.778 0.432 1.80 .072
Forced training-detailed −0.185 0.424 −0.44 .662
Offer × Opponent (AI) 0.002 0.059 0.03 .974
Offer × Control −0.077 0.125 −0.62 .539
Offer × Forced training-detailed −0.166 0.120 −1.39 .166
Opponent (AI) × Control −0.136 0.103 −1.31 .189
Opponent (AI) × Forced training-detailed −0.051 0.098 −0.52 .603
Offer × Opponent (AI) × Control −0.059 0.082 −0.73 .466
Offer × Opponent (AI) × Forced training-detailed −0.061 0.079 −0.77 .442

Note. Estimates are log-odds from a mixed-effects logistic regression with random intercepts for participant. ∗𝑝 < .05, ∗∗𝑝 < .01, ∗∗∗𝑝 < .001.
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