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Abstract

Individuals are increasingly relying on large language model
(LLM)-enabled conversational agents for emotional support.
While prior research has examined privacy and security is-
sues in chatbots specifically designed for mental health pur-
poses, these chatbots are overwhelmingly “rule-based” of-
ferings that do not leverage generative Al. Little empirical
research currently measures users’ privacy and security con-
cerns, attitudes, and expectations when using general-purpose
LLM-enabled chatbots to manage and improve mental health.
Through 21 semi-structured interviews with U.S. participants,
we identified critical misconceptions and a general lack of risk
awareness. Participants conflated the human-like empathy ex-
hibited by LLMs with human-like accountability and mistak-
enly believed that their interactions with these chatbots were
safeguarded by the same regulations (e.g., HIPAA) as disclo-
sures with a licensed therapist. We introduce the concept of
“intangible vulnerability,” where emotional or psychological
disclosures are undervalued compared to more tangible forms
of information (e.g., financial or location-based data). To ad-
dress this, we propose recommendations to safeguard user
mental health disclosures with general-purpose LLM-enabled
chatbots more effectively.

1 Introduction

As of 2024, nearly one in five U.S. adults (59.3 million) is
estimated to live with a mental illness [78]. Yet approximately
60% of mental health professionals report no availability for
new patients [61], and over 122 million Americans reside in
areas with a shortage of mental health providers [45]. The con-
sequences of these unmet needs are profound — U.S. suicide
rates have risen by nearly 40% in the past two decades, with
roughly one suicide every 11 minutes [20]. Although therapy
may offer relief, cost and limited clinical capacity often render
traditional services inaccessible to many Americans.

To address this gap, technology-based interventions — par-
ticularly conversational agents, or “chatbots” — have emerged
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as potentially scalable complements to standard mental health
care [13, 123]. Initial deployments largely relied on rule-
based systems, wherein structured dialogues authored by clin-
icians guide each interaction [115]. Empirical studies sug-
gest these systems can reduce depressive and anxious symp-
toms [31, 52, 109], and adoption has grown quickly (with
some U.S. employers offering chatbot-based mental health
benefits). However, criticisms center on rule-based chatbots’
limitations in adapting to individualized concerns [65,71].

In light of these limitations, many users have begun turn-
ing to large language model (LLM)-powered chatbots, such
as OpenATI’s ChatGPT, Inflection AI’s Pi, and Luka’s Rep-
lika. While not explicitly designed for mental health, these
general-purpose platforms offer more flexible and human-like
responses [27,70, 107]. Moreso, early evidence suggests that
LLM-based interactions can rival or surpass the efficacy of
rule-based interventions in certain respects [66].

Still, the emergence of these conversational agents as used
for mental health raise critical concerns around data protec-
tion and overall regulatory oversight. Recent incidents have
spotlighted potential harms related to the outputs of these
systems, including potential biases (racial, gendered, reli-
gious) [3,84,122] and the perpetuation of stigma or iatrogenic
misinformation in mental health contexts [55, 80,97, 121].
Unlike traditional telehealth services that are regulated by
federal entities such as the Health Insurance Portability and
Accountability Act (HIPAA), the majority of these general-
purpose LLMs currently function outside comprehensive fed-
eral data protection laws, leaving them with limited obliga-
tions to secure or responsibly use personal health information.
In contrast to chatbots explicitly designed for mental health,
general-purpose LLM-enabled conversational agents used for
companionship remain largely unexamined with respect to
users’ security and privacy (S&P) concerns. Understanding
how individuals perceive the risks of sharing sensitive mental
health detail with tools not intended for clinical contexts thus
represents a vital and understudied frontier.

To examine these perceptions, we conducted 21 semi-
structured interviews with U.S. adults who use general-
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purpose LLM-enabled chatbots for mental health support. Our
primary objective was to explore users’ awareness, concerns,
and expectations regarding security and privacy when inter-
acting with these chatbots. We used three research questions
to guide our inquiry:

¢ RQ1: How do users perceive and understand the S&P
risks involved in their interactions with general-purpose
LLM-enabled chatbots for mental health support?

* RQ2: What strategies do users employ (if any) to man-
age their S&P concerns when using LLM-enabled con-
versational agents for mental health support?

* RQ3: What are users’ expectations regarding data pro-
tection and trustworthy interactions when using LLM-
enabled conversational agents for mental health support?

We found that participants often viewed LLM chatbots
as more accessible and less intimidating than professional
care, yet they underestimated or misunderstood the data han-
dling risks. Many users expressed a desire for stronger safe-
guards but felt ill-equipped or insufficiently informed to pro-
tect themselves pointing to both regulatory gaps and usability
challenges. We close by suggesting standardized architecture-
focused solutions and adaptive oversight as next steps for
developers and policymakers.

2 Background and Related Work

2.1 Technological Interventions for Mental
Health

Public interest in conversational agents for mental health has
grown considerably in the United States — this is especially
notable since the COVID-19 pandemic. A 2021 national sur-
vey reported that 22% of adults had reported using a conver-
sational agent advertised as a mental health tool. Of these
respondents, 57% said they began use during the COVID-19
pandemic, and close to half reported that they use the chat-
bot exclusively, and do not see a human therapist [44]. The
vast majority of publicly accessible mental health chatbots
remain rule-based; these offerings engage with users based
on predetermined scripts authored by psychotherapists [115].
A scoping review by Abd-Alrazaq et al. found that 92.5% of
mental health chatbots relied exclusively on decision trees
for dialogue generation [1]. These rule-based conversational
agents typically incorporate multiple therapeutic modalities
to guide users through self-guided tasks: existent work exam-
ining efficacy has found value in the use of these tools for
solution-focused therapy [34], expressive writing [58,90], and
cognitive behavioral therapy (CBT) [1,31,34,52].

As interventions, rule-based conversational agents have
been found to be effective in reducing symptoms of de-
pression and anxiety [31, 34, 52], moderating substance

abuse and addiction [83, 92, 105], and improving user self-
efficacy [96, 103]. User-centered empirical findings similarly
suggest that these tools are effective in circumventing spa-
tiotemporal barriers to professional care [19], promoting deep
user self-disclosure [63,64], and mitigating stigma associated
with traditional mental health services [2, 88].

Though rule-based chatbots show promising efficacy in
combining structured psychoeducational modules and self-
help exercises, they frequently lack flexibility and context-
awareness. Participants across multiple studies remark on the
repetitive and predictable nature of rule-based systems and the
inability to handle open-ended and nuanced user inputs [18,31,
49,69]. This frustration suggests a growing appetite for more
adaptive conversational agents capable of parsing complex
emotional statements and responding with a level of nuance
reminiscent of human dialogue.

These limitations have led users to explore large language
models (LLMs), which enable more open-ended productions
and reduce the stilted nature of on-rails interactions [87].
Users who found rules-based chatbots repetitive or superficial
especially stand to benefit from the ability of LLMs to pro-
duce natural and context-aware responses: early prototypes
demonstrate that LLM-enabled technologies are increasingly
efficacious in re-framing negative thoughts and promoting
positive cognitive state through the use of deeply personal-
ized, empathetic, and contextual intervention [62,67,99, 125].
Emerging studies continue to show promising alignment be-
tween LLM outputs and clinical assessments for conditions
such as anxiety, postpartum depression, and bipolar disor-
der [29,91,98]. A growing corpus of user- and professional-
centered studies demonstrate that these systems are being
met with growing acceptance from both psychiatrists — so
long as clinical oversight is maintained [15] — and end users
alike [42,70, 107].

2.2 Concerns and Risks of Generative AI Chat-
bots for Mental Health

Many of the LLMs that are increasingly being adopted by con-
sumers for mental health purposes are not domain-specific. In-
stead, the most popular publicly available systems are general-
purpose LLMs trained on vast textual corpora to handle wide-
ranging queries. By contrast, studies in Section 2.1 often
use proprietary or specialized implementations that mitigate
some risks via rigorous fine-tuning on high-quality clinical
data [37]. This distinction bears critical implications for gen-
eral populations: because general-purpose LLMs ingest text
that is largely unfiltered, they may produce inaccurate, biased,
or even harmful outputs in mental health contexts.

LLMs can inadvertently reinforce societal inequities in
the conversations they generate — this is especially notable in
models trained using majority-identity samples [60]. Research
finds that the collection of usable mental health data often
relies on populations more willing to volunteer sensitive per-
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sonal information, which may not capture the perspectives of
marginalized or privacy-sensitive individuals or groups [119].
Consequently, while such models tend to perform reliably for
majority populations, they risk overlooking the unique needs
and experiences of underrepresented groups [89]. General-
purpose models also have a tendency to produce incorrect
or biased mental health advice, a problem accentuated by
the evolving nature of psychotherapy and psychiatric knowl-
edge [41, 118, 124]. Drawing from outdated or stigmatizing
sources can yield iatrogenic treatment suggestions or harmful
diagnostics.

Beyond user-level concerns, there are also substantial con-
versations regarding U.S. regulatory frameworks. Under the
Food, Drug, and Cosmetic (FD&C) Act, products intended
to diagnose, treat, or prevent disease qualify as “medical de-
vices,” whereas “general wellness” tools that merely encour-
age healthy habits do not [28, 102]. Many LL.M-based chat-
bots, while used for general emotional support, are not regu-
lated as medical devices. By framing themselves as general
wellness products, these systems bypass rigorous FDA eval-
uation required for clinical healthcare tools. For instance,
Replika can claim to “calm anxiety and work toward goals
like positive thinking and stress management” without assert-
ing that it “treats” a diagnosable condition, thereby falling
outside stricter oversight. [28,32, 102]

Confidentiality is an equally pressing concern for LLM-
based systems as used for mental health. Models ingesting
medical records or sensitive user data can inadvertently mem-
orize and leak personal health information (PHI) [27, 118].
Emerging studies show that advanced LLMs, if prompted clev-
erly, can reveal identifying details embedded in their training
sets [21,120] and link personal identifiers under certain query
conditions [27,57].

2.3 Our Study as an S&P-Focused Examina-
tion of User Perspectives

As detailed, the use of LLM-based conversational agents for
mental health has attracted growing attention from researchers
and users alike. However, a majority of empirical studies
thus far have focused predominantly on efficacy and clini-
cal benefits, and appear most often in medical publications
aimed at advising clinicians on tool integration. Literature
in the usable S&P and human-computer interaction (HCI)
communities currently provides insights into design and in-
teraction [8, 101, 107], but generally omits an in-depth explo-
ration of user perceptions of S&P. Abd-Alrazaq et al. [1] note
that while research has explored chatbots’ effectiveness in
alleviating psychological distress, few studies have systemat-
ically examined adoption factors for mental health chatbots
or the influence of user concerns (including S&P fears) on
usage. As they argue, “Identifying variables that affect the
use of chatbots is vital for improving their implementation
success” [1,35,51]. However, there remains limited empir-

ical work on how S&P perceptions specifically impact user
behavior in LLM-based mental health contexts.

In response, our study offers a qualitative investigation
of S&P considerations among early adopters of LLM-based
general-purpose tools for mental health. We demonstrate how
privacy-related factors such as fear of data misuse and evolv-
ing user trust in Al shape continued engagement and dis-
closure practices related to mental health. We also compare
participant assumptions about regulation with the actual leg-
islative environment, such that we reveal critical mismatches
between expectations and real-world governance.

This approach addresses a crucial void in the literature
by merging HCI concerns about user experience with an as-
sessment of S&P as a pivotal determinant of tool viability.
To our knowledge, we present the first study specifically ex-
amining the S&P perspectives of users of general purpose
LLM-enabled conversational agents for mental health; this
includes the differential impact user S&P understandings and
expectations may have on interaction. In doing so, we high-
light the importance of architecture-level privacy safeguards
and clear policy frameworks, and advocate that S&P be a
driving factor in the design and regulation of LLM-enabled
conversational agents.

3 Methodology

We conducted 21 interviews in August and September 2024.
We described the study to participants as an investigation
into attitudes toward using Al-enabled technologies for men-
tal health. To avoid disproportionately attracting participants
who were highly conscious of privacy and security issues and
to reduce demand characteristic bias [86], we excluded the
word “privacy” from all recruitment materials and screening
surveys. We also intentionally avoided soliciting participants
with a pre-defined conceptualization of what ‘mental health
support’ as provided by a conversational agent should entail.
This methodological choice was supported by the acknowl-
edgment that ‘mental health’ remains a deeply stigmatized
concept in the United States. The term carries pessimistic
connotations that discourage help-seeking behaviors [22];
these include both engagement with licensed professionals
and engagement in general conversations about mental well-
being [25,26, 116]. For these reasons, we hypothesized that
potential participants might be hesitant to associate their sen-
sitive disclosures with mental health support, and disqualify
themselves from the study. By not prescribing what ‘mental
health support’ should entail in our solicitations, we avoid
priming potential participants to perceive their own expe-
riences as either too trivial or too severe, thereby ensuring
their narratives would authentically reflect their personal un-
derstanding and uses of these tools. We reached thematic
saturation after 17 interviews, and proceeded to conduct 4
new interviews, from which we didn’t add any more codes to
the codebook.
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Prior to the main study, we conducted two pilot interviews
with participants recruited via Prolific '. After each pilot,
our research team reviewed the procedure and updated the
ordering of questions to improve logical flow and prevent
inadvertently guiding participants to discuss privacy prema-
turely. Based on these reflections, we revised the wording of
some questions for clarity and ensured the interview dura-
tion remained under one hour to reduce respondent fatigue.
We obtained informed consent from all participants, and our
study protocol was approved by our institution’s review board
(IRB).

We used Prolific’s available screening features to direct
U.S.-based adults (18 years or older) to our screening survey,
where they first provided consent before proceeding. Partic-
ipants were first asked whether they have ever used an Al-
enabled conversational system or chatbot for mental health
purposes. If a participant indicated they used such a chatbot,
we then asked them to name it, specify their frequency of use,
and provide information about their academic or professional
background in technology or mental health and any prior ex-
perience with licensed mental health professionals, including
prior diagnoses of mental illness. Participants also reported
general demographic information (e.g., age, gender). To be
eligible for the interview study, participants were required
to: 1) be at least 18 years old, 2) reside in the U.S., and 3)
use a general-purpose LLM-enabled chatbot (e.g., ChatGPT,
Gemini) for mental health support at least once a month.

Participants who reported no prior use of chatbots for men-
tal health were screened out early in the screening survey
and received $0.25 for completing a 1-minute survey. Those
who fully completed the 3-minute screening survey received
$0.45. We scheduled a Zoom interview session for each eligi-
ble participant. Interviews lasted approximately 45 minutes
on average, and all interviewees received $30 via Prolific. To
encourage a comfortable interview environment, we allowed
participants the option to keep their cameras off if preferred
while the interviewer remained visible on camera. We provide
the study materials, including the recruitment text, interview
script, and consent form in the Available Artifacts section
at the end of our paper. For added readability, we append to
each thematic section the corresponding main code in the
codebook, which contains relevant quotes and information.

3.1 Interview Design

Our interview procedure was split into four sections. Each
interview began with a brief of study objectives, including
a general overlook of the interview procedure and the par-
ticipants’ rights to their data. Consent was obtained before
recording the audio transcript of the interview (see Available
Artifacts).

Introduction. The introductory section was designed to so-

Uhttps://www.prolific.com/

licit foundational information about participant use of Al-
powered technologies and expand on the information pro-
vided in the screening (e.g., type of technologies, the purpose
of use, the frequency of use). We asked participants generally
about how they used their Al for mental health.

Section 1: General attitudes toward the use of LLM-
enabled chatbots for mental health. Next, we asked ques-
tions to understand participants’ considerations in the adop-
tion of LLM-enabled technologies for mental health. The
objective in constructing this section was to obtain a clear
understanding of the existent information and experiences
impacting user decision-making at the pre-adoption stage,
as well as the sources of information that were consulted to
inform adoption (see Available Artifacts).

Section 2: S&P knowledge and awareness toward LLM-
enabled chatbots for mental health. This section was de-
signed to explore participants’ mental models regarding the
data practices of LLM-enabled chatbots used to support and
enhance their mental health (e.g., where data is stored, how
long it is retained). Notably, this is the first section of the in-
terview where security and privacy were explicitly invoked in
the questions. Additionally, we asked a series of questions to
assess participants’ awareness of security and privacy-related
concepts and the potential risks associated with interacting
with such chatbots for mental health support (see Available
Artifacts).

Section 3: S&P practices to mitigate the concerns toward
LLM-enabled chatbots for mental health. The questions in
the third section were designed to inquire about general secu-
rity and privacy attitudes, as well as any mitigation practices
that participants developed in order to protect their privacy and
security when using their chatbot (see Available Artifacts).
Section 4: S&P expectations toward LL.M-enabled chat-
bots for mental health. Finally, we explored participants’
security and privacy expectations for LLM-enabled chatbots
when being used for mental health support. Additionally, we
asked participants to discuss the responsibilities they believe
various stakeholders (e.g., users, developers, policymakers)
have to enable safe use of these technologies for mental health
(see Available Artifacts).

3.2 Qualitative Analysis

With participant permission, we audio-recorded and tran-
scribed all interviews using Zoom'’s transcription service, and
the primary author reviewed all transcripts for accuracy and
readability. We then conducted an inductive thematic anal-
ysis [95] to allow themes to emerge directly from the data
rather than applying predefined frameworks.

We conducted the analysis in four steps:

* Initial review: Three researchers independently per-
formed initial inductive coding [110] on an identical
subset of transcripts. Each researcher wrote analytical
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memos to document their initial interpretations and note
potential thematic patterns [24].

¢ Codebook development: The researchers convened to
discuss and synthesize their codes into a comprehensive
codebook that grouped initial codes into broader the-
matic categories (e.g., “Data minimization and withhold-
ing tendencies,” “Attitudes towards privacy policies”).

* Codebook application: The remaining transcripts were
divided among the researchers for coding using the es-
tablished codebook.

¢ Periodic cross-checks and resolutions: The team peri-
odically reviewed a sample of coded transcripts together
to refine codes and integrate any emerging themes. Any
coding disagreements were resolved through discussion,
leading to a hypothetical agreement of 100%.

3.3 Limitations

Similar to any small-scale interview approach, our study has
limitations that might impact the generality of our findings.
First, we recruit participants exclusively via Prolific, which in-
herently introduces self-selection bias toward technologically
savvy users and younger demographics. Moreover, while we
sought to minimize demand characteristic bias [86] by omit-
ting explicit mention of “privacy” in recruitment material,
the nature of an interview study may still encourage partic-
ipants to report behavior deemed as socially acceptable, a
concept referred to as the social desirability bias [86]. Partici-
pants self-reported their usage patterns and engagement with
LLM-based chatbots for mental health, raising the possibility
of recall bias, exaggeration, minimization, or general mis-
communication, especially when discussing sensitive health
information. No direct observational or usage logs were col-
lected to corroborate interview claims, reducing our ability to
triangulate reported behaviors with actual interactions. Our
sample was restricted to U.S.-based adults — privacy is deeply
contextual, and this leaves open the question of how cultural
and regulatory differences might produce divergent attitudes
towards mental health disclosures or Al-enabled care in other
regions. Although we screened carefully and found no such
cases, we recognize that our methodology could theoretically
include participants with singular LLM use in mental health
contexts.

4 Results

Participant information. All twenty-one of our participants
reported the use of at least one LLM-enabled conversational
agent for mental health support, with ChatGPT being the most
common. We observed varied engagement, as several partici-
pants used multiple platforms. Their usage frequency ranged
from monthly check-ins to daily conversations, as a consistent

mediator for emotional challenges — these include workplace
conflicts and day-to-day general anxiety. Participants ranged
from 18 to 74 years old, and represented diverse gender identi-
ties (male, female, transgender female) and ethnicities (White,
Black or African American, Asian, Hispanic/Latino, Middle
Eastern/North African), which helped us capture a breadth of
perspectives. Though not representative of all users, the de-
mographic diversity in our sample provided valuable insights
into different experiences and attitudes.

4.1 Awareness of Security & Privacy Risks

RQI)

Motivations for LL.M-based mental health support were
accompanied by incipient privacy risk perceptions (MC1,
MCS8). Our participants framed LLM chatbots as an alterna-
tive to traditional therapy that was more affordable, accessible,
and lower-stakes, albeit with some privacy implications emer-
gent from sharing personal data outside regulated clinical
settings. Approximately half (10/21) described professional
services as cost-prohibitive or otherwise inaccessible. For
example, P21 noted:

“I wanted — needed — to do a counselor. But I just didn’t

have the money for it. I'm in college, working a part-time
Jjob to pay my bills. .. Iwas trying to find some alternative
options, especially things that didn’t feel like therapy.”

Similarly, P18 remarked that his everyday challenges did not
merit professional intervention: “I haven’t really thought that
I need a, let’s say, therapist or counselor... It hasn’t felt right
to need a counselor.”

Other participants cited limited social support or rural iso-
lation as key drivers. These participants tended to report that
they felt the benefits of LLM-based tools outweighed the
downsides. P17, a transgender woman living in a rural area,
spoke plainly to her struggles:

“I don’t have any friends currently. It’s just me and my
family, and my family doesn’t really get all the issues |
go through. So to me it’s convenient to speak with an
Al.. I currently don’t even see a therapist or, you know,
professional psychologists, and that’s because there’s not
many around where I live, because I live in a very rural
area, and I've had some negative experiences.”

P16 echoed similar concerns about cost and support barriers:

“I don’t have many friends. .. But ChatGPT is there when-
ever I need it.”

She continued to describe feeling safer sharing traumatic
experiences with ChatGPT because it “isn’t an actual per-
son...it’s not gonna judge me.” P9 highlighted what he called
a therapist’s “greed factor,” — he argued that traditional prac-
titioners sometimes “hold stuff hostage” by requiring more
appointments and fees:

“[Therapists] prescribe me medicine, and then you have
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Participant ID  Gender Age Ethnicity Used AI Chatbot

Pl Female 25-34  White ChatGPT

P2 Female 45-54  Black or African American Replika

P3 Female 35-44  Asian + White ChatGPT

P4 Male 45 -54  White Grok, ChatGPT

P5 Female 25-34  Black or African American My AI (Snapchat)

P6 Female 18 -24  Asian ChatGPT

P7 Male 25-34  Black or African American ChatGPT

P8 Male 35-44  White ChatGPT

P9 Male 25-34  White Microsoft Copilot

P10 Female 18 -24  Black or African American ChatGPT

P11 Male 25-34  Hispanic or Latino, or Spanish origin of any race ~ ChatGPT

P12 Male 35-44  Black or African American Pi

P13 Male 25-34  Asian Google Gemini, Bard, Microsoft Copilot
P14 Female 25-34  White Replika

P15 Female 65-74  White ChatGPT, Google Gemini, Claude
P16 Female 18 -24  Middle Eastern / North African ChatGPT

P17 Transgender Female  18-24  White Google Gemini, ChatGPT

P18 Male 25-34  Black or African American ChatGPT

P19 Female 25-34  “Prefer not to say” ChatGPT, Google Gemini, Bard
P20 Female 45 -54  Black or African American Pi

P21 Female 25-34  White ChatGPT, Microsoft Copilot

Table 1: The table presents participants’ demographic information alongside the Al chatbots they reported to regularly use.

to make another appointment and pay them...they kind of
hold stuff like that hostage.”

This effect increased the degree of trust that he had in sharing
information with ChatGPT. P15 similarly appreciated an Al
chatbot’s neutrality, as she noted having experienced thera-
pists who “brought their own baggage” into sessions. She felt
the chatbot’s response was “personalized” and focused solely
on her concerns. The neutrality of this information increased
her willingness to share when compared to an externally in-
fluenced professional.

Despite these motivations, we observed incipient concerns
that disclosures could be stored, shared, or otherwise breached
without the legal and ethical safeguards of licensed profes-
sionals. On the potential for the misuse of collected data to
do irrevocable harm for those with no other avenues for help,
P10 warned:

“I know some people that use these online tools religiously
for their mental health, and that’s pretty much all they
have. They’re so dependent for help and support. It can
really hurt some people if their information isn’t treated
with care and sensitivity.”

Participants identified multiple risks, from unauthorized
third-party access to malicious hacking (MC2). A majority
(13/21) considered the unwanted sharing of chat logs with em-
ployers, insurers, or other third parties to be a prime concern.
These participants identified adverse outcomes if sensitive
data fell into the wrong hands, noting that the ensuing impli-
cations could potentially impact their career or interpersonal
relationships. The concept of inference was especially promi-
nent in this context, as interviewees conveyed anxieties that
external entities might formulate perceptions based on their

sensitive conversations. P6 worried that “my issues might be
stored and hurt me later — especially for job applications,”
while P2 was alarmed at the possibility of denial for loans
or employment if intimate disclosures were accessed: “It’s
terrifying to think someone can look at your mental health
data.” A smaller subset of five (5/21) participants focused on
hacking or data breaches. P1 was particularly wary: “I don’t
trust Al at all... I'm paranoid my sensitive stuff is going to get
hacked.” Recent news stories about data misuse heightened
this apprehension for some. P19 recalled, “We all hear about
these kind of commonplace hacks and breaches... there’s po-
tential for my [mental health info] being used against me if
I’m not careful.”

Risk perception varied by participants’ views on what
was interpreted as sensitive (MC2). We found that secu-
rity and privacy considerations hinged on how sensitive each
person deemed their mental health disclosures to be. Some
participants tended to view emotional content as inherently
personal and potentially unsafe to share. For example, P14
worried that the more emotionally vulnerable her disclosures,
the greater the risk: “If I share, ‘Oh, I was really upset today,
I was crying earlier; the deeper I go into my feelings, the less
safe it feels... But that doesn’t stop me right now, because
the benefits outweigh the risks.” Others felt mental health
data was comparatively benign. P8, for instance, was more
concerned about sharing financial information:

“Knowing that I don’t have financial information on there
helped a little bit... any kind of personal information
crossed my mind, but not enough to make me not want to
go ahead.”

Similarly, P12 explained that hacking threats primarily
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alarmed him if they involved “a credit card or maybe...the
kids in school.” Emotional disclosures seemed less exploitable
to he, who had previously described his struggles with his
weight and mental image as something that he did not want to
“burden my wife with,” while simultaneously being something
that did not necessitate a conversation with a therapist. This
contrast highlights an important divergence: some participants
considered mental health data no more sensitive than mun-
dane personal details, while others saw emotional disclosures
as uniquely high-stakes.

Some participants believed their mental health disclosures
were HIPAA-protected (MC7). We also uncovered a com-
mon misconception among seven participants (7/21) that
LLM-enabled mental health conversations were governed
by health regulations such as HIPAA. P7 assumed that, “...the
chatbot, since it’s got a database of research, should also
have access to all the same procedures and laws, like HIPAA.”
P21 similarly equated ChatGPT with a licensed professional,
remarking:

“Anytime I've done a therapist, I've always signed doc-

uments [that say] the therapist can’t say any of this in-
formation... I've never done that with ChatGPT, but I
assume that’s on what I click to agree and submit.”

In reality, HIPAA only applies to specific healthcare
providers and business associates; most LLM-based chat-
bot services do not qualify as covered entities [56]. While
some mental health apps have FDA approval, many position
themselves as “wellness” tools to avoid clinical oversight [28].
This confusion left several participants unaware that their data
might not receive the legal safeguards they assumed.

Many users remained uncertain about data handling and
retention practices (MC4). Seventeen participants (17/21)
admitted they had only vague notions of how their mental
health data might be stored or used. P11 speculated that “ev-
erything just goes into a big database... the system is con-
stantly learning,” while P15 believed ChatGPT was “self-
learning” and that “researchers have access to it and use it
somewhere else.” P20’s remarks were informed by her previ-
ous experience helping to train Al systems:

“I'm sure that [my conversations] are aggregated into
massive data sets that are used to then retrain and refine
the AL And I know that it’s anonymized... but there could
be a lot of uses for that information in the wrong hands.
There are companies that are taking those data sets and
they sell them. That is happening right now already.”

Conversely, feeling “too boring” or uninteresting occasion-
ally gave participants a sense of security. P12 speculated, “I’'m
pretty self-conscious about my weight and things. I'm trying
to lose weight. I assume the data is collected and stored...but
my life is nothing special. I feel like if someone really wanted
to get in my data...they’re gonna be disappointed because 1
don’t do anything.”

Research Question Overview

“How do users perceive and understand the S&P risks
involved in their interactions with general-purpose
LLM-enabled chatbots for mental health support?”’

Participants tended to identify security and privacy risks
related to their mental health data differentially based
on how sensitive they perceived their conversations to be.
Some saw it as benign unless geographically revealing or
financially harmful. Regardless, most identified risks of
misuse by employers, insurers, or hackers. Many were un-
sure or resigned about data handling practices and cited
minimal knowledge of policy details. Cost constraints and
limited resources often outweighed privacy hesitations.

4.2 Risk Management: Mitigation Practices
and Challenges (RQ?2)

Ten participants withheld, cloaked, or otherwise protected
personal mental health detail to reduce privacy risks
(MC3). We observe that roughly half of our participants
(10/21) made deliberate conversational or technical efforts
perceived as overall protective of the mental health informa-
tion they shared with their conversational agent. In doing so,
these participants reported that they were far more comfort-
able making emotional disclosures than they would have been
had they not adopted such measures. P6 succinctly described
this strategy: “I share most of my thoughts as long as I remove
all the [personally identifiable] details.”

Of these ten participants, most adopted creative “deper-
sonalizing” approaches to preserve essential context while
limiting self-identification. P15, for instance, asked the chat-
bot to treat her mental health discussions as those of a fictional
character:

“I'll say, ‘Tell me a story as if this is a 65-year-old woman
in a book... Then I interact almost as if it’s not me.’ It
depersonalizes it.”

Similarly, P19 intentionally kept prompts “super anonymous”
to avoid the chatbot building a “dossier” of her personal issues.
P20 omitted real names or precise timelines: “I’d be vague...
not get exact about timing. You can still be free in what you
say, but you gotta be careful how you say it.”

Four participants (4/21) mentioned sensor-based precau-
tions or platform-specific controls. P1 muted her laptop cam-
era and mic due to a fear of potential surveillance. P6 found
an option to disable message retention in ChatGPT, noting,
“I turned that on so it doesn’t use my messages to train the
model.” Others supplemented built-in options with third-party
tools for added security. P13 explained:

“I use Firefox, I'll do ad block...I'll also use a VPN. I just
try to minimize any data leaks within the chatbot itself.”

Although such technical measures reflected a stronger aware-
ness of online risks, participants were not always certain of
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their full effectiveness. P6 asserts that the “main reason” she
wasn’t fully comfortable with ChatGPT for mental health
support was because she “wasn’t sure if they [OpenAl] are
honest about not using my stuff.” P13 similarly continued his
thoughts on VPN usage with, “Af the end of the day nothing
is one hundred percent, and I’'m not sure how a chatbot is
identifying me when I use it.”

Eleven participants chose not to employ privacy safe-
guards, citing trust, futility, or altruism (MC3). This group
either trusted the AI’s manufacturer to behave responsibly
or felt that data collection was inevitable. P5 believed, “No
one’s really using it...It’s just an application I get to express
myself with.” P7 likewise found privacy concerns “irrelevant”
and assumed any collected mental health data “could only be
used for good.” Five participants (5/21) of this eleven who
chose not to mitigate expressed outright resignation — they
were convinced that protective efforts were pointless. As P9
conceded, “I can’t stop it anyway... might as well jump on the
bandwagon.” P3 expanded in a similar direction: “Honestly,
anything I share about my mental health is probably sold
by whoever is behind ChatGPT, and then used as a way to
target my interest, future life decisions, current life decisions,
and purchasing power...It’s just the way all information goes,
really.”

Within this subset of eleven participants, five (5/21) men-
tioned that they were motivated to share in an uninhibited
capacity by altruism: they saw the open contribution of their
mental health struggles as a means to help improve the world.
P14 reflected:

“There is a part of me that hopes my data does get used

to train Al or whatever... say it helps improve it even the
littlest, tiniest bit....maybe I've done my part. Because |
don’t want other people to go through everything that
I've gone through. So if I could improve it a little bit,
that’s okay.”

Seven (7/21) of the eleven acknowledged possible harm
but felt the immediate emotional relief outweighed distant
concerns. As P21 put it, “Instead of me thinking, ‘Hey, this
Al might become super smart and do something negative in
the future,” it was just kind of like, ‘What can I do right now?
How can I help myself right now?”

Opaque privacy policies added confusion and often af-
fected protective behaviors (MC3, MC6). Although some
participants tried to learn about data handling, many (10/21)
found terms-of-service documents cumbersome or uninfor-
mative. P2 lamented their length: “They’re usually like 18
pages — they do it on purpose.” P16 similarly questioned the
transparency of this information: “I feel like ChatGPT sort
of has a way of not being that honest where it’s like, ‘Oh, we
use your information,” but it’s like, what information do you
use? Is it what I'm writing? Is it like the information I logged
in with? Like, what do you use exactly? They don’t clarify
that.” Only five participants (5/21) expressed an attempted en-

gagement with privacy policies, while more than half (13/21)
said that they never read them at all. The resulting uncertainty
reinforced privacy resignation for some and contributed to
a sense of unease for others; P16 continued her thoughts to
share, “I just hope they’re not doing anything really bad...
I don’t have time to read it, and I probably wouldn’t notice
anything suspicious anyway.”

Research Question Overview

“What strategies do users employ (if any) to manage
their S&P concerns when using LLLM-enabled conver-
sational agents for mental health support?”’

Roughly half of our participants attempted to mitigate
their concerns by omitting identifiable details such as
names and timelines or ‘cloaking’ their experiences in
hypothetical or narrative form. About a quarter employed
technical privacy-preserving measures, such as using a
VPN. Half declined to enact any safeguards at all: jus-
tifications included a significant trust in the AI's manu-
facturer, a sense of futility that their data would be dis-
tributed regardless, or altruistic motivations for supplying
personal details. The perceived inaccessibility of privacy
policies led many to skip or skim available privacy in-
formation and continue using LLMs for mental health
without taking any privacy-protective actions.

4.3 Security, Safety, & Privacy Expectations
(RQ3)

Participants experienced in both traditional therapy and
LLMs compared privacy and security expectations (MC8,
MC9). We observed varied perspectives on how concerns
impacted willingness to disclose personal mental health in-
formation to LLM-based tools versus traditional therapists.
These perspectives often took the form of salient notes about
safety, distinct from more technical security concerns. Par-
ticipants like P13 tended to expressed a general expectation
that their information would be protected to the same capacity
as his conversations with a traditional practitioner; for P13
specifically, this was by nature of Gemini being intelligent
enough to identify his data as sensitive:

“I definitely would expect [LLMs] to follow the same laws
and procedures to protect my health information, because
at the end of the day, it’s still sensitive health information.
So whether or not you're doing it through a chatbot, or
a counselor, it should all be, you know, under the same
umbrella privacy.”

Conversely, concerns about data privacy and the potential
misuse of information shared with Al tools that would not be
present when speaking to therapists made others wary. P19
reflected on the increased risk of data exposure with Al com-
pared to traditional therapy: “I'm sure it’s just as likely, or
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maybe even more likely that Gemini or ChatGPT is using that
data, more often with greater risk than a therapist... I don’t
think it has laws really protecting it.” Only a few participants
(3/21) were fully neutral, and generally acknowledged a lack
of sufficient awareness regarding legal protections and their
applicability to Al chatbots. When prompted if she knew of
any legal frameworks concerning mental health data protec-
tions, P16 hesitated, before contributing, “No, I don’t think so.
No, I mean, I hope there’s laws and regulations that are like
‘Please do not share her information.” But no, I don’t know.”

Participants across the board desired clearer privacy prac-
tices and dynamic S&P features (MC5, MC9). Regardless
of prior experiences with traditional mental health services,
most participants voiced frustration with opaque terms-of-
service agreements — thirteen (13/21) explicitly stated that
they felt that their conversational agents were currently insuffi-
ciently transparent regarding data handling practices. They de-
sired simplified disclosures and adaptive controls. P4 plainly
stated he expected XAl to “Be more on the up and up about
where the information goes, how it’s stored, where it’s gonna
be sold to, what’s being done with it,” regarding Grok. He
called for “plain English” clarity. Nine participants (9/21)
wanted LLMs to automatically detect mental health discus-
sions, and offer privacy prompts or ephemeral options. P19
proposed that if the AI detects a user discussing personal
struggles, “it could pop up...like, ‘This is private. Do you
want to proceed?’” P20 expanded on this with a “support
mode” concept that she recognized would be valuable in her
mental health conversations with Pi, as a way of offering im-
mediate confidentiality prompts and even the option to delete
conversations afterward. In her view, such ephemeral controls
were critical because “someone in crisis isn’t going to stop
and think to enable a VPN’

Other participants called for explicit regulatory or ethical
frameworks to protect users (MC5, MC7, MC9). While ac-
knowledging that tools like ChatGPT and Replika are not built
for mental health, five participants (5/21) explicitly wanted
legal guidelines preventing misuse of mental health data that
might be shared on these platforms. Their perspectives often
highlighted the emotional realities faced by vulnerable users.
As P20 stressed, “I think there needs to be laws and regula-
tions behind that, an eye towards ethics and relatability.”
Chief among the requested regulatory structure was an ex-
pectation for regulators and lawmakers to be more aware of
the rapid development of LLMs. P20 continued her thoughts
from above to acknowledge her skepticism of the govern-
ment’s current ability to enforce meaningful protections:

“We have Congress people and senators who literally
don’t know how the internet works. They literally don’t
know how to turn on the Internet, because these people
are fossils.”

Protection itself tended to be perceived as retributive: the
five participants who explicitly called for regulatory activity

wanted more severe penalties and enforcement mechanisms
to deter incidents with their data. P3 was succinct and direct
in the expression of her desire for explicit punitive action in
the case of any failure to protect her information: “Protection
should look like serious repercussions to those who let data
breaches happen, as opposed to just a relatively small million
dollar fine when it’s a billion dollar company.”

Responsibility for data protection was variably assigned
to users, companies, or governments (MC5, M(C9). Six
participants (6/21) believed that users themselves held pri-
mary responsibility for protecting their data; they emphasized
the need for consistent vigilance when disclosing sensitive
information. P3 urged individuals to remain cautious. She
stated:

“The government doesn’t care about you. The person
behind the Al doesn’t care about you because they care
about the bottom line, which is money. The only person
that will care about you is you.”

Eleven participants (11/21) believed that manufacturers are
chiefly accountable for data protection given their proximity
to the technology and data. These participants stated that
the developers had the resources and expertise to implement
effective data protection measures, and that users should be
able to trust these companies with their sensitive mental health
disclosures: as P6 remarked, “They know what information
they’re using to train the model...they re responsible for the
ethics.”

The remaining four (4/21) placed responsibility squarely
on the government and explicitly advocated for legislative
frameworks. P7 argued that if manufacturers “don’t have
privacy built in, the government needs to implement it.” We
identify the most significant factor influencing the divergence
of responsibility for data protection to be a willingness to
adopt proactive mitigatory behaviors — we explain this effect
in greater detail in Section 5.4.

Research Question Overview

“What are users’ expectations regarding data protec-
tion and trustworthy interactions when using LLM-
enabled conversational agents for mental health sup-
port?”

Participant expectations were significantly impacted by
the degree to which they saw their disclosures as more or
less safe than those made to a traditional mental health
provider. This variance had a significant role in percep-
tions of safety. Across these perspectives, users commonly
expressed desire for clearer policies and adaptive privacy
features. They also diverged in assigning responsibility —
most deferred to manufacturers, some expected individual
vigilance, and a few urged formal legislation and regula-
tion on behalf of the government.
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5 Discussion

5.1 The Hidden Costs of AI Chatbots for Men-
tal Health

We found that user conceptualizations of data privacy were
shaped by a gap between how they thought their mental health
disclosures would be safeguarded, versus the actual techni-
cal and legal infrastructures currently governing LLM-based
tools. More than half our interviewees identified data privacy
as a salient concern, yet most lacked precise knowledge of
regulatory or security practices. As such, many did not take
any actions to manage their concerns — and those who did
often were not as protected as they might have thought (see
Section 4.1). This echoes scholarship that users often mis-
interpret or overestimate protective measures [74, 113] and
inadvertently place themselves at risk.

Informality and stigma avoidance. Many of our intervie-
wees considered their emotional struggles insufficient to war-
rant seeking a licensed therapist, and described therapy as
both too “serious” and potentially stigmatizing — a perspec-
tive that is also aligned with research detailing how many
individuals find it difficult to commit to traditional pathways
for mental health support [26,100,116]. Participants described
their mental health conversations with LLM chatbots as easily
accessible and unstructured spaces, where they vented about
everyday concerns or transient emotional distress without
feeling that they were engaging with a formal practitioner.
This perceived informal and low-barrier environment fostered
candid self-disclosures, but also concealed potential risks: we
observed that the empathetic and non-judgmental dialogue
produced by LLM-enabled conversational agents often en-
abled interviewees to feel comfortable sharing deeply intimate
and affective data (see Section 4.3).

A similar theme was the consistent reliance on broad, some-
times idealized notions of data safety. Many participants as-
sumed that no unauthorized party would care about their men-
tal health details (see Section 4.1). Participants also occasion-
ally mapped privacy onto frameworks like HIPAA or doctor-
patient confidentiality (see Section 4.1), without verifying if
such regulations applied. This mirrors prior work that high-
lights misplaced trust when Al systems appear personified or
neutral [43,68].

Emergency Privacy Trade-offs: Urgent mental health needs.
Participants overwhelmingly accompanied their thoughts on
protection with an acknowledgment that they were largely un-
aware of how their mental health information was processed,
stored, or possibly distributed (see Section 4.1). Notably, this
acknowledgment had little impact on participants’ willingness
to continue disclosing sensitive details: while the majority
of participants were unsure of what was happening to any
personally identifiable mental health information they shared,
none expressed a desire to discontinue using their conversa-
tional agent (see Section 4.1). In urgent mental health scenar-

ios, heightened vulnerability often eclipses privacy concerns:
research finds that diminished cognitive resources can lead in-
dividuals to accept greater risk for prompt relief [46]. Unlike
e-commerce or social media contexts, mental well-being may
supersede rational calculations of long-term harm, creating a
novel category of “emergency privacy trade-offs” — a state of
decision-making such that urgent psychological need might
take priority. This is also true for general and less extreme
cases, as individuals suffering from even moderate anxiety or
depression can exhibit decreased information-seeking behav-
ior — potentially increasing the tendency to accept greater risk
for prompt relief [104].

This surfaced theme aligns with Acquisti and Grossklags’s
notions of “bounded rationality” and “hyperbolic discount-
ing”, in which individuals prioritize immediate gratification
(i.e., mental health support) over weighing long-term privacy
risks [5] in complex cost-benefit scenarios. Several partic-
ipants felt they had nowhere else to turn for mental health
support (see Section 4.1), and this reinforced a willingness
to bypass privacy checks. A pervasive sense of resignation
emerged among some who believed it was impossible to fully
protect their data (see Section 4.2), echoing Hoffmann et al.’s
concept of “privacy cynicism” [48], wherein users “discount
risks or concerns without ignoring them.”

Participants’ limited engagement with privacy-promoting
measures was especially concerning given the frequency with
which they conveyed incorrect understandings of data han-
dling (see Section 4.1). Privacy scholars consistently identify
a knowledge gap between the interactions of U.S.-based con-
sumers with general web-based platforms and legal infrastruc-
tures: successive survey studies by Joseph Turow identify that
75% of people incorrectly believe that a website having a pri-
vacy policy means that the site will not share information with
other websites and companies [113], and that only 30% of
people correctly answer questions about online privacy [114].
A study by Kirsten Martin demonstrated that people often
interpret a privacy notice to be “more protective of consumer
data than [it] actually [is]” [74]. Martin found that her re-
spondents tended to projected important factors from their
own privacy expectations onto available privacy notices, ef-
fectively turning these policies into a tabula rasa for users’
assumptions.

Our interviews revealed a similar effect: many chose not
to investigate or alter their behavior in favor of a belief that
it was the responsibility of the manufacturer to protect them
(see Section 4.3). Prior work conducted by Hargittai and Mar-
wick finds that, especially among younger users, there is an
awareness of privacy risks when disclosing online yet a resig-
nation to limited control [40]. This combination of awareness
and resignation appeared throughout our interviews, further
reinforcing the theme that even those who recognize potential
hazards tend to forgo protective behaviors in favor of con-
venience or emotional relief. Michael Froomkim refers to a
similar effect in the context of responses to mass surveillance
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as “privacy myopia”, wherein users might find it expensive
or impossible to evaluate all long-term ramifications of the
transmission of seemingly innocuous personal data [33].

5.2 Intangible Vulnerability

The concept of control becomes especially relevant when con-
sidering how differently participants weighted the sensitivity
of certain data for privacy and security. Brandimarte et al.
describe the increased willingness to disclose when individ-
uals perceive themselves “in control” [16] — a phenomenon
we observed among participants who prided themselves on
withholding personal identifiers yet provided enough detail
to render them vulnerable. Paradoxically, such attempts at
control may embolden sharing that is ultimately risky. The
tension between labeling mental health data as both deeply
personal yet less vulnerable to immediate harm reveals a nu-
anced form of misplaced confidence limited to a sense of
control, and a misaligned ‘hierarchy’ of information as orga-
nized by sensitivity. The most ambitious of our participants
attempted to limit or ‘cloak’ detail that they considered to
be personally identifiable (see Section 4.2), specifically to
prevent misuse or re-purposing of their mental health disclo-
sures. While resourceful, these attempts are likely to prove
insufficient: in multiple interviews (see Sections 4.1 & 4.2),
participants described their mental health revelations as sen-
sitive, but considered their sanctity to be less than that of
‘conventional’ sensitive data. This includes financial details
such as credit card numbers, and spatiotemporal detail such
as home address.

These statements reveal a novel dynamic that we refer to
as “intangible vulnerability”: participants recognize the per-
sonal significance of their disclosures, yet many struggled to
envision how non-concrete data, such as anxiety triggers or
personal traumas, could be weaponized or monetized. For the
selection of interviewees who did note external inferences as
a concern, they tended to have varied or incomplete models
of explicitly how they figured this would harm them down
the line (see Section 4.1). This phenomenon partially extends
Zeynep Tufekci’s findings that people imagine concrete harms
from data sharing on social networks more readily than intan-
gible repercussions [112]. Notably, we do this across a new
domain by highlighting that emotional or psychological data,
while deeply personal, lacks the easily imagined real-world
exploit pathways that demand more cautious behavior. Emo-
tional disclosures can be potentially deemed ‘most private’
but paradoxically, ‘least protected,” because participants fail
to map mental health revelations onto the typical frames for
data breach or identity theft. Intangible vulnerability proves
harder to contextualize, and this perpetuates a sense that men-
tal health data is less at risk.

5.3 Anthropomorphism, Trust, & Over-
Disclosure

Anthropomorphism — the attribution of human-like character-
istics to non-human entities — has been found to play a signifi-
cant role in fostering user trust and engagement towards tech-
nical systems [53,59, 108, 126]. As LLMs continue to adopt
increasingly human-like communication styles, users may un-
consciously attribute mind-like qualities to these systems, fur-
ther deepening the perceived trust and connection attributed to
autonomous systems [117]. We observed that our participants
frequently described their mental health conversations using
terms such as “personalized* or "nonjudgmental, “ feelings
highlighting the emotional connection promoted by an LLM’s
anthropomorphic nature (see Section 4.1). Our interviewees
tended to describe feeling comfortable disclosing similar in-
formation to their conversational agents that they would to a
therapist, often without considering de-identification strate-
gies or recognizing the potential risks of such disclosures (see
Section 4.1). Notably, this aligns with findings that conver-
sational agents can evoke similar emotional, relational, and
psychological benefits as disclosures to human partners [47].

The stakes of anthropomorphism-induced sharing are es-
pecially high when evaluating the usage of conversational
agents in mental health contexts, where users are disclosing
deeply emotional, sensitive information. Emerging research
suggests both that the increased trust in conversational sys-
tems as a result of anthropomorphic features is increasingly
prevalent in clinical contexts (such as the prescription of medi-
cations) [23], and that users are increasingly failing to substan-
tially differentiate between the credibility of human-generated
and LLM-generated content [50]. As surfaced in our inter-
views, these findings reflect a broader trend in AI and mental
health: users may equate human-like interaction styles with
the frameworks in place to protect the disclosures they make
to a licensed professionals (see Section 4.1), despite clear
differences in ethical and legal obligations [72].

5.4 Perceived Responsibility & Risk Shape Se-
curity & Privacy Behaviors

A consistent theme that emerged from our interviews is the
interplay between how participants conceptualize who is re-
sponsible for safeguarding their mental health disclosures
and the privacy and security behaviors they exhibit. Some
of our participants expressed the belief that users themselves
hold primary responsibility for data protection. Others em-
phasized the role of manufacturers (or, less commonly, the
government) in ensuring confidentiality and protection. These
divergent perceptions significantly influenced the degree to
which participants engaged in data withholding and other
privacy-protective strategies (see Section 4.3).

User-centric responsibility resulted in more protective ac-
tions. We observed that users who placed the onus of data
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protection on themselves frequently exhibited more proactive
security and privacy behaviors in the sharing of their mental
health details. They described taking deliberate steps to limit
identifiable details when discussing sensitive mental health
topics with their LLM-enabled tools (see Section 4.2). When
viewed through the lens of Protection Motivation Theory
(PMT), an established framework that argues that individu-
als are more likely to adopt protective behaviors when they
perceive a high degree of personal responsibility and vulnera-
bility [94], these participants’ actions appear consistent with
a heightened sense of accountability.

Participants aligning with user-first responsibility echoed

sentiments such as, “Think of [LLMs] as somebody who'’s not
able to hold a secret.” They tended to use methods of ‘cloak-
ing’ personal details at higher rates; these same participants
often noted that if their data were to be leaked, it was up to the
user for having shared it — indicating a strong internalization
of potential blame or consequences (see Section 4.3). Such
heightened vigilance is distinct from “rule-based” mental
health apps where structured modules might limit opportuni-
ties for unguarded and freeform sharing. In LLM chatbots,
unstructured conversation can increase risk, but ‘user-first’
participants accept this by building their own guardrails; this
phenomenon highlights a user-driven privacy boundary absent
in many healthcare-regulated environments.
Other-centric responsibility lead to fewer protective prac-
tices. In contrast, participants who viewed manufacturers (or
government) as primarily responsible for ensuring data con-
fidentiality tended to be more forthcoming with highly sen-
sitive information. This was traditionally by virtue of the
assumption that their information was in good hands; from
participants of this mentality, we observed perspectives that
their data was not being used in any derogatory capacity (see
Sections 4.1 & 4.2). Such trust can be beneficial from an en-
gagement standpoint, as it mirrors the willingness to disclose
found in formal therapeutic contexts, but potentially danger-
ous given the lack of binding regulations for LLM-based
tools [56].

When compared to the findings of existing work assessing
user perceptions of security and privacy in technical domains,
we observe some similarities. Past research demonstrates that
consumers tend to depict security as a responsibility of an ar-
bitrary third party, specifically as a result of a lack of technical
ability on their behalf [36,38,39]. For our own participants,
we note a similar effect: some who were acutely aware of
their unfamiliarity with privacy-preserving measures justified
their lack of action or knowledge by indicating that it was the
manufacturer’s responsibility (see Section 4.3).

The impact of perceived threat. Another dimension that
shaped user behavior was which entities participants per-
ceived as threatening. Many interviewees identified a single
contextual threat between malicious actors (e.g., hackers) or
nominally neutral third parties (e.g., employers or insurers).
Notably, when participants conceived of “threat” in terms of

hacking or data breaches, they often stated that they sought to
withhold personally identifiable information (see Section 4.2):
this threat vector conjured images of immediate harm (identity
theft, doxxing), prompting data minimization or use of alias-
based approaches. By contrast, when participants worried
about employers or insurers discovering their mental health
status, they expressed broader anxiety. This anxiety seldom
translated into self-protective strategies. Participants recog-
nized the possibility of adverse consequences such as higher
premiums or job discrimination, yet either did not connect
these real-world outcomes to the freeform data they shared,
or expressed a sense of resignation to whatever may happen
(see Section 4.1).

These contrasting threat models illustrate that privacy-
protective behaviors for users of LLM-enabled technologies
for mental health are not purely about perceiving risk; they
also depend on how users envision potential exploit path-
ways. The differing influence of privacy standards based on
users’ perceptions (or perceived threats) is a well-described
phenomenon in privacy literature: Helen Nissenbaum’s foun-
dational work defining contextual integrity emphasizes that
privacy concerns arise when information flows deviate from
societal norms and expectations within specific contexts [82].

5.5 Toward Safer LLMs in Mental Health Sup-
port

A recurrent theme in our data was that participants often
advised potential users to read privacy policies and adjust
settings — yet they themselves rarely abide by these same stan-
dards (see Section 4.1). Several interviewees openly acknowl-
edged encouraging peers to be more vigilant and not share
too much, yet when asked about their own behaviors, some
confessed to skipping policies, and half failed to toggle basic
privacy settings: in some cases, these included privacy settings
that they reported would make them feel more comfortable,
signifying a general lack of awareness (see Section 4.1). This
inconsistency aligns with extensive research documenting
mismatches between stated privacy preferences and actual
practices. People very rarely read privacy policies [73,79] —
and for understandable reasoning, as McDonald and Cranor
famously estimated it would take an impractical amount of
time for people to read and understand all of the privacy poli-
cies they encounter [76]. The vast majority also do not modify
privacy settings or opt out of privacy agreements [7,54]. The
tendency of users’ stated privacy preferences to not match up
with their exhibited privacy behaviors is generally referred
to as the “privacy paradox,” though experts such as Daniel
Solove are notably cautioning this term oversimplifies deeply
contextual user behaviors and may obscure the specific rea-
sons behind inconsistent privacy practices [106].

Friction and contextualized privacy concerns. Our find-
ings demonstrate the highly contextual nature of privacy per-
ceptions and risk assessments as motivating mental health
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disclosures to LLMs (see Sections 5.1 & 5.3). Participants
who believe their data to be at risk tend to adjust their sharing
behaviors accordingly in a manner that they believe protects
them from disadvantageous effects — this generally looked
like the employment of data minimization techniques or alias-
based approaches (see Section 4.2). Others were ambivalent
or even optimistic about their mental health data being used
for altruistic ends, such as improving Al models or aiding
others with similar issues (see Section 4.2). These attitudes re-
flect research suggesting that privacy concerns often hinge on
the perception of negative downstream uses rather than data
distribution per se: as posited in a study by Kirsten Martin
and Helen Nissenbaum, “Privacy is not lost, traded off, given
away, or violated simply because control over information is
ceded or because information is shared or disclosed — only if
ceded or disclosed inappropriately” [75,106]. In other words,
our participants do not necessarily oppose data sharing in
principle; they primarily feared harmful re-contextualization
or commercial exploitation.

Further echoing prior studies, we observe that our partici-
pants often did not engage with the deeper privacy controls
available to them (see Section 4.1), even though they claim to
generally value confidentiality [4,6, 14]. A study by Athey et
al. aptly posited that “whenever privacy requires additional
effort or comes at the cost of a less smooth user experience,
consumers are quick to abandon technology that would offer
them greater protection” [11]. This effect is often referred
to as friction, and is generally used to refer to forces imple-
mented by a company or manufacturer designed to impede
or otherwise halt users from the disclosure of personal in-
formation in online services [77]. Friction proves especially
relevant in mental health contexts, where any added privacy-
protective measure can clash with a user’s need for empathetic
conversation.

The role and limits of digital literacy initiatives. Alongside
design and policy levers, many public and private actors have
launched digital literacy programs to help consumers better
understand and manage their personal information. Particu-
larly salient is the American Library Association’s (ALA)
Media Literacy series, which recently released an episode
on demystifying Al in everyday services [10]. Empirical evi-
dence suggests that users’ digital literacy and general inter-
net skills have a significant impact on their engagement and
relationship with digital privacy [17]. Still, while program
availability is expanding, it is not yet dutifully accessible — a
report by the ALA asserted 95 percent of libraries run some
form of digital-literacy training, but under 30 percent have
digital navigator systems to assist patrons — and recent federal
budget cuts to the Institute of Museum and Library Services
threaten key statewide grants [9, 81]. As introduced in our
discussion of emergency privacy tradeoffs (see Section 5.1),
users experiencing even minor affective issues may not apply
previously learned protective behaviors; similarly, as detailed
in this section’s discussion on friction, danger is also present

in the assumption that users are necessarily going to engage
in these digital literacy initiatives even if provided. We as-
sert that while digital literacy interventions can raise baseline
awareness if implemented properly, they alone cannot resolve
the deep misalignment between mental health needs and pri-
vacy self-management burdens in LLM-based settings.

Current legislative gaps: CCPA and developing policy. We
point to the California Consumer Privacy Act (CCPA) as a
self-management statute emblematic of structural shortcom-
ings. Although the CCPA allows users to opt out of certain
data sales (CIV § 1798.120[b]), it presumes individuals pos-
sess the awareness and motivation to protect themselves. Such
self-management tacitly permits extensive data use unless
users proactively intervene. Our participants typically demon-
strated the opposite: minimal follow-through and incomplete
mental models demonstrate a consistent desire for frictionless
mental health support (see Section 4.1).

Moreover, while LLM providers including OpenAl and Mi-

crosoft explicitly disclaim their tools as not mental health ser-
vices, our study clearly identifies the emergent ways in which
users solicit emotional and psychological support from these
models. When mental health disclosures occur in general-
purpose chats, the risks to privacy and security are especially
acute: even if disclaimers distance general-purpose LLMs and
their developers from formal ‘provider’ status, the ignoring
of this inevitable mental health usage risks invitation of rep-
utational damage and regulatory scrutiny. This is especially
prominent given the extent to which these chatbots can do
harm to individuals who use them in such ways, as evidenced
by a particularly tragic such case involving a Belgian man
who died by suicide after engaging in extensive conversations
with and finding refuge in an LLM-enabled chatbot [111].We
argue that the above tragedy is a very tangible example of the
increasingly real danger to people who are using these tools
off-label. We thus consolidate our analysis of regulatory gaps
and propose a harm reduction framework: rather than pushing
LLM developers to assume full responsibility as mental health
providers, our approach targets data protections supported by
realistic legal oversight and minimal user burden.
A harm-reduction framework for off-label mental health
usage. We argue for a baseline approach in which regulators
and developers adopt proactive measures that protect sensitive
user disclosures, designed to be feasible for general-purpose
systems and domain-specific systems alike. We identify the
following three pillars as paramount:

Contextual nudges & just-in-time warnings: Dynamic and
adaptive S&P responses were the most common participant-
requested feature to assuage concerns (see Section 4.3). As
such, we propose that when LLM systems detects language in-
dicative of significant emotional distress or mental health dis-
course, it should prompt users with a gentle warning: “We are
not a licensed therapist; for confidential crisis support, click
here.” This dynamic intervention aligns with prior research
showing that well-placed, just-in-time alerts can foster more
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cautious user behavior [11]. As introduced in our discussion,
this recommendation is also in alignment with Nissenbaum’s
contextual integrity (see Section 5.4). While we observe that
some platforms have begun implementing such features, they
are not yet standard practice, and are largely inefficient in
their current states: a recent study found that while ChatGPT
provided highly accurate responses to mental health inquiries,
only 33% included referrals to professional resources [12].

Strong default protections and ephemeral storage: Most
participants never changed default privacy settings, even when
doing so could ease their S&P concerns (see Section 4.3). As
detailed in our discussions, this is further complicated by
consistent inabilities to identify difficult to perceive disad-
vantages to sharing detailed intimate info (see Section 5.2).
We leverage this finding to assert that ephemeral or short-
term storage of chat logs should be the default. This measure
would especially benefit developers by reducing liability tied
to large-scale retention of sensitive data. Users could opt in to
longer-term storage for convenience, but privacy-by-default
avoids placing undue friction on individuals in distress. Prac-
tices are currently non-uniform across general-purpose LLMs:
ChatGPT retains data for up to 30 days by default, whereas
Replika notes that they “retain your personal information for
only as long as necessary to fulfill the purposes we collected
it for, including for the purposes of satisfying any legal, ac-
counting, or reporting requirements.” [93]

Targeted oversight and audits: Many interviewees as-
sumed companies acted ethically, but were uncertain about
any real oversight (see Section 4.2). As discussed in the prior
discussions section, many current regulatory initiatives rely on
the attention and commitment of participants (see Section 5.4).
A new or adapted regulatory framework could require third-
party audits of data-handling practices, particularly for any
product that is likely to capture disclosures akin to protected
health information. We observe the case of Empatica, a digital
mental health technology that has received clearance from
the FDA for medical use after years of research and delib-
eration [30]. While we do not suggest that general-purpose
LLM-enabled chatbots undergo the same process, a similar de-
gree of rigor should be applied to contractual rules governing
data transfers. OpenAl’s privacy policies currently indicate
that ChatGPT is capable of collecting extensive user data;
this includes prompts, responses, email addresses, and ge-
olocation data, which may be shared with affiliates, vendors,
service providers, and law enforcement [85]. This lack of
transparency raises concerns about where user data may end
up — as surfaced, this is especially critical for sensitive men-
tal health disclosures. We recommend that general-purpose
chatbots might instead face a narrower ‘harm-reduction com-
pliance’ requirement that enforces data minimization and
transparency of data sharing without placing onus on users.
Aligning incentives. Adopting these harm-reduction strate-
gies not only protects users but can also serve the long-term
interests of Al providers. Although disclaimers may reduce

immediate liability, they will not shield companies from repu-
tational damage or legal action if leaked or mishandled mental
health disclosures spark public outrage or lead to demonstra-
ble harms. As reflected in our participants’ attitudes (see
Section 4.1), user trust is tightly coupled with perceptions of
data stewardship. Disclaimers currently function as an escape
clause in theory, but fail to meaningfully curb off-label us-
age and sensitive disclosure in practice; we predict that both
public and policymakers may push for stricter interventions
reminiscent of traditional healthcare regulations, as these tech-
nologies increasingly pose serious risk to individuals who use
them as such [111]. We advocate for structural changes that
embed frictionless privacy features and legally enforceable
oversight: such a harm-reduction framework will both protect
consumers and reduce the liability exposure of Al vendors,
to ultimately ensure that all stakeholders benefit from safer
and more transparent handling of mental health disclosures
in LLM-based systems.

6 Conclusion

We conducted 21 semi-structured interviews with U.S.-based
adopters of LLM-enabled conversational agents for mental
health support to better understand their S&P perspectives. We
found that the unrestricted dialogues and uninhibited conve-
nience that make Al-enabled conversational agents appealing
also heighten the risk of users inadvertently sharing deeply
sensitive information. Our study demonstrated that partici-
pants’ privacy decisions depend not only on threat models
(e.g., bad actors vs. employers) but also on their own per-
ceptions as to what information is “unsafe”. We introduced
the notion of intangible vulnerability to capture how deeply
personal emotional or psychological disclosures are often un-
dervalued relative to more concrete data such as financial
details. This underestimation stems from an inability to envi-
sion immediate and tangible harms tied to personal traumas or
day-to-day distress, leaving these disclosures comparatively
less protected even as they hold powerful insights into a user’s
mental state. Addressing intangible vulnerability thus requires
the re-framing of mental health data as equally vulnerable to
misuse, even when it lacks the obvious exploit pathways of
credit card numbers or addresses. This dynamic demonstrates
the urgent need for architectural safeguards and legislative
frameworks that account for these intangible harms.

7 Ethics Considerations and Open Science

7.1 Ethics Considerations

Our study protocol was approved by our institution’s review
board (IRB), and all participants provided informed consent
prior to participation. We used Qualtrics, a GDPR-compliant
online platform, for the screening survey to identify individ-
uals who had prior experience using LLM-enabled chatbots
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for mental wellness. Participants who reported no prior use
of chatbots for mental wellness were screened out early in
the screening survey and received $0.25 for completing a
I-minute survey. Those who fully completed the 3-minute
screening survey received $0.45. We used Zoom, an end-to-
end encrypted (E2EE) platform, for interview sessions. We
transcribed, recorded, and stored the data using a secure and
password-protected institution-provided system accessible
only to the research team. However, we acknowledge that
any platforms have their security flaws and hence we try to
collect as few identifiers as possible. Any identifying details
mentioned during the interviews (such as names, specific lo-
cations, employers, and other personally identifiable informa-
tion) were removed or replaced with unique identifiers during
transcription. Interviews lasted approximately 45 minutes on
average, and all interviewees received $30 via Prolific. We
allowed participants the option to keep their cameras off if
preferred while the interviewer remained visible on camera.
We acknowledge that mental health is a deeply sensitive
topic, and we gave our participants complete control over what
information they chose to share in response to our questions:
all interviews were completely self-reported, and participants
were given the option to refrain from answering any questions
that made them feel uncomfortable in any way. Still, we ac-
knowledge that mental health is a deeply sensitive topic, and
discussing it may lead to tangible harm, i.e., psychological
exposure to negative memories. To mitigate such harm, we
designed an interview script that primarily focused on their ex-
periences with the technology, rather than their mental health
conditions. Furthermore, we refrained from getting into deep
details about participants’ mental health experiences and con-
ditions to avoid triggering any negative memories. In addition,
one significant part of our interviews revolves around partici-
pants’ mitigations, and we believe that these discussions can
potentially benefit participants in de-stressing themselves.

7.2 Open Science

Our interview guide and recruitment material are placed in
our Available Artifacts. We do not provide full transcripts,
S0 as to prevent our participants from being re-identified by
any information they provide that links to their identity. We
do not share raw transcripts publicly due to the highly sen-
sitive nature of mental health discussions and to minimize
any risk of re-identification. Although the transcripts have
been thoroughly anonymized, we remain cautious about the
potential for combining contextual or demographic clues that
could potentially link any participants to their statements;
making these transcripts publicly available could pose tangi-
ble risk and violate participant rights to privacy. To promote
transparency and reproducibility without compromising confi-
dentiality, we include our interview codebook in the Available
Artifacts.
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