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• Tested 864 AI study designs varying seven governance parameters.

• Comfort, safety, trust, and usefulness mediated participation willingness.

• Data access, anonymization, and retention impacted participation as
expected.

• Model training and corporate management did not reduce participation.

• Ethics boards should enforce safeguards despite varied participant per-
ceptions.
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Abstract

As Large Language Models (LLMs) become integrated into human-subjects
research, understanding how participants perceive and consent to data use is
central to building transparent and trustworthy research practices. We con-
ducted a scenario-based study in which 157 participants evaluated 12 scenarios
(sampled from a pool of 864), each varying across seven parameters: topic
sensitivity, LLM management, data anonymization, data retention, model
training, additional data access, and additional consent. We find that the
effect of parameters on participants’ willingness to participate was mediated
by their perceptions of comfort, usefulness, safety, appropriateness, and trust.
Anonymization and explicit consent increased participation willingness, while
longer retention and broader data access reduced it. Surprisingly, corporate
LLM management (vs. federal) did not reduce participation, and data use for
model training or personalization—despite potential data leakage—increased
willingness to participate. We conclude with design implications for consent
processes, transparency mechanisms, and governance practices that align
research with participant expectations.

This preprint research paper has not been peer reviewed. Electronic copy available at: https://ssrn.com/abstract=6235653

Pr
ep

rin
t n

ot
 p

ee
r r

ev
ie

wed



Keywords: Human-Subjects Research, Research Governance, Research
Ethics, Artificial Intelligence, Large Language Models, Scenario-based
Studies, Participant Attitudes

1. Introduction

As Artificial Intelligence (AI) systems are increasingly embedded in sen-
sitive social domains, questions of privacy, trust, and data governance have
become central to both practice and research. Human-Computer Interaction
(HCI) researchers are increasingly utilizing Large Language Models (LLMs)
to conduct user studies across contexts, such as, healthcare to education (Tlili
et al., 2023; Levkovich and Elyoseph, 2023; Kamal, 2025; He et al., 2024).
Privacy is a central ethical and methodological concern in user studies where
participants have conversations with LLMs. LLM-mediated interactions are
generative and open-ended (Zhang et al., 2020), which creates new method-
ological opportunities, but also distinct governance challenges: participants
may disclose unanticipated facts, narratives, or identifiers, while providers
may retain, analyze, or reuse such interactions for purposes like analytics
or model training (Chow et al., 2023; Fiske et al., 2019). These dynamics
introduce heightened uncertainty about what is collected, how long it is
retained, who has access, and whether it will be repurposed, for example,
as training data, internal evaluation corpora, or secondary research datasets.
Scholars and ethicists warn that such opacity can undermine participants’
trust and willingness to engage, especially when AI systems are deployed in
sensitive domains (Zhang et al., 2020; Fecher et al., 2023).

While prior work has identified broad privacy risks in AI-mediated research
(Shahriar et al., 2023; Gama et al., 2022), less is known about how specific
governance choices in studies where participants have conversational interac-
tions with LLMs—such as LLM management, data retention, anonymization,
or model training (Vladika et al., 2025)—shape participants’ willingness to
engage. Understanding these effects is critical for designing transparent,
participant-centered conversational LLM research studies (Bach et al., 2024;
McDonald and Forte, 2020).

In this work, we focus on Human-LLM Conversational Interaction
research studies (hereafter abbreviated as HLLMCI research stud-
ies)—studies in which research participants interact with an LLM through a
conversational interface. While this does not encompass all ways researchers
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employ LLMs, our focus on conversational interaction studies represents a
common and growing subset of LLM-based research methodologies where
participants directly engage with LLMs and where data governance choices
are most immediately visible and consequential to participants.

To study the effects of research governance choices in HLLMCI research
studies, we extend the privacy calculus framework (Dinev and Hart, 2006),
which posits that individuals weigh expected benefits against perceived risks
when deciding whether to disclose information. In HLLMCI research studies,
participants must consider a study’s description (characterized by governance
parameters) and subjectively assess its comfort, usefulness, safety, appropriate-
ness, and trustworthiness. Yet, systematic evidence on how these perceptions
translate into willingness to participate, and how different parameters interact,
remains limited. This motivates our two Research Questions (RQs):

• RQ1: How do design parameters of an HLLMCI research study scenarios
affect participants’ willingness to participate, and are these effects
mediated by participants’ subjective perceptions of comfort, usefulness,
safety, appropriateness, and trust?

• RQ2: What are the effects of specific parameter values on participants’
attitudes and willingness to participate (i.e., post-hoc differences be-
tween values), and how do these effects interact with other parameters?

To address these questions, we conducted a scenario-based online study
(N = 157) in which participants evaluated multiple HLLMCI research study
descriptions that systematically varied along seven parameters (i.e., Topic
Sensitivity, LLM Management, Data Anonymization, Data Retention, Model
Training, Additional Data Access, and Additional Consent). We deliber-
ately designed concise scenarios to enable participants to provide considered
opinions about governance parameters across multiple scenarios (12 per
participant). For each scenario, participants indicated their willingness to
participate as well as their subjective evaluations (comfort, usefulness, safety,
appropriateness, trust). We used mixed-effects models and post-hoc tests
to assess how parameter values and their combinations shaped participant
responses. In doing so, we make two contributions:

1. We introduce a scenario-based methodology to systematically probe
willingness to participate in HLLMCI research studies. By evaluating a
large sample of scenarios with an orthogonally manipulated set of study
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design parameters, we provide empirical insights into how governance
choices (i.e., LLM management, data anonymization, data retention,
model training, additional data access, and additional consent) jointly
shape participation decisions, offering actionable guidance for designing
transparent and trustworthy HLLMCI research practices.

2. We extend the privacy calculus framework beyond risk and benefit by in-
corporating additional attitudinal constructs: comfort, appropriateness,
and trust. This expanded perspective reveals how participants make
nuanced trade-offs. They consider these multiple constructs in ways
shaped by parameter interactions, and that these constructs mediate the
effect of the study design parameters on their participation willingness.

This work contributes to ongoing discussions about trustworthy AI and
ethics in human-subjects research within and beyond HCI communities by
showing how design choices in HLLMCI studies directly impact participants’
perceptions, and, ultimately, their willingness to participate. We leverage our
results to provide practical advice to researchers and LLM developers regarding
consent processes, transparency mechanisms, and governance practices that
align with participant expectations.

2. Related Work

2.1. Landscape of LLM Use in Research
Recent systematic analyses have documented the diverse ways researchers

employ LLMs across a spectrum of methodologies, including LLM-assisted
qualitative coding and analysis (Liao et al., 2024), studies that use LLMs
as synthetic participants or to model social phenomena (Liao et al., 2024),
conversational agents serving as interviewers or research assistants (Kapania
et al., 2025), and tools for literature review, hypothesis generation, or research
design (Kapania et al., 2025). Each methodology presents distinct risk-
benefit considerations, ethical requirements, and participant relationships
with the technology. Our work focuses on the prominent subset of this
landscape: studies in which participants interact directly with LLMs through
conversational interfaces and where these interactions constitute the primary
research data. This includes user experience studies of conversational AI, but
excludes studies where LLMs serve as analytical tools (e.g., coding of interview
transcripts) or synthetic participants (e.g., agent-based simulations), as these
contexts present different governance challenges and participant relationships.
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By focusing on conversational interaction studies, we examine contexts where
data governance parameters are most directly visible to and consequential for
participants.

Applications of conversational LLMs in human-subject research are nascent,
but already span diverse domains. In education research, for example, stud-
ies highlight both risks (e.g., academic dishonesty) and opportunities (e.g.,
enhancing instructional delivery and engagement) of LLMs (Porcheron et al.,
2020; Cohen et al., 2024). Research demonstrates that LLMs can serve as
supportive tools in pedagogical environments, helping to bridge knowledge
gaps and offer tailored guidance (Kocaballı et al., 2020; Cohen et al., 2024;
Porcheron et al., 2020; Lee and Cho, 2025; Goldshtein et al., 2025).

In healthcare research, LLMs are being integrated into communication
and patient education contexts. Studies show that LLMs can provide rele-
vant information and decision support in mental health settings, enhancing
therapeutic interactions (Chancellor et al., 2019; Levkovich and Elyoseph,
2023). Research in pediatric orthopedics underscores the accuracy of LLM
responses to parental inquiries, highlighting their role in healthcare communi-
cation (Kamal, 2025). Furthermore, there is growing evidence that LLMs can
effectively handle tasks such as psychotherapy and medication management,
demonstrating their versatility in supporting healthcare professionals (He
et al., 2024).

Beyond healthcare and education, conversational LLMs are being explored
in legal contexts and project management (Vilaza et al., 2022), where they
can automate tasks and enhance decision-making by providing contextual
information (Wang et al., 2023). Taken together, these examples underscore
the breadth of conversational LLM-based research where sensitive information
and consequential decisions may be at stake.

2.2. Governance, Ethics, and Privacy Calculus in HLLMCI Research
The integration of LLMs into research contexts necessitates careful con-

sideration of privacy practices. Because conversational agents can afford
follow-up prompts and empathic language, they often elicit richer, more per-
sonal disclosures than closed responses. Furthermore, empirical work suggests
that users feel less anxious revealing sensitive or stigmatized information to
chatbots than to humans, which increases the volume and sensitivity of data
captured in such studies (Kuhlmeier et al., 2025). Agent design features that
increase perceived humanness or social presence (e.g., anthropomorphic cues,
conversational warmth) also modulate users’ willingness to disclose personal
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information, thereby potentially amplifying privacy risks (Pizzi et al., 2023).
Moreover, LLM-based conversational agents research shows that users often
have limited awareness of how their data may be used in model training
(Zhang et al., 2024), which may further increase their privacy risk. While
such conversational agents can encourage rapport and self-disclosure—often
central to usability and effectiveness objectives—they can unintentionally
enlarge the set of personally identifying or sensitive facts collected during a
study, making data governance opaque and permissive (He et al., 2024; Bach
et al., 2024). From a privacy calculus perspective (Dinev and Hart, 2006) this
underscores the need for consent forms that help participants weigh potential
benefits against risks. Yet, current practices frequently fall short: Broad
consent clauses and generic notices often obscure these trade-offs, leaving
participants without the information needed to make fully informed decisions
in contexts where disclosure risks are heightened (Wong and Mulligan, 2019;
McDonald and Forte, 2020; Fecher et al., 2023; Baxter et al., 2025).

These concerns extend beyond interaction design to the governance mech-
anisms that determine what happens to participants’ data once collected.
Conversational transcripts and metadata are often susceptible to secondary
uses that are not easily foreseeable at the time of collection (for instance,
inclusion in model training corpora or cross-study analytics) (Fiske et al.,
2019). Intellectual-property and data-reuse concerns are already documented
in technical and humanities scholarship on LLM training data, and these
intersect with participant privacy when research conversations are retained
or redistributed (Chow et al., 2023). The medical and mental-health litera-
ture further emphasize that these retention and reuse pathways complicate
standard notions of confidentiality and demand explicit attention in ethics
review and consent processes (Fiske et al., 2019). These dynamics highlight
that consent should not be merely procedural but subject to a careful privacy
calculus : the consent processes in HLLMCI studies should explicitly specify
important governance features such as data retention and training practices in
ways that support participants’ careful deliberation. Recent research examin-
ing HCI researchers’ own practices reveals significant gaps in how LLM use is
disclosed to participants and Institutional Review Board (IRBs), with many
researchers treating LLMs as “everyday tools” that do not require explicit
reporting (Kapania et al., 2025). This highlights the urgency of establishing
clear governance frameworks specifying when and how LLM use should be
disclosed in human-subjects studies.
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2.3. What Privacy Perceptions and Conditional Factors Matter in HLLMCI
Research

Within the extended privacy calculus, participants’ willingness to engage
with HLLMCI studies can be shaped by five proximal perceptions: comfort,
usefulness, safety, appropriateness, and trust. These perceptions represent
immediate costs and benefits individuals weigh when deciding whether to
participate, influenced by contextual research parameters. Below, we outline
how prior work motivates our focus on these perceptions and parameters, and
why they are critical to examine in the context of HLLMCI research.

2.3.1. Privacy Perceptions
Privacy perceptions capture how participants feel about disclosure, per-

ceived personal or societal benefit, and trust in protections offered. In
designing our scenarios, we focused on five perceptions—comfort, usefulness,
safety, appropriateness, and trust—that have been shown to consistently
shape participation decisions in prior work across HCI and health domains.
Each represents a dimension of how participants weigh costs and benefits, and
together they provide a framework for understanding how design choices in
HLLMCI research influence willingness to participate (Kalkman et al., 2019;
Khatiwada et al., 2024).

Comfort. The extent to which individuals feel at ease when disclosing infor-
mation. According to prior work, some participants—such as youths—report
greater comfort disclosing sensitive information to chatbots than to humans.
However, unclear governance can undermine this comfort and increase privacy
concerns (Crabtree et al., 2017; Kuhlmeier et al., 2025; Luca et al., 2023).
Similarly, anthropomorphic cues may foster rapport but also heighten feelings
of vulnerability if governance is opaque (Pizzi et al., 2023). These findings
suggest that comfort is an important lens through which to assess willingness
to participate in HLLMCI research.

Usefulness. Whether participants perceive engagement with an LLM as ben-
eficial for the task at hand. Prior work has shown that usefulness depends
on accuracy, task fit, explainability, and adaptive communication. LLMs are
perceived as useful when outputs are accurate, readable, and sourced, and
when explanations support understanding in sensitive domains (Tlili et al.,
2023; Kamal, 2025; Maity and Deroy, 2024). Including usefulness in our study
allows us to capture whether perceptions of benefit balance concerns about
data use.
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Safety. Perceptions of protection from harm across three domains: system
safety (accuracy and avoidance of harmful advice), user safety (e.g., preventing
clinical or psychological harms), and data safety (confidentiality and security).
Reviews of health agents highlight persistent gaps in these areas, calling
for stronger technical and governance protections, particularly in sensitive
domains. Prior work shows that safety perceptions drop when systems lack
clear disclosures, secure logging, or data minimization (Khan and Seto, 2023;
Akalın et al., 2023). In our study, safety provides a measure of whether
participants feel adequately protected when considering study participation.

Appropriateness. Normative judgments about whether LLMs should be used
for specific purposes. Prior work shows that participants view chatbots as
appropriate for informational or administrative tasks, but are more hesitant
in high-stakes or legally consequential domains, unless governance and au-
ditability are strong (Luca et al., 2023). Cultural and domain-specific norms
also shape appropriateness perceptions (Daley et al., 2018). In our study,
appropriateness judgments are intended to condition willingness to engage on
task and governance assurances.

Trust. Expectations that systems and institutions act reliably, transparently,
and with accountability. Prior work indicates that trust increases with
clear data-use explanations, opportunities for participant control, and visible
risk management, but declines under opaque training or third-party reuse—
particularly for groups with histories of institutional distrust (Bach et al.,
2024; Zhang et al., 2020). In our study, trust assesses whether governance
conditions bolster or erode this key relational perception.

2.3.2. Research Study Parameters
The above five perceptions vary with research study parameters. In our

study, we focus on parameters that researchers commonly must decide upon
when collecting HLLMCI study data. These parameters are not merely
technical—they carry governance and ethical implications that participants
notice, evaluate, and use to decide whether to participate. Below we describe
each parameter and motivate its inclusion in our study using prior work.

Topic Sensitivity. The subject matter of a study directly shapes privacy atti-
tudes, hence our study varies the topic sensitivity of the presented research
studies. Sensitive topics such as mental health, reproductive health, substance
use, criminal justice, or sexual orientation often reduce comfort and safety
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unless strong confidentiality is guaranteed (Chernick et al., 2023). At the
same time, prior work shows that some participants actually prefer disclosing
to chatbots in these domains because they reduce stigma compared to human
disclosure (Kuhlmeier et al., 2025; Luca et al., 2023). Cultural and demo-
graphic factors amplify this sensitivity: marginalized groups with histories
of discrimination express heightened concerns unless protections are robust
(Matson et al., 2019).

LLM Management. Research participants may distinguish between research
institutions (e.g., universities, public agencies) and commercial providers (e.g.,
OpenAI) when deciding whom to trust with their data. Prior work shows that
institutional hosting, clear audit trails, and contractual limits on reuse can
strengthen trust, while opaque vendor practices or unclear logging reduce it
(Fecher et al., 2023; Chow et al., 2023; Bach et al., 2024). Disclosure of whether
an agent is research-run or vendor-run similarly influences perceptions. We
therefore vary model management to capture how institutional versus vendor
oversight shapes participation willingness.

Data Anonymization. The degree of data de-identification is a central privacy
protection in research design. Higher levels of anonymization generally increase
comfort and perceived safety, but participants may question whether free-text
data can truly be anonymized given re-identification risks. Stronger technical
controls, automated redaction, or limits on human review improve perceptions,
especially when residual risks are communicated transparently (Nicol et al.,
2022). Because anonymization is widely invoked yet difficult to guarantee for
conversational data, it is an essential parameter to study systematically.

Data Retention. Prior work shows that shorter retention periods and auto-
matic deletion policies increase perceived safety and trust, while indefinite
storage reduces comfort unless offset by other safeguards (Zhang et al., 2020;
Mane et al., 2023; Kassam et al., 2023). Participants also expect durations to
be stated clearly and tied to research purpose. We therefore examine retention
to understand how time-limits on storage interact with other protections.

Model Training. A key concern in HLLMCI studies is whether transcripts are
reused to train models. Reuse for general-purpose model training is often seen
as unacceptable without explicit consent, especially for personal or creative
data (Fecher et al., 2023; Chow et al., 2023). Participation tends to increase
when data are verifiably excluded from training, and decrease when reuse is
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mandatory, particularly in sensitive domains (Zhang et al., 2020; McDonald
and Forte, 2020).

Additional Data Access. Beyond training, researchers must decide whether
data will be shared with other parties. Broader sharing (e.g., commercial reuse
or public release) generally reduces trust, while narrower and auditable sharing
(e.g., within a research team or under IRB oversight) increases willingness
(Kassam et al., 2023). Marginalized groups are especially sensitive to data
re-use due to past harms (Matson et al., 2019).

Additional Consent. Research shows that participants prefer being asked
before their data is used for secondary purposes. Protocols promising re-
consent or explicit notification increase participation willingness, while one-
time broad consent reduces it (Kassam et al., 2023; Zhang et al., 2020;
McDonald and Forte, 2020). Our study tests whether notice or choice help
build trust and comfort regarding potential secondary data use.

Prior work demonstrates that participation decisions are shaped by per-
ceived information flows and governance cues. Yet, much of this research has
examined these parameters in isolation, leaving limited insight into how they
jointly influence willingness to participate in HLLMCI studies (McDonald
and Forte, 2020; Wong and Mulligan, 2019; Bach et al., 2024). This gap
motivates our scenario-based study, which systematically varies these pa-
rameters to reveal how participants negotiate governance trade-offs. To this
end, we incorporate the parameters outlined above into a factorial scenario
design (see Section 3.1), enabling systematic examination of their influence
on participation willingness.

3. Research Methods

Our scenario-based survey study investigated participants’ preferences,
perceptions, and concerns regarding the use of data in Human-LLM Conver-
sational Interaction (HLLMCI) research studies. Each participant evaluated
12 scenarios drawn from 864 possible scenarios, each describing an HLLMCI
study. The study consisted of five sequential parts:

1. Consent: Participants reviewed a consent form outlining the purpose
of the research, the nature of participation, confidentiality protections,
and participants’ rights to withdraw at any time.
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2. Definition of LLMs: Participants were given a brief definition that
explained LLMs as conversational AI systems that can understand
and generate human language, assist with tasks, and continuously im-
prove by learning from datasets (see Appendix B). This definition
established the conversational interaction context and grounded partici-
pants’ understanding of the governance parameters manipulated in our
scenarios.

3. Scenario Evaluation Task: Participants evaluated 12 scenarios, each
describing an HLLMCI research study that differed on 7 parameters
(selected from a set of 864 scenarios; see Section 3.1). Participants
responded to six questions per scenario evaluating their participation
willingness, comfort, perceived usefulness, perceived safety, appropriate-
ness, and trust (see Section 3.2).

4. Post-Study Questions: After the scenarios, participants answered
one open-ended follow-up question about their overall participation
decisions, followed by questions assessing their LLM use frequency,
familiarity with LLM data practices, basic knowledge of AI capabilities
and risks, and understanding of data handling in academic research (see
Appendix C).

5. Demographics: Participants provided demographic data to contextu-
alize the results (see Section 3.3 and Appendix D).

3.1. Scenario Design and Sampling
In the scenario evaluation task, each participant evaluated 12 study designs,

selected from a set of 864 possible scenarios spanning seven study parameters
(see Table 1). These parameters were identified through review of IRB
requirements and emerging best practices in LLM research ethics. They
reflect real-world design decisions commonly addressed in research consent
forms and identified by prior work as most salient to participants’ concerns
(see Section 2.3.2). Our parameter selection1 reflects three design principles:
First, we incorporated parameters that apply to conventional human-subjects
research (data retention, additional data access, consent mechanisms) to
maintain comparability with established research ethics frameworks. Second,

1We acknowledge that additional parameters could provide further nuance, but such
additions would exponentially increase the scenario space and risk overwhelming participants
with overly complex scenario descriptions.
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we included parameters specific to LLM contexts (LLM management, model
training) that introduce novel governance considerations. Third, we selected
parameters that exist in conventional research but carry different connotations
in LLM contexts—most notably data anonymization, which faces unique
challenges given the generative and conversational nature of LLM interactions.
Each scenario was constructed using the following template:

You are invited to participate in a study on [Topic Sensitivity].
During the study, you will interact with [LLM Management].
The data you provide during these interactions will be [Data
Anonymization]. Your data will be stored [Data Retention] [Model
Training] can be re-used for other purposes in the future [Addi-
tional Data Access]. [Additional Consent].

Possible values of the study parameters [in brackets] are listed in Table 1.
The 12 scenarios for each participant were selected (out of 864) using a mixed
fractional factorial design that optimizes the statistical power to evaluate each
parameter and parameter combination while ensuring balanced exposure to
parameter values (i.e., each participant received 12 scenarios with a balanced
combination of values).

3.2. Measures
To assess participants’ privacy behaviors and attitudes, we asked six ques-

tions per scenario, enabling a multi-dimensional evaluation of each study
design and supporting statistical modeling of how study parameters influenced
responses. The questions and response options are listed in Table 3. Partici-
pation willingness was measured as a binary variable (0 = “no”, 1 = “yes”).
All attitudinal outcome variables were measured on a 7-point scale, coded
from −3 (e.g., “very uncomfortable”, “very risky”, “completely distrust”) to
+3 (e.g., “very comfortable”, “very safe”, “completely trust”), with 0 indicating
a neutral response. On average, participants opted to participate in 61.4%
of studies. Ratings for continuous variables were centered near neutral, but
skewed slightly positive. The relatively high standard deviations suggest
substantial variation across participants and scenarios.

Additionally, after completing all 12 scenarios, participants were asked
one open-ended follow-up question about their overall participation decisions
(see Appendix C). Participants’ answers were brief, but provided contextual
insight into their reasoning, which we reference where relevant in our Results
section.
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Table 1: Factorial Design Matrix

Parameter Code Value

Topic
Sensitivity

Sensitive medical advice

Non-
sensitive

movie recommendations

LLM Man-
agement

NSF ScienGPT, a Large Language Model (LLM) developed by
the National Science Foundation

OpenAI ChatGPT, a Large Language Model (LLM) developed by
OpenAI

Data
Anonymiza-
tion

Identifiable identifiable, meaning that your conversation will be linked
to your name and e-mail address

Partially
Anonymized

partially anonymized, meaning that while your identifi-
able information will be removed, certain aspects of your
interaction may still reveal your identity

Fully
Anonymized

fully anonymized, meaning that all identifiable informa-
tion will be removed and your interaction cannot be traced
back to you

Data
Retention

2 Months for 2 months

4 Years for 4 years
Indefinitely indefinitely

Model
Training

Not Used Your data will not be used to improve the AI model,
but it

Accuracy and may be used to improve the general accuracy of
its responses. Additionally, your data

Personaliza-
tion

and may be used to tailor its responses to your specific
needs. Additionally, your data

Additional
Data
Access

Researchers
Only

by the same researchers

Researchers
and Partners

by the same researchers, as well as other researchers
or industry partners, who may use the data for research
or commercial purposes

Additional
Consent

No Consent Once you agree to participate in the study, no further
consent will be requested for future use of your data

Informed You will be informed if your data is used for any additional
purposes beyond the study

Opt-Out You will be notified of future uses of your data and given
the option to opt-out of such additional uses

Opt-In You will be notified of potential future uses of your data
and given the option to opt-in to such additional uses
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Table 3: Survey Items, Response Options, and Descriptive Statistics.

Variable Survey Question Response Options M
(SD)

Participation Are you willing to
participate in the
study described in the
scenario above?

No / Yes 0.614
(0.487)

Comfort How uncomfortable or
comfortable do you feel
about participating in
this study with the
LLM usage described?

Very uncomfortable,
Uncomfortable, Somewhat
uncomfortable, Neutral,
Somewhat comfortable,
Comfortable, Very
comfortable

0.102
(1.916)

Usefulness How useful do you find
this research study?

Completely useless,
Useless, Somewhat useless,
Neutral, Somewhat useful,
Useful, Very useful

0.590
(1.506)

Safety How risky or safe do
you consider it to
participate in this
research study?

Very risky, Risky,
Somewhat risky, Neutral,
Somewhat safe, Safe, Very
safe

0.093
(1.795)

Appropriateness How inappropriate or
appropriate do you
find the use of LLMs in
this study, as described
in this scenario?

Very inappropriate,
Inappropriate, Somewhat
inappropriate, Neutral,
Somewhat appropriate,
Appropriate, Very
appropriate

0.486
(1.609)

Trust How much distrust or
trust do you have in
the researchers
conducting this study
in how they handle
your data?

Completely distrust,
Distrust, Somewhat
distrust, Neutral,
Somewhat trust, Trust,
Completely trust

0.122
(1.661)
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Finally, participants answered a set of questions assessing their LLM
use frequency, familiarity with LLM capabilities, risks and data practices,
and understanding of data handling in academic research. These questions
(listed in Appendix Appendix C) were asked after participants completed the
scenarios, so as to not prime them about privacy concepts in a way that could
influence their responses to the scenarios.

3.3. Participants
We recruited 196 participants through Prolific, an online platform com-

monly used for behavioral research. Eligibility criteria included being a
resident of the United States (to reduce excessive cultural variations in pri-
vacy concerns that are difficult to control for, cf. (Ghaiumy Anaraky et al.,
2021)) and at least 18 years of age (an IRB requirement). To ensure high-
quality responses we required at least 10 prior Prolific engagement and a
90–100% approval rate. To ensure sample diversity, we requested a sample
with a balanced gender distribution.

Data quality and cleaning
We implemented several measures to prevent automated or LLM-generated

responses. Our survey platform disabled text selection and copy-paste func-
tionality, preventing participants from copying content into external tools.
We also monitored for duplicate IP addresses and unusual response patterns
that might indicate coordinated or automated participation. Furthermore,
Prolific’s internal verifications—including device fingerprinting and behavioral
analysis—provide additional layers of protection against bot activity. While
no combination of measures is entirely foolproof, these safeguards substantially
reduce the likelihood of large-scale automated or LLM-generated responses
infiltrating our data. Our attention checks, response timing analysis, and
variance checks (described below) provided additional signals that would likely
detect AI-generated responses, which tend to show unnaturally consistent
patterns or unusually rapid completion times.

A total of 42 participants were excluded based on attention checks, re-
sponse quality, and completion time (some participants met multiple exclusion
criteria):

• Nine participants (five unique; four overlapping with other criteria)
failed two out of three attention checks. Two checks were embedded
within the scenario section, and one was included in a later section on
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data collection concerns. These items instructed participants to select
a specific response (e.g., “somewhat disagree” or “completely agree”) to
confirm they were reading carefully2.

• Six participants (three unique) failed at least one of three additional
attention checks. Two were reading comprehension checks (asking
participants to repeat information that could be gleaned from the
same page). The third was a fake option (“FakeSeek”) embedded in a
question about prior chatbot use (see Appendix C) and designed to
detect inattentiveness.

• Responses from fourteen participants (nine unique) showed minimal
response variance (mean[variance] < 0.2 across the 7-point scale attitude
questions); these were interpreted as satisficing.

• Seven participants (four unique) completed the survey in under eight
minutes (i.e., less than half of the median completion time of 17m29s),
suggesting they may have rushed through the survey without fully
engaging.

After removing these participants, 157 remained for analysis. Importantly,
running our primary analyses with the full dataset (prior to exclusions) yielded
consistent main effects and interpretations, confirming the robustness of our
findings to these exclusion criteria.

Participants’ Demographics
The 157 participants included in our analyses represented a diverse sample

(see Table 4). The majority were aged between 25 and 44, and most held at
least an undergraduate degree. While over half were employed full-time, the
sample also included part-time workers, unemployed individuals, and those
not currently in paid work.

Compensation
As our quality checks were conducted retroactively, all 196 participants

were compensated $4.50 (an average effective compensation rate of approx-

2We acknowledge that attention checks requiring specific responses have known limita-
tions and are not ideal as standalone quality control measures. Notably, failing attention
checks did not affect participants’ compensation.
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Table 4: Demographic Characteristics of Participants (N = 157).

Category Group n (%)

Gender Woman 77 (49.0%)
Man 73 (46.5%)
Nonbinary 5 (3.2%)
Genderfluid 1 (0.6%)
Prefer not to disclose 1 (0.6%)

Age 18–24 16 (10.2%)
25–34 56 (35.7%)
35–44 35 (22.3%)
45–54 29 (18.5%)
55 and above 21 (13.4%)

Ethnicity Caucasian/White 104 (66.2%)
African American/Black 21 (13.4%)
Hispanic/Latino 16 (10.2%)
Asian/Pacific Islander 9 (5.7%)
Mixed ethnicity 3 (1.9%)
Native American/Alaska Native 1 (0.6%)
Prefer not to say 3 (1.9%)

Education No formal qualifications 1 (0.6%)
Secondary education (e.g. GED/GCSE) 6 (3.8%)
High school diploma/A-levels 40 (25.5%)
Technical/community college 26 (16.6%)
Undergraduate degree (BA/BSc/other) 56 (35.7%)
Graduate degree (MA/MSc/MPhil/other) 24 (15.3%)
Doctorate degree (PhD/other) 4 (2.5%)

Employment Full time 83 (52.9%)
Part time 25 (15.9%)
Unemployed (and job seeking) 21 (13.4%)
Not in paid work 20 (12.7%)
Due to start a new job 4 (2.5%)
Other 4 (2.5%)
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imately $15.44 per hour), ensuring that quality checks did not penalize
attentive participants who inadvertently missed specific responses.

Ethics
This study was approved by the authors’ IRB. All participants provided

informed consent and were assured that no identifiable information would be
collected. Participation was voluntary, with the option to withdraw at any
time. Data were anonymized at the point of collection and securely stored
on encrypted servers, accessible only to the research team. No personally
identifiable information was retained or linked to participant responses.

Participant Background and Familiarity with LLMs and Research
Table 5 gives an overview of participants’ answers to the post-study

questions (see Appendix C for full question wording). Most participants
(95.4%) had used at least one LLM tool, with ChatGPT being the most
common (89.8%). Self-reported understanding of how LLMs work was mixed—
many reported some familiarity, but few had technical expertise. On average,
participants correctly answered 6.68 out of 8 true/false AI knowledge quiz
questions. Most (95.5%) answered at least 5 questions correctly, and 26.1%
achieved a perfect score. These results suggest that participants were generally
knowledgeable about AI and LLMs, despite our study not providing specific
instruction or training.

In contrast, familiarity with AI data privacy practices was low, and
awareness of distinctions between corporate and independent AI models was
also limited. While 47.8% of participants understood that LLMs use input
data to train future models, 22.3% reported not knowing how their data
would be used. Similarly, familiarity with and understanding of HLLMCI
studies was low. Only 40.8% had previously participated in HLLMCI studies
(though nearly all of those who had, reported being informed about data
privacy practices in those studies). More generally, 39.2% of participants
reported being unfamiliar with how research studies handle their data, and
only 7.2% reported being very familiar.

In summary, participants had prior experience with and basic knowledge of
LLMs, but were less aware of LLM management and data policies. They also
had limited experience with HLLMCI research and low familiarity with the
data privacy practices of such studies. It is possible that participants’ limited
familiarity with data privacy influenced their ability to fully understand
the research scenarios. However, we believe that this level of familiarity is
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Table 5: Participant Background and Familiarity (N = 157).

Category Group Stat

LLM Tool Usage ChatGPT 89.8%
Gemini 45.9%
Microsoft Copilot 35.7%
Bing Chat 34.4%
Bard 21.7%
Grok 17.8%
Claude 15.9%
Others 11.3%

LLM Experience Occasional users 54.8%
Frequent users 28.0%
Non-users 13.4%
Technical users 3.8%

LLM Factual Knowledge Score range across 8 items 52%–99%
Quiz Accuracy Mean score (out of 8) 6.68

≥ 5 correct 95.5%
≥ 6 correct 87.3%
≥ 7 correct 60.5%
Perfect score (8/8) 26.1%

LLM Data Privacy Not familiar 48.4%
Policy Familiarity Somewhat familiar 42.7%

Very familiar 8.9%

Awareness of Corporate Aware 15.9%
vs. Independent Models Unaware 84.1%

Perceptions of Train future models 47.8%
LLM Data Use Don’t know 22.3%

Provide responses 13.4%
Commercial purposes 10.2%
Quality assurance 5.7%
Legal requirements 0.6%

Prior Research Participated in research 40.8%
Experience Informed about data use 96.9% of who participated

Research Data Not familiar 39.2%
Privacy Familiarity Somewhat familiar 56.2%

Very familiar 7.2%
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representative of typical research study participants, and that our scenario
descriptions reflect the level of detail commonly found in research consent
forms. As such, participants’ responses to our scenarios likely reflect the
attitudes and behaviors of participants in real-world HLLMCI studies.

3.4. Data Analysis
To understand how different study design parameters influenced partici-

pants’ responses, we tested a series of multilevel models, which allowed us to
account for the nested structure of the data (i.e., multiple scenario responses
provided by each participant).

To answer RQ1 (Section 4.1), we conducted a mediation analysis using the
“four steps” approach (Baron and Kenny, 1986; James and Brett, 1984; Judd
and Kenny, 1981) to determine the extent to which the effect of the study
parameters (X) on participation willingness (Y) is mediated by participants’
attitudinal evaluations of the described study (M):

1. In Step 1 (X → Y ), we analyzed how the study parameters—topic sen-
sitivity, LLM management, data anonymization, data retention period,
model training, additional data access, and additional consent—affected
participants’ Participation Decision (i.e., whether the participant
chose to participate in the described study). This analysis was con-
ducted using a Generalized Linear Mixed-Effects Model (GLMM) with
a participant-level random intercept (accounting for 12 scenarios per
participant) and a binomial link function (to account for the binary na-
ture of the participation decision). This model estimates the likelihood
of participation willingness (Y) under varying scenario conditions (X).
We used Type II Wald χ2 tests to assess the significance of each study
parameter.

2. In Step 2 (X → M), we used a Linear Mixed Effect Model (LME) with
a participant-level random intercept to estimate each of the subjective
outcome variables—Comfort, Usefulness, Perceived Safety, Ap-
propriateness, and Trust—using the study parameters as predictors.
We used Type II Wald χ2 tests to assess the significance of each study
parameter (X) in influencing participants’ attitudinal evaluations (M)
of the described study.

3. In Step 3 (M → Y controlling for X → Y ), we added the attitudinal
evaluations as predictors to the model of Step 1 to test whether the atti-
tudinal evaluations (M) affect willingness to participate (Y), controlling
for the scenario conditions (X).
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4. In Step 4 (no effect of X → Y controlling for M → Y ), we used the
same models as in Step 3 to evaluate whether the effects of the study
parameters (X) are reduced (“partial mediation”) or disappear (“full
mediation”) when attitudinal evaluations (M) are introduced to the
model predicting participation willingness (Y).

Topic
Sensitivity

LLM
Management

Data
Anonymization

Data
Retention

Model
Training

Additional
Data Access

Additional
Consent

Comfort

Usefulness

Perceived Safety

Appropriateness

Trust

Participation

Figure 1: Model of hypothesized effects: study parameters (X) influence attitudinal
evaluations (M), which in turn influence participation willingness (Y). In case of “full
mediation”, study parameters have no residual direct effects on participation willingness
(dotted arrows) once attitudinal evaluations are controlled for.

Figure 1 summarizes the hypothesized effects of the mediation analysis.
This mediation model can clarify whether the effect of the study parameters
on participants’ participation decision is intuitive (no/weak mediation) or
cognitively mediated (strong/full mediation).

Section 4.2 discusses specific significant differences in participation and
attitudes between pairs of parameter values. These analyses involve Tukey-
corrected post-hoc tests as follow-ups to the significant χ2 tests described
above. These analyses provide practical advice to human-centered AI re-
searchers regarding the best way to increase participation and reduce partici-
pants’ concerns regarding their research studies. In this section we therefore
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particularly call out (combinations of) parameter values that significantly
increase or decrease participants’ attitudes and/or participation willingness.

Section 4.2 also covers significant 2-way and 3-way interaction effects
between parameters (answering RQ2), which are added one by one to the
full models outlined above, and tested for significance using Wald χ2 tests.
Significant interaction effects are followed up by Tukey-corrected post-hoc
tests of one parameter along the levels of the other parameter(s). To aid the
discussion of parameter effects and interactions, we present them as figures in
which the y-axis shows participants’ ratings for the corresponding outcome
variable (e.g., willingness to participate, comfort, usefulness, safety)3. Thus,
the plotted estimates reflect the average participant response to each study
design manipulation, rather than raw frequencies or model coefficients.

In addition to the quantitative analyses, we conducted a brief qualitative
analysis of participants’ open-ended responses. This qualitative layer allowed
us to contextualize the statistical results by identifying how participants
articulated their privacy-related reasoning and trade-offs.

4. Results

4.1. Mediation Analysis: Predictors of Willingness to Participate (RQ1)
To examine the mechanisms through which study design influenced par-

ticipation willingness, we conducted a mediation analysis in four steps (see
Section 3.4). Our GLMM for Step 1 evaluates the direct effects of study
parameters on participation willingness. The first column (i.e., Participation)
of Table 7 shows that five of the seven study parameters significantly predicted
participation willingness: data anonymization had by far the strongest effect,
followed by topic sensitivity, additional consent, data retention, and model
training, while two parameters had no significant effect (LLM management
and additional data access). More details about the specific study parame-
ters that increase or decrease participation willingness will be discussed in
Section 4.2.

3Confidence intervals are computed using nonparametric bootstrapping with
mean_cl_boot in ggplot2. Unlike our post-hoc tests, these confidence intervals do not ac-
count for within-subjects variability or family-wise error; they are presented for illustrative
purposes only. Significant post-hoc test p-values are adjusted using a Tukey correction and
indicated by brackets.
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Our LMEs for Step 2 test whether the study parameters significantly
affected participants’ attitudinal evaluations of the presented research study—
namely, their ratings of comfort, usefulness, safety, appropriateness, and trust.
Columns 2–6 of Table 7 show that topic sensitivity, anonymization, data
retention period, and additional consent all showed strong and relatively
consistent effects across the mediators. Model training only had a significant
effect on usefulness and appropriateness, while additional data access only
had an effect on trust, and LLM management had no main effect on any
of the attitudes. Notably, the latter two parameters also had no effect on
participation willingness (see Step 1).

Our GLMM for Step 3 adds the attitudinal mediators to the model
of Step 1. Table 8 shows the results of this model, with the effects of the
attitudes listed at the bottom of the table. Comfort emerged as the strongest
predictor, followed in order by perceived safety, usefulness, and trust. Only
appropriateness did not have a significant effect on participation willingness.
These findings reinforce the interpretation that participants’ affective and
cognitive responses—particularly how comfortable and safe they felt—were
key drivers of their willingness to participate in the described study.

Finally, in Step 4 we evaluated whether the effects of study parameters on
participation remain significant once the mediators are accounted for. The top
part of Table 8 shows that all previously significant effects of study parameters
were non-significant in this combined model. This suggests that the effects
of the study parameters on participation willingness are fully mediated by
participants’ subjective evaluations of the scenario.

4.2. Parameter-Based Effects on Outcomes (RQ2)
Given that we established significant “omnibus effects” of several of the

study design parameters on participation willingness and the attitudinal
mediators in Section 4.1, we here present significant “post-hoc effects” of
each study parameter across each outcome variable. Results are organized by
parameter to highlight which study design aspects may increase or decrease
participation willingness and/or attitudes toward the presented study.

This section also explores whether the effects of specific study parameters
may depend on the value of (an)other parameter(s). To examine this, we
added two-way and three-way interaction effects to the models from Steps
1 and 2, one at a time. Significant, consistent, and/or otherwise notable
interactions are summarized in Table 9 and discussed throughout this section.
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Table 8: Type II Wald χ2 test results for the model of Step 3 and 4 of the mediation
analysis, which tests the combined effect of attitudes (bottom half, Step 3) and parameters
(top half, Step 4) on participation willingness. Values in the χ2 column represent the χ2(df)
test statistics for each predictor (df = # of parameter values - 1 for parameters, 1 for
attitudes). The p column represents the p-values of these tests. The significant p-values
are highlighted.

Predictor χ2 p

Topic Sensitivity 0.053 0.819
Management 1.082 0.298
Anonymization 2.504 0.286
Retention 0.182 0.913
Training 4.100 0.129
Data Access 0.000 0.986
Consent 0.671 0.880

Comfort 112.717 <.001
Usefulness 7.625 .006
Safety 16.621 <.001
Appropriateness 0.996 0.318
Trust 3.982 0.046

4.2.1. Topic Sensitivity
As noted in Section 4.1 and shown in Table 7, our omnibus tests showed

that topic sensitivity had a significant effect on participation willingness
and all attitudinal evaluations. Topic sensitivity referred to whether the
study scenario involved movie recommendations (a non-sensitive topic) or
medical advice (a topic often involving sensitive personal information). In our
study scenarios where the topic was non-sensitive (movie recommendations),
post-hoc analysis showed that participants reported significantly higher par-
ticipation willingness, comfort, trust, perceived safety, and appropriateness
than for the sensitive topic (medical advice), as indicated by the significance
brackets in Figure 2. Interestingly, participants rated the non-sensitive topic
as less useful than the sensitive topic, suggesting a trade-off between perceived
sensitivity and usefulness.

Participants’ open-ended responses revealed how topic sensitivity shaped
their privacy calculus. One participant emphasized aligning their choices
with the societal importance of the topic: “I chose to participate in all of the
medical advice studies because I find that important research” (P40). Another
described how their privacy threshold shifted depending on context: “I was
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Figure 2: Main effects of Topic Sensitivity.
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more likely to not care about the data privacy when dealing with movies
recommendations over medical devices” (P35). These responses illustrate how
participants calibrated privacy expectations to perceived domain sensitivity.

4.2.2. Data Anonymization
Our omnibus tests (see Table 7) revealed that data anonymization exerted

the strongest effect on participation willingness and all attitudinal evaluations.
Figure 3 shows that participants were least willing to participate in (and held
the most negative attitudes toward) studies in which their data was identifiable
(i.e., their conversations are linked to their name and e-mail address). Our
post-hoc analysis showed that participants were significantly more willing to
participate in (and held more positive attitudes toward) studies in which their
data was partially anonymized (i.e., directly identifying details are removed,
but certain aspects of the interaction may still reveal their identity), and
they were further significantly more willing to participate in (and held more
positive attitudes toward) studies in which their data is fully anonymized.

Participants understood anonymization not merely as a technical feature
but as a meaningful safeguard that shaped their sense of vulnerability, trust,
and participation willingness. In their open-ended feedback, participants
consistently framed identifiability as the boundary between acceptable and
unacceptable risk. As one noted, “I would prefer to not be identified, even
though that makes some studies more credible. I don’t like my data out there
floating around for just anyone” (P67). Another emphasized a similar logic,
stating that “the most important factor was the anonymized status of my
data,” and that this concern often overrode even the nature of the topic itself,
which could feel “too personal or serious to be handled” in certain contexts
(P76). Several participants framed anonymization as a prerequisite that
determined whether other governance features even mattered. As one noted,
“I participated if my data was fully anonymous. I also participated if the data
would not be stored for a long time” (P83), suggesting anonymization enabled
tolerance of other potentially concerning parameters.

4.2.3. Data Retention
The data retention period had a significant effect on participation willing-

ness and all attitudinal evaluations except usefulness (see Table 7). Figure 4
shows that participants were less willing to participate (and held more nega-
tive evaluations) in studies with longer retention periods. Our post-hoc tests
found that indefinite data retention led to significantly lower participation
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Figure 3: Main effects of Data Anonymization.
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willingness than a data retention period of 2 months, and significantly lower
comfort, safety, appropriateness, and trust than a data retention period of
either 2 months or 4 years. No significant differences were found between 2
months and 4 years. Thus, while the overall trend is negative, significance
primarily emerged when data was retained indefinitely. Participants’ open-
ended responses confirmed that indefinite retention heightened their concerns.
One noted: “More likely to participate if data fully anonymized and deleted
after a time” (P53), while another emphasized “how long the data would be
retained” (P19) as a key factor in their decisions.

Table 9 also reports an interesting significant three-way interaction between
data retention, model training and additional data access (i.e., who gets
access to the data for secondary use) for participation willingness. Figure 5
illustrates this effect, showing that the negative effect of indefinite retention
on participation willingness was most pronounced when data was not used for
model training and was shared with both original and external researchers.

4.2.4. Model Training
Participant data use for model training had a significant effect on participa-

tion willingness, usefulness, and appropriateness (see Table 7). Figure 6 shows
that, despite potential concerns about data reuse, participants responded
positively to model training. Specifically, our post-hoc analysis showed that
participants were significantly more willing to participate when their data
was used for personalization (i.e., “to tailor [the LLM’s] responses to your
specific needs”), and they rated studies that used their data to improve model
accuracy (i.e., “to improve the general accuracy of [the LLM’s] responses”)
significantly more appropriate than studies without training use. They also
rated both training conditions significantly more useful than no training.

Participants’ open-ended responses revealed that perceived personal benefit—
rather than altruism or abstract societal good—shaped their relatively positive
stance toward model training. Concrete utility participants might gain from
improved systems outweighed less salient technical risks—a trade-off align-
ing with the privacy calculus and “privacy-personalization paradox” (Awad
and Krishnan, 2006; Chellappa and Sin, 2005). One participant articulated
this directly: “I do prefer that my answers be used in order to improve the
AI, though (versus not). Improving the models with real-world input is very
important” (P8). Another noted dismissively, “I believe in AI training and I
find it silly for people to be concerned with their ‘data’ when it is anonymized”
(P5), suggesting that perceived risk mitigation (via anonymization) combined
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Figure 4: Main effects of Data Retention.
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Figure 6: Main effects of Model Training.
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with personal benefit justified the use of model training.
Note that the three-way interaction between data retention, model training

and additional data access for participation willingness (see Table 9) is
relevant here as well: Figure 5 shows that the negative effect on participation
willingness of not using data for model training primarily exists when data
was retained indefinitely and shared for additional purposes with the original
researchers as well as other researchers and partners.

4.2.5. Additional Consent
The way the described study handled additional consent for secondary data

use had a significant effect on participation willingness and all attitudinal
evaluations except usefulness (see Table 7). This parameter varied how
participants were asked for consent if their data were to be reused for secondary
purposes: In the Not Requested condition, participants were told that no
further consent would be sought beyond their initial agreement to the study.
The Informed condition involved notifying participants if their data were to
be used for additional purposes beyond the original study. In the Opt-Out
condition, participants were told they would be notified of potential future
uses of their data and given the opportunity to decline them. Finally, in the
Opt-In condition, participants were notified of possible future uses of their
data and asked to explicitly approve them.

Figure 7 presents the differences between these four additional consent
mechanisms. While the post-hoc tests showed significantly lower levels of
participation willingness, comfort, safety, and trust when no additional consent
was requested compared to the other additional consent mechanisms, there
are no significant differences among the informed, opt-out, and opt-in consent
mechanisms. These findings suggest that while users deem it important to
be informed about additional uses of their data, they do not require the
opportunity to control such additional uses of their data.

Importantly, differences between the consent conditions depended on the
values of several other parameters. These interaction effects are listed in
Table 9 and described below.

Consent × Retention.. Table 9 shows significant omnibus interaction effects
between additional consent and data retention for participation willingness,
usefulness, and comfort. Figure 8 presents these interaction effects. In general,
there are larger differences between the consent conditions when the data is
retained for a longer time period (i.e., the post-hoc tests for participation
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Figure 7: Main effects of Additional Consent.
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willingness and usefulness of the consent conditions were only significant when
retention was indefinite; for comfort they were only significant when retention
was either 4 years or indefinite).

These results suggest that the importance of additional consent grows
with the duration of retention: Short-term data retention appears acceptable
without additional consent mechanisms, but when data is retained indefinitely
participants want to at least be informed about additional uses of their data.
One participant’s reasoning exemplified this logic: “It depended on how long
they were keeping my data, if my information was public and for how long
they were keeping my data for. Some of the ones that made my information
public I didn’t mind because there was an option to opt out while others made
me feel uncomfortable” (P38).
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Figure 8: Interaction effects of Additional Consent and Data Retention.

Consent × Anonymization (× Training).. Table 9 shows significant inter-
action effects between additional consent and anonymization for usefulness
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and appropriateness, with marginally significant (but consistent) interaction
effects for comfort and safety. This table also shows significant three-way
interaction effects between consent, anonymization and model training in
terms of comfort, safety, trust, usefulness and participation willingness (with
the latter two being marginally significant). Figure 9 shows the two-way
interactions, while Figure A.15 in Appendix Appendix A shows the three-way
interactions. Below we describe the two-way interactions, highlighting notable
deviations depending on model training (i.e., the three-way interactions)
where appropriate.
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Figure 9: Interaction effects of Additional Consent and Data Anonymization.

Overall, we find that participants’ preferences for consent mechanisms
shifted depending on the degree of anonymity:

• When participants were told that their data would be identifiable, they
favored the ability to opt-out of additional data use: Our post-hoc
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tests indicated that this option significantly increased perceived comfort,
safety and appropriateness compared to having no consent.

– However, when identifiable data is not used for training, merely
being informed about additional data use seems to be the preferred
option—it significantly increases participation willingness, comfort,
usefulness, safety, and trust compared to having no consent.

– In contrast, when identifiable data is used for general model im-
provements, participants perceive higher levels of comfort and trust
with the opt-in mechanism compared to merely being informed.

– Finally, when identifiable data is used to improve personalization,
participants are more willing to participate and perceive a higher
level of comfort with the opt-out mechanism than with the opt-in
mechanism.

• When data were partially anonymized, participants favored merely being
informed about additional data use—this option significantly increased
perceived comfort, usefulness, safety, and appropriateness compared to
having no consent. The opt-out and opt-in mechanisms also increased
comfort and safety compared to no consent, but the opt-out option
led to significantly lower usefulness than simply being informed about
additional data use.

– When their partially anonymized data is used for model improve-
ments, participants prefer the opt-in mechanism over no consent
in terms of participation willingness, comfort, safety, and trust.

• When data were fully anonymized, consent mechanisms had little effect
on participants, although the opt-in mechanism resulted in a signifi-
cantly higher level of usefulness and appropriateness than the opt-out
mechanism.

– When their fully anonymized data is used for model improvements,
the participants are more willing to participate with the opt-out
mechanism, and perceive higher levels of trust with both the opt-
out and opt-in mechanisms.

Together, these findings highlight a layered logic. The two-way interaction
between consent and anonymization suggests that expectations for consent
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depend on the degree of identifiability: participants want control (opt-out)
when identifiability was high, transparency (informed consent) when data
were partially anonymized, and showed little concern about additional data
use consent when data were fully anonymized—though they still favored
opt-in over opt-out. At the same time, the three-way interactions indicate
that the expectations for consent also depend on model training. Participants
required stronger forms of additional consent when their data were used for
model improvements or personalization, particularly when the data were not
fully anonymized.

Participants’ reasoning revealed fundamentally different conceptions of
“control”—some prioritized agency, others transparency, and many calibrated
both to context. One participant emphasized the importance of decision-
making authority: “If I could opt in or out to have my information used in
further research, then I was more likely to take part in a study [...]. I didn’t
want to participate in the study if I couldn’t opt out or decide for myself if I
wanted my data used in other studies” (P80). This framing positions consent
as a way to maintain autonomy over one’s data even after initial participation.
Others prioritized transparency, as one explained, “whether I was anonymous
and whether others had access to my info and whether I would be notified.”
(P59, emphasis added). For this participant, notification of secondary data
use mattered more than the formal ability to refuse. This heterogeneity
suggests that no single consent mechanism satisfies all participants across all
contexts.

Consent × Training × Topic.. Table 9 shows significant three-way interactions
between additional consent, model training, and topic sensitivity in terms of
safety, appropriateness, and trust. These effects are displayed in Figure 10.
As noted earlier in this section, we find that participants calibrated their
preferences regarding the consent mechanisms for additional data use to the
other two parameters:

• No strong differences among consent types appeared when participants
were told that their data would not be used for model training, although
for studies about medical advice participants perceived higher trust
when informed about additional data uses.

• When participants were told that their data would be used to improve
model accuracy, the preferred consent mechanism depended on the topic:
For studies about medical advice, participants perceived higher safety
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and trust when given the option to opt-in, whereas for studies about
movie recommendations, participants reported higher safety and trust
when given the option to opt-out of additional data uses.

• When participants were told that their data would be used for personal-
ization purposes, they perceived higher levels of safety, appropriateness
and trust in studies about movie recommendations when informed about
additional data uses. In this situation, no significant differences between
consent options were found for studies about medical advice.

These results indicate that consent preferences are shaped by topic sensi-
tivity and perceived training value: Participants expected stronger control
(opt-in) when medical data used for accuracy gains, but lighter mechanisms
(opt-out) sufficed for lower-stakes data or when data was not used for model
training.

Consent × Training × Data Access.. Table 9 also shows significant three-
way interactions between additional consent, model training, and additional
data access (i.e., who gets access to the data for secondary use) in terms of
participation and comfort. These effects are displayed in Figure 11. Again,
we find that participants calibrated their preferences regarding the consent
mechanisms for additional data use to the other two parameters:

• When participants were told that their data would not be used for
training and only used for other purposes by the original researchers,
participation willingness and comfort increased significantly when par-
ticipants were told they would be informed about additional uses of
their data (compared to no consent). If the data would be shared with
other researchers and partners, participation and comfort were low in
general and the additional consent mechanism did not have an impact.

• When participants were told that their data would be used to improve
model accuracy and only used for other purposes by the original re-
searchers, participation willingness and comfort increased significantly
when participants were told they would be able to opt-out of additional
uses of their data (compared to no consent). If the data would be shared
with other researchers and partners, comfort increased significantly when
participants were told they would be able to opt-in.
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Figure 10: Three-way interaction effects between Additional Consent, Model Training, and
Topic Sensitivity.
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Figure 11: Three-way interaction effects between Additional Consent, Model Training, and
Additional Data Access.
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• When participants were told that their data would be used for per-
sonalization purposes and shared with other researchers and partners,
participation willingness and comfort increased with the informed and
opt-out consent mechanisms. If the data would only be re-used by the
original researchers, participation and comfort were low in general and
the additional consent mechanism did not have an impact.

These results suggest that, in certain situations, appropriate consent
mechanisms increased participation willingness and comfort; in others, both
remained low regardless of consent type.

4.2.6. Additional Data Access
Our omnibus tests showed that additional data access (i.e., whether only

the original research team or also other researchers and industry partners get
access to the data for secondary use) had a small but statistically significant
effect on trust (see Table 7). As shown in Figure 12a, participants reported
significantly higher trust when their data could only be used for additional
purposes by the original researchers.
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Figure 12: Main and interaction effects of Additional Data Access.

Data Access × Anonymization.. While the main effect of additional data
access on participation willingness is not significant, we found a significant
interaction between anonymization and data access on willingness to par-
ticipate (see Table 9). Figure 12b illustrates this effect, showing that when
participants were told that their data was identifiable or partially anonymized,
they were less willing to participate if they were told that their data could be
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used for additional purposes by other researchers and partners as compared to
the original researchers only. In contrast, when data were fully anonymized,
participants were significantly more willing to allow such broader sharing of
their data with other researchers and partners.

4.2.7. LLM Management
Our omnibus tests (see Table 7) showed that LLM management (i.e.,

whether the system in the scenario was operated by a federal research agency
or by a private AI company) had no significant main effect on participation
willingness or the attitudinal evaluations. However, Table 9 shows that we
did find several interaction effects with LLM management, suggesting that
significant differences emerged depending on the values of other parameters.
These interactions are discussed below.

p = 0.043

Medical Movie

NSF OpenAI NSF OpenAI

0.4

0.5

0.6

0.7

0.8

Management

P
ar

tic
ip

at
io

n

Training NotUsed ImproveAccuracy Personalization

(a) Effect of Management, Topic, and Training on
Participation.

p < 0.001
Medical Movie

NSF OpenAI NSF OpenAI

0.0

0.5

1.0

Management

U
se

fu
ln

es
s

Training NotUsed ImproveAccuracy Personalization

(b) Effect of Management, Topic, and Training on
Usefulness.

p = 0.018

Medical Movie

NSF OpenAI NSF OpenAI

−0.4

0.0

0.4

0.8

Management

S
af

et
y

Training NotUsed ImproveAccuracy Personalization

(c) Effect of Management, Topic, and Training on
Safety.

p = 0.006

Medical Movie

NSF OpenAI NSF OpenAI

0.00

0.25

0.50

0.75

1.00

Management

A
pp

ro
pr

ia
te

ne
ss

Training NotUsed ImproveAccuracy Personalization

(d) Effect of Management, Topic, and Training on
Appropriateness.

Figure 13: Three-way interaction effects between LLM Management, Topic Sensitivity, and
Model Training.
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Management × Topic × Training.. Table 9 shows significant interactions
between LLM management, topic sensitivity, and model training for usefulness,
safety, appropriateness, and (marginally) participation willingness. Figure 13
illustrates a consistent pattern of significant post-hoc differences: When the
study topic was medical advice and participants were told that their data
would not be used for model training, they showed a significantly lower levels
of participation willingness, usefulness, safety, and appropriateness when the
LLM was managed by OpenAI rather than by the NSF. In contrast, when
training was framed as serving accuracy improvement or personalization,
and/or when the study topic was movie recommendation, the differences
between NSF- and OpenAI-managed LLMs were not significant.

These results reveal a nuanced pattern: Participants were most wary
of private LLM management of sensitive (medical) data in the absence of
training benefits. Arguably, participants favored an NSF-managed LLM in
these situations because they associated the NSF with public-interest research
rather than commercial LLM development.

Management × Topic × Retention.. Table 9 also shows significant interac-
tions between LLM management, topic sensitivity, and data retention for
participation willingness and (marginally) trust. Figure 14 shows a consistent
pattern of significant post-hoc differences: When the study topic was movie
recommendations and the retention period was 2 months, participants showed
a significantly lower willingness to participate and (marginally) lower trust
when the study used an LLM managed by OpenAI rather than the NSF.
Conversely, when movie data was retained indefinitely, participants reported
a significantly higher willingness to participate when the study used an LLM
managed by OpenAI rather than the NSF.

Participants’ open-ended responses revealed that institutional trust was
conditional and intertwined with other governance concerns. One participant’s
reasoning illustrated this conditionality: “I somewhat trust the NSF more than
I do open AI. I prefer to be completely anonymous, but if certain things I say
could identify me, I chose ‘no’ on some of those. It depended on the topic of the
study, too. I may or may not want my medical questions leaked” (P84). This
participant calibrated trust alongside anonymization protections and topic
sensitivity rather than deferring to institutional reputation alone. Conversely,
some participants expressed categorical rejection: “I don’t believe LLMs should
be used in Medicine in any capacity. Additionally, the NSF shouldn’t need
data for movie recommendations. I also do not trust OpenAI in the slightest”
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Figure 14: Three-way interaction effects between LLM Management, Topic Sensitivity, and
Data Retention.

(P1). For this participant, institutional affiliation was insufficient to overcome
fundamental doubts about the appropriateness of LLM use in certain domains.
These responses suggest that institutional trust operates as one component
in a multifaceted evaluation including data sensitivity, governance safeguards,
and normative judgments about technology appropriateness.

4.2.8. Heterogeneity in Decision-Making
While our quantitative findings reveal systematic patterns in how study

parameters shaped attitudes and participation willingness, participants’ open-
ended responses reveal substantial heterogeneity in reasoning, risk tolerance,
and governance priorities. At one end of the spectrum, some participants
expressed comfort bordering on indifference toward data sharing. One stated
simply, “I had nothing to lose or hide” (P22), while another reported: “I have
been participating in supplying data for LLMs and studies since 2020. I will
continue to do so. I honestly do not care who has my data and what they do
with it” (P23). For these individuals, privacy risks appeared negligible. At the
other end, some participants expressed fundamental skepticism about LLM
technology, independent of governance arrangements. One stated: “I don’t
trust LLMs because of their tendency to hallucinate, and would not want to
contribute to their development in any way” (P3). Another reflected a more
general caution: “AI is simply too young and too risky to justify willfully
giving my information away so easily. Even in the low stakes situations” (P2).
For these participants, governance improvements were unlikely to shift their
participation calculus.
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The majority of participants, however, demonstrated nuanced, context-
dependent reasoning (reflected throughout Section 4.2): they weighed multiple
parameters simultaneouslyand engaged in trade-off reasoning between utility
and protection. This heterogeneity underscores an important limitation of
aggregate findings: while our statistical models identify parameters that mat-
ter on average across the sample, individual participants varied substantially
in their governance priorities, risk tolerance, and decision-making logic.

5. Discussion

Our results show that the design parameters of Human-LLM Conversa-
tional Interaction (HLLMCI) research studies substantially affect participants’
attitudinal evaluations and participation willingness. In this section, we dis-
cuss the implications of our work for researchers and human-subjects research
review boards. We structure the discussion into three parts: general implica-
tions, implications for specific study design parameters, and recommendations
for practice.

5.1. General Implications
5.1.1. Participants make deliberate decisions about study participation

Our mediation analysis (Section 4.1) demonstrates that most study pa-
rameters significantly impact participation willingness, and that these effects
are fully mediated by participants’ attitudinal evaluations. These results
indicate that participants’ willingness to participate in the described study
was not rooted in heuristic decision-making, but rather a deliberate decision
shaped by how the study’s characteristics made them feel. These attitudinal
evaluations acted as mediators that translated study policy descriptions into
experiential judgments, ultimately guiding participants’ willingness to engage
in HLLMCI research. Multiple interaction effects (in Section 4.2 and Table 9)
and participants’ open-ended responses revealed that this deliberative process
often involved sophisticated multi-factor reasoning: participants engaged
in a ‘privacy calculus’ (Dinev and Hart, 2006), weighing combinations of
parameters rather than evaluating each in isolation. This underscores that
consent process is not merely procedural but involves deliberate decision-
making. Researchers should treat research design choices as critical input and
communicate them explicitly.
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5.1.2. Optimizing study participation is a complex task
While for some study design parameters is it relatively straightforward

to select the value that optimizes participation willingness and participant
comfort, for other parameters this decision is all but straightforward. The
various two- and three-way interaction effects presented in Section 4.2 suggest
that, for instance, the best way to manage additional consent depends on the
values of several other parameters.

Furthermore, participants’ open-ended responses suggest considerable
heterogeneity in reasoning, underscoring that while participants engage de-
liberately with governance parameters, the relative weight they assign to
different factors varies substantially across individuals. This heterogeneity
suggests that one-size-fits-all governance approaches may fail to accommodate
diverse participant expectations, and future work should explore governance
frameworks that can accommodate this heterogeneity (e.g. user-tailored
privacy (Knijnenburg et al., 2022)).

5.1.3. Balancing participant preferences against protective standards
Researchers seeking to optimize their study design are encouraged to use

our results as guidance for their research design process. However, optimiz-
ing participation should not supersede ethical obligations. Parameters that
participants find less concerning may still pose meaningful risks that war-
rant protection. For instance, participants viewed model training positively,
expecting personal benefits from LLM improvements, yet model training
carries risks—including potential data leakage, memorization, or unintended
disclosure—that may not be fully apparent even when disclosed. Similarly,
participants showed relatively less concern about commercial management
or longer data retention periods, but these choices can meaningfully affect
long-term data security and secondary use.

This highlights a core principle: participant indifference should not be
interpreted as blanket permission to minimize protections. Researchers and
IRBs must balance participant preferences against protective standards, en-
suring governance choices meet ethical requirements even when participants
express comfort with weaker safeguards. Where participants’ preferences ap-
pear to conflict with their protection—such as valuing personalization benefits
while underestimating training risks—researchers face a dual responsibility
to: (1) educate participants about the implications of data practices, and
(2) explore alternatives that address participants’ needs (e.g., personalization
benefits) while maintaining robust protections (e.g., federated learning, differ-
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ential privacy, or on-device processing (Friedman et al., 2015; Kobsa et al.,
2014)).

5.1.4. A need for tiered system design and human-subjects research design
policies

Although our study primarily focused on research practices, the findings
also have implications for system and research policy design. Specifically, AI-
related (research) policies may need to be tiered by topic sensitivity: stricter
retention limits, stronger anonymization, and tighter training restrictions
may be appropriate for sensitive domains such as health or criminal justice,
whereas lighter governance mechanisms may suffice for less sensitive topics
like entertainment. Such differentiated governance aligns with participants’
evaluations and could better balance system/research value with participant
protection.

In the United States, a tiered system of human-subjects research gover-
nance already exists, in the form of different levels of IRB review. A similar
tiered (or context-specific) approach may benefit AI system legislation more
broadly. Preliminary examples of this are the recent state-level restrictions
on the use of AI in the context of mental healthcare decision-making (Slaby,
2025). For HCI researchers, this suggests a dual responsibility to not only
comply with governance requirements but also design consent processes and
data practices that transparently communicate these tiers to participants.

5.2. Implications About Specific Study Design Parameters
5.2.1. Anonymization

Anonymization was the strongest predictor of participation willingness and
attitudinal evaluations, outweighing other study design parameters that have
traditionally been considered important for protecting research participants,
such as data retention or consent (Mascalzoni et al., 2022; Sanderson et al.,
2017). Average participation willingness reached over 80% for anonymized
studies—markedly higher than 60% for partially anonymized and 40% for
identifiable data (see Figure 3a).

These results suggest that developing robust anonymization practices is
one of the most powerful ways to foster participation in HLLMCI research.
Yet, guaranteeing full anonymity in conversational LLM settings is extremely
challenging, as free-text disclosures can contain indirect identifiers (Shim
et al., 2024). In practice, the best that HLLMCI research can often offer
is partial anonymization, complemented by careful redaction, minimization
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of human review, and technical safeguards. Future work should focus on
developing and validating methods of anonymization specific to conversational
AI studies, given that they differ from structured data settings. For now,
we do note that a best-effort (i.e., partial) anonymization already improves
participation willingness substantially over studies that leave users’ data fully
identifiable.

Another important finding related to anonymity can be seen in Figure 12b:
Participants were more willing to participate in studies that share data
access with other researchers and partners (as compared to just the original
researchers) if their data was anonymized, but less willing to participate when
the data shared was partially anonymized or identifiable. This suggests that
participants view anonymization as a critical condition for secondary data
access, and that when their data is properly anonymized, they are more likely
to participate if their data can benefit a larger number of researchers.

5.2.2. Model training and LLM management
Despite potential privacy concerns about data leakage (Inan et al., 2021),

participants were more willing to participate in studies that used data for
model training (Section 4.2.4). Participants appeared not to perceive privacy
concerns associated with training (effects on comfort, safety and trust were not
significant), while perceiving clear benefits (significant effects on usefulness
and appropriateness). Open-ended responses, such as “I do prefer that my
answers be used in order to improve the AI [...]. Improving the models with
real-world input is very important” (P8), suggested they weighed personal
utility more heavily than potential risks.

In terms of LLM management, contrary to expectations (Kibriya et al.,
2024), we did not observe consistent advantages if the LLM used in the
described study was managed by a public institution (e.g., NSF) over a
private provider (e.g., OpenAI). Instead, Section 4.2.7 shows that the effects
were context-dependent. When medical data were not used for training,
participation willingness was higher for studies using LLMs backed by public
institutions, aligning with expectations of collective societal benefit. However,
when data were used for model training or personalization, participation
willingness was higher for studies using a commercially managed LLM. The
latter was also true for movie data, especially with longer retention periods.

These counterintuitive findings may have been shaped by considerations of
direct personal benefit: improvements to ChatGPT—which most participants
already used—would arguably offer more immediate utility than improvements

48

This preprint research paper has not been peer reviewed. Electronic copy available at: https://ssrn.com/abstract=6235653

Pr
ep

rin
t n

ot
 p

ee
r r

ev
ie

wed



to a hypothetical NSF-managed LLM. Participants’ open-ended responses
provide some support for this interpretation, although alternative explanations
remain possible. This suggests that consent communications should not only
emphasize societal benefits (a practice that is increasingly common in HCI
research (Hochheiser and Lazar, 2007)), but to also articulate the potential
personal benefits that participants may receive, particularly in domains where
such individual utility is salient. We note, however, that participants’ positive
attitudes toward model training may partly reflect our benefits-oriented
framing and participants’ limited awareness of associated risks such as data
leakage or memorization (Zhang et al., 2024). This positive response to model
training illustrates a critical tension: participants’ expressed preferences may
not align with their best interests when risks are technical, long-term, or
difficult to communicate concisely. While this does not diminish the value of
transparency or participant agency, ethical research governance cannot rest
solely on participant acceptance. Even when participants express comfort
with practices like model training, researchers and IRBs retain obligation to
assess and mitigate risks that may exceed participants’ awareness or concern.

5.2.3. Consent
Providing notice of secondary data uses substantially improved participa-

tion willingness and attitudinal evaluations (see Section 4.2.5), while active
opt-out of or opt-in mechanisms generally provided no further improvement.
While HCI literature often emphasizes the value of granular notice and con-
sent practices (see Knijnenburg et al., 2013, for a critical discussion of this
notion), these findings suggest that disclosing secondary data use practices
carries much more weight than providing active consent mechanisms. Several
participants’ open-ended reflections similarly prioritized knowing about data
practices over controlling them.

Arguably, the promise to provide notice places the burden of responsibility
on researchers to notify participants of secondary data use, and this commit-
ment may serve as a perceived deterrent from inappropriate secondary uses
(cf. O’Connell and Church, 2024), instilling confidence that researchers will
exercise careful judgment. Asking participants to actively accept or decline
secondary data uses, in contrast, puts the burden of control on the participant,
who may not be interested in taking on this burden, unless (as evidenced by
our uncovered significant interaction effects) the collected data is sensitive,
contains identifiers, and/or is used for model training.
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5.2.4. Retention
The length of the data retention period had a significant effect on partici-

pation willingness and most attitudinal evaluations (see Section 4.2.3), but
the effect was only significant when data was described as retained indefi-
nitely (see also Leon et al., 2013); something most privacy guidelines advise
against (Blanchette and Johnson, 2002). Moreover, our significant interaction
effects showed that shorter retention reduced reliance on other governance
mechanisms: Participants expressed greater tolerance of limited protections
when data were stored only briefly. This reinforces the importance of not only
limiting data retention but also communicating retention periods explicitly in
consent or notice statements.

5.2.5. Topic Sensitivity
Topic sensitivity surfaced as a key influence as well as a moderator. Medical

advice studies were seen as highly sensitive yet highly beneficial, producing a
notable trade-off between perceived safety and usefulness (reflecting a recent
finding in chatbot privacy research (Sannon et al., 2020)). By contrast,
movie recommendation studies were seen as less sensitive but also less useful.
Overall, participants were less willing to participate in studies on medical
advice despite the higher perceived benefit, suggesting that sensitivity may
outweigh perceived utility in research participants’ privacy calculus (Laufer
and Wolfe, 1977).

Notably, the effects of several other parameters (i.e., consent and training,
management and training, and management and retention) differed by topic,
indicating that optimal research design practices may not generalize across
domains.

5.3. Implications for Practice
Our findings highlight that governance choices in HLLMCI studies directly

shape how participants evaluate and decide on participation. These results
carry implications for multiple stakeholders:

• Researchers: Governance parameters (e.g., anonymization, retention,
training, consent) should be treated as design features, clearly communi-
cated in consent materials and tested through piloting or scenario-based
pretesting—especially in sensitive domains.
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• Institutional Ethics Boards: Supporting researchers in balancing
participant preferences with robust protections is essential to ethical re-
view. IRBs can move beyond compliance checks by providing checklists
and structured feedback that explicitly incorporate governance dimen-
sions, requiring researchers to justify choices even when participants
express indifference, and imposing protective standards—particularly
for sensitive domains—that exceed baseline participant expectations.

• System Designers: Transparency should be built into LLM interfaces
through clear notices about training use, retention timelines, or data
access, helping participants understand governance choices in real time.

• Policymakers: Context-sensitive frameworks that impose stricter safe-
guards in sensitive domains while allowing flexibility where anonymiza-
tion or limited retention are guaranteed may better reflect participant
perspectives than one-size-fits-all rules.

Our findings also carry implications for consent form design. Our con-
cise, structured scenarios—clearly highlighting key governance parameters—
enabled deliberate, informed decisions, contrasting with typical consent forms
that are lengthy and laden with legal language (Pearman et al., 2022). In-
cluding a brief, structured summary at the beginning of consent forms could
serve as an accessible entry point that help participants understand and
evaluate studies before encountering detailed legal requirements. Future
research should examine how consent form structure affects comprehension
and attitudes in real-world LLM research contexts.

6. Limitations and Future Work

Scenario-based studies have inherent limitations, and our work is no
exception. Below we address notable limitations and provide directions for
future work.

First, our scenario-based study does not capture actual participation
decisions in real-world Human-LLM Conversational Interaction (HLLMCI)
research studies. However, our factorial scenario design provides a unique
opportunity to systematically compare (combinations of) study design deci-
sions at scale, which would be impractical or unethical to manipulate in the
real world. While our scenario descriptions were necessarily concise (to pre-
vent skimming behavior and participant fatigue), they closely resembled the
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amount and type of information in typical consent forms, though real-world
consent documents are often longer and more complex (Pearman et al., 2022).
Our study may thus represent a best-case scenario where participants attend
carefully to governance details. However, this design choice also represents a
methodological strength: our mediation analysis (Section 4.1) demonstrates
that when governance parameters are presented clearly and concisely, partic-
ipants engage in deliberate, attitudinally-mediated decision-making rather
than heuristic judgments. This suggests that participants can meaningfully
evaluate governance choices when information is accessible.

Second, our findings derive from scenarios describing human-LLM con-
versational interaction research studies—contexts where participants directly
engage with LLMs through conversational interfaces. While some principles
(e.g., transparency about data use and participant agency) may extend to
other LLM research contexts, other results may not directly generalize to
other modalities.For instance, when LLMs analyze participant data rather
than interact with participants, concerns about conversational disclosure
may be less salient, while concerns about algorithmic bias in interpretation
may become more prominent. Future research should examine whether the
governance parameters and attitudinal mediators we identify operate similarly
across diverse LLM research contexts, and whether additional parameters
(e.g., model customization, human oversight, API versus interface distinctions)
play comparable roles.

Third, our parameter descriptions balanced technical accuracy with par-
ticipant comprehension. For instance, our model training parameter used
accessible language (e.g., "improve the general accuracy of its responses,"
"tailor its responses to your specific needs") that may not fully capture the
technical mechanisms or potential risks such as data leakage, memorization,
or unintended model behaviors (Zhang et al., 2024). While this mirrors how
consent forms typically describe data practices at a high, non-technical level,
more detailed risk descriptions could have increased participants’ concerns.
Our positive framing, combined with participants’ limited familiarity with
LLM data practices (Table 5), means some findings may reflect incomplete
understanding rather than fully informed preferences. Future work could
investigate how varying levels of detail and risk communication in parameter
descriptions affect comprehension and attitudes, helping identify optimal
balances between accessibility and completeness in consent communications.

Fourth, generalizability has boundaries. We tested for gender and age
differences but found no meaningful moderating effects, suggesting our find-
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ings apply broadly across these demographics. However, we intentionally
limited recruitment to US-based participants to reduce uncontrolled cultural
variation, which simplified interpretation but restricts cross-cultural appli-
cability. Extending this work to other cultural contexts will be important,
especially since norms around data governance and institutional trust differ
internationally. Additionally, while our study included members of under-
represented groups, it was not powered to examine whether their attitudes
and participation willingness deviated from the majority. Future work could
uncover whether marginalized populations respond differently to governance
mechanisms, given their historically disproportionate exposure to research
harms.

Fifth, our study relied primarily on quantitative measures—multiple-
choice items assessing attitudes and willingness to participate. Although we
reference selected open-ended responses for context, these do not capture the
full depth of participants’ reasoning processes, lived experiences, or underlying
values. Future studies should complement our work with in-depth qualitative
methods, such as semi-structured interviews or think-aloud protocols, to
surface participants’ underlying concerns and decision-making strategies. Such
work could clarify why certain conditions matter more to some individuals
and how LLM literacy or prior experiences shape governance expectations.
It may also deepen understanding of how marginalized populations navigate
governance decisions, given historical research harms.

Finally, our study examined participant perspectives, but did not capture
how researchers make research design decisions. Future work could inves-
tigate how researchers balance considerations of anonymization, retention,
or training against practical constraints, highlighting gaps between partici-
pant expectations and researcher practices, and suggesting opportunities for
alignment.

7. Conclusion

This paper examined how study design parameters in Human-LLM Conver-
sational Interaction (HLLMCI) research studies shape participants’ attitudes
and willingness to participate. Our findings extend the privacy calculus by
highlighting how perceptions of comfort, appropriateness, trust, and safety
jointly mediate participation decisions. They also underscore that governance
mechanisms are not interchangeable: Participants distinguish between trans-
parency, control, and protection, and expect them to align with the sensitivity
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and purpose of data use. More broadly, this work contributes to ongoing
discussions about trustworthy AI, research ethics, and participant agency. By
systematically unpacking how governance choices shape participants’ privacy
evaluations, we highlight pathways toward more responsible research practices
that not only meet regulatory standards but also align with participants’
expectations of fairness, safety, and respect.

Appendix A. Additional Interaction Effect Graphs

Appendix B. Definition of LLMs

At the start of the study, participants were shown the following definition:

LLMs are advanced AI systems that can understand and generate
human language based on extensive text data they have been
trained on. Examples of such models include OpenAI’s GPT
and ChatGPT. These models are designed to answer questions,
assist with various tasks, and generate conversational responses
that mimic human-like interaction. LLMs continuously improve
their language processing abilities by learning from vast datasets,
allowing them to generate more accurate and relevant responses
over time.

LLMs are trained using publicly available data from the internet.
Additionally, they can use data from the current conversation to
improve the accuracy of their responses or tailor them to better
meet your specific needs.

Appendix C. Post-Study Questions

This appendix provides the complete post-scenario survey questions. Sum-
mary statistics are reported in Table 5.

Scenario Participation Follow-Up Questions
In the previous scenarios, did you choose to participate in:

⃝ None of the studies
What concerns or reasons led you to decline participation in all the
studies?
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(e) Consent, Anonymization, and Training effect on
Trust.

Figure A.15: Three-way interaction effects between Additional Consent, Anonymization,
and Model Training.
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⃝ Some studies
What factors influenced your decision to participate in some studies but
not others?

⃝ All of the studies
What motivated you to participate in all the studies?

Prior Experience and Knowledge
How would you describe your experience with LLM tools?

⃝ Occasional user

⃝ Frequent user

⃝ Technical user (e.g. developer)

⃝ None

How familiar are you with the data privacy policies of LLM tools such as
ChatGPT?

⃝ Very familiar

⃝ Somewhat familiar

⃝ Not familiar

How do you think LLM tools use your data?

⃝ My data is used to provide a response to my input.

⃝ My data is stored and used to train future models.

⃝ My data is stored and used for quality assurance purposes.

⃝ My data is stored to fulfill legal requirements.

⃝ My data is stored and sold or used for commercial purposes.

⃝ I don’t know.

Do you know the difference between data collected from independent users
versus corporate users of LLM tools?

⃝ Yes

⃝ No
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Factual Knowledge
Please respond to the following based on your current understanding:

- Current AI technology can understand the thoughts and emotions of
human beings. ⃝ False ⃝ True

- AI can learn from its mistakes and improve over time. ⃝ False ⃝
True

- AI systems are always accurate and free from errors. ⃝ False ⃝
True

- AI’s decision is based on data. ⃝ False ⃝ True

- All AI systems require human supervision to operate. ⃝ False ⃝
True

- AI cannot personalize content for users because it treats everyone the
same way. ⃝ False ⃝ True

- AI models require large amounts of data to improve their accuracy. ⃝
False ⃝ True

- AI algorithms are always unbiased, as they rely solely on mathematical
computations. ⃝ False ⃝ True

Participation in LLM-Based Studies
How familiar are you with how data is typically handled in academic

research studies?

⃝ Very familiar

⃝ Somewhat familiar

⃝ Not familiar

Have you previously participated in any research studies that involved LLM
tools?

⃝ No

⃝ Yes:
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1. Were you informed about how your data would be used in those
studies?
⃝ No
⃝ Yes

2. Did you have any concerns about your data privacy in those
studies?
⃝ No
⃝ Yes

Have you ever interacted with:

- Character.AI ⃝ No ⃝ Yes

- ChatGPT ⃝ No ⃝ Yes

- Claude ⃝ No ⃝ Yes

- DeepSeek ⃝ No ⃝ Yes

- FakeSeek4 ⃝ No ⃝ Yes

- GitHub Copilot ⃝ No ⃝ Yes

- Google Bard ⃝ No ⃝ Yes

- Google Gemini ⃝ No ⃝ Yes

- Grok ⃝ No ⃝ Yes

- Jasper ⃝ No ⃝ Yes

- Meta Llama ⃝ No ⃝ Yes

- Microsoft Bing AI ⃝ No ⃝ Yes

- Microsoft Copilot ⃝ No ⃝ Yes

- Perplexity ⃝ No ⃝ Yes

- Snapchat My AI ⃝ No ⃝ Yes

4Attention check - a fake option to detect inattentive responses.
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Appendix D. Demographics

Please select your age group:

⃝ 18–24

⃝ 25–34

⃝ 35–44

⃝ 45–54

⃝ 55 and above

Select the gender(s) or gender identities that currently apply to you:

⃝ Man (including Trans Male/Trans Man)

⃝ Woman (including Trans Female/Trans Woman)

⃝ Nonbinary

⃝ Prefer to self describe

⃝ Prefer not to disclose

Please specify your ethnicity:

⃝ Caucasian/White

⃝ African American/Black

⃝ Hispanic/Latino

⃝ Asian/Pacific Islander

⃝ Native American/Alaska Native

⃝ Mixed ethnicity

⃝ Other (please specify)

Which of these is the highest level of education you have completed?

⃝ No formal qualifications
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⃝ Secondary education (e.g., GED/GCSE)

⃝ High school diploma/A-levels

⃝ Technical/community college

⃝ Undergraduate degree (BA/BSc/other)

⃝ Graduate degree (MA/MSc/MPhil/other)

⃝ Doctorate degree (PhD/other)

What is your current employment status?

⃝ Full-Time

⃝ Part-Time

⃝ Due to start a new job within the next month

⃝ Unemployed (and job seeking)

⃝ Not in paid work (e.g., homemaker, retired, or disabled)

⃝ Other
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