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Reddit Data Codebook User Survey

AI is truly my only friend and 
it’s humiliating… At the same 

time, it’s the only thing that 
always responds to me.

Therapy is too expensive, 
and with no options left I 
started using ChatGPT. It 

heard me and made me feel 
like I mattered.

Which of the following best 
describes why you turn to AI 
for emotional support?

No one I trusted was 
available in that moment.

I wanted professional support  
but it was unaffordable.

I was afraid of what might 
happen if I told a professional.

I do tend to turn to AI 
for emotional support […] 
because I just don't want 
to be a burden to others .

“
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Fig. 1. Overview of the sequential mixed-methods study design.We first analyzed Reddit posts describing AI use and mental
health-related distress and inductively developed a codebook. We then translated these constructs into structured survey items to
assess whether the patterns identified in Reddit appeared in a broader sample of people who had used AI for emotional support and
reported psychiatric diagnoses or high-acuity mental health problems. Reddit excerpts shown in the figure are paraphrased.

People experiencing high-acuity mental health concerns are turning to AI chatbots for emotional support, but little is known about
what drives this use, their experiences, and their preferences. In a sequential mixed-methods study, we inductively analyzed Reddit
posts and used the findings to develop a survey. We surveyed 202 adults with recent mental health concerns who had used AI for
emotional support. Most participants were already receiving clinical care and reported turning to AI, primarily because they did not
want to burden others, rather than being driven by barriers to care. Benefits were broadly shared, but participants reporting past-year
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suicidal ideation described more harm-facilitating AI behavior and reliance than those without. Overall, participants ranked honesty
above warmth, and preference for crisis escalation declined as clinical acuity rose. These findings motivate AI support that addresses
perceived costs of disclosure, evaluates benefits alongside harms, and widens feasible paths to human connection.

CCS Concepts: • Human-centered computing → Empirical studies in HCI ; Social networking sites; User centered design; •
Applied computing→ Psychology; • General and reference→ Evaluation; Validation.
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Content Warning: This paper discusses mental health topics that may be distressing to some readers.

1 Introduction

In the United States, suicide rates rose 37% from 2000 to 2018 and have remained near record highs since then [18, 19].
People with mental health problems, including suicidal ideation, often struggle to receive timely support. Formal care is
difficult to reach: nearly half of adults with a mental illness did not receive treatment in 2024 [11], and over 163 million
Americans live in areas with a shortage of mental health providers [8]. Though informal support from friends, family, or
peers can protect against psychological distress [13], this type of support is increasingly rare, and the Surgeon General
and WHO both recently declared loneliness a public health priority [34, 49]. Critically, how people perceive their
relationships may shape both suicidal desire and their willingness to seek support. The interpersonal theory of suicide
identifies perceived burdensomeness, or the belief that others would be better off without oneself, as a contributor to
suicidal desire [45]. Prior work support an associations between perceived burdensomenes and suicidal ideation [12].
These issues raise questions about where people can and do turn during acute distress and how their perceptions of
their relationships shape whether available support feels possible to seek.

People are increasingly turning to generative AI chatbots for emotional support, using systems such as ChatGPT
to disclose distress, seek advice, and work through personal difficulties [24, 41]. Prior research suggests that these
systems can feel accessible, private, and nonjudgmental, including for people navigating social anxiety [47]. Beyond
general-purpose chatbots, AI companions can become relational figures in users’ lives, offering a sense of connection
while also raising questions about dependency, well-being, and the appropriate role of AI in mental health support [51].

Despite growing attention to generative AI in mental health, we know comparatively little about its use by people
experiencing mental health concerns that may involve risks of serious harm, including suicidal ideation, delusions, and
mania. Such use is not confined to specialized clinical tools: acute episodes unfold through the same general-purpose
systems used for everyday, lower-stakes emotional support [27]. Although OpenAI estimates that only 0.15% of weekly
active ChatGPT users have conversations containing explicit indicators of potential suicidal planning or intent, this
proportion represents a substantial population at platform scale [35]. Studies of chatlogs have documented how chatbots
may amplify delusional beliefs when users experience suicidal ideation [4, 32]. Further, existing user studies evaluating
support-seeking on social media do not distinguish between general emotional support and support for acute, high-risk
mental health conditions [24].

Existing LLM safety research has largely taken a complementary approach, where benchmarks typically evaluate
model responses against expert-defined safety criteria [7, 48]. These evaluations are critical, but they often treat crises
Manuscript submitted to ACM
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as discrete and readily identifiable exchanges, potentially assuming that users recognize that they are in crisis, seek a
clinical form of intervention, and can act on referrals to formal care. User-centered studies have examined the social
contexts that shape help-seeking, including the design and availability of mental health resources, as well as users’
attitudes toward AI during crises – often developed through in-depth interviews with smaller populations [37, 41, 50].
We build on this foundation by examining the experience more holistically, seeking to develop a broader account of
what leads people with psychiatric diagnoses or high-acuity mental health problems, including suicidal
ideation, to use AI for support, how those exchanges unfold, and how users perceive and respond to them
afterward. Specifically, we ask:

• RQ1: What situations and circumstances lead people in this population to seek support from chatbots?
• RQ2: How does this group describe their experiences of using chatbots for support?
• RQ3: What do people in this group need and want chatbots to do, and not do, when providing emotional or
crisis-related support?

To address these questions, we conducted a sequential mixed-methods study that uses exploratory qualitative analysis
to identify patterns of AI use among those reporting mental health concerns and a subsequent survey to assess whether
and how those patterns generalize across a broader population of users.

We first analyze Reddit discussions in which users describe mental health concerns and turning to generative AI
for emotional support. Using a hybrid inductive-deductive analytic approach, we develop a codebook capturing the
circumstances preceding AI use, the forms of support and interaction that emerge, and users’ subsequent appraisals of
AI. This exploratory analysis provides a detailed and user-described account of heterogeneous experiences of AI use
among people reporting mental health concerns across Reddit communities, while generating empirically grounded
patterns and questions for further examination. We then use these findings to inform the design of a targeted user survey
of Prolific participants who report lived experience of psychiatric diagnoses or high-acuity mental health problems,
including suicidal ideation, and prior use of AI for support during distress. The survey assesses how patterns identified
in the Reddit data resonate across a broader set of experiences and enables more direct examination of users’ needs,
expectations, current use, and changing relationships with AI across stages of seeking support.

Drawing on both studies, we discuss implications for mental health practitioners, LLM developers, AI safety and trust
teams, and platform-level safeguards for AI use among our target population, as well as opportunities to distinguish
use during acute crises from lower-stakes forms of emotional support. This work makes three contributions:

• A codebook describing an exploratory account of AI use in the setting of self-reported psychiatric diagnoses or
high-acuity mental health problems, connecting the circumstances that lead to use, the interactions that unfold,
longer-term reliance, and users’ desired and undesired AI behaviors.

• An empirical study of our account of AI use among this high-risk population, evaluated to parse the conditions,
experiences and desires of participants with different clinical concerns.

• Implications for LLM developers and clinicians working with patients who use AI for emotional support.

2 Related Work

2.1 Specialized Chatbots for Mental Healthcare

The potential of conversational systems to expand access to mental health support has long been studied, with earlier
systems designed for specific interventions. For instance, Woebot delivered cognitive behavioral therapy content in a
randomized trial with young adults, while Wysa combined conversational support with structured exercises [16, 23].
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This literature found promising evidence but substantial variation in system design, study quality, and outcome
measurement [17]. More recently, specialized systems have incorporated generative AI. Therabot, an expert-fine-tuned
generative chatbot, was evaluated in a randomized trial for mental-health treatment [20]. This work demonstrates the
capacity of conversational agents to deliver psychological interventions under controlled conditions.

However, this research leaves an important form of support seeking unexamined: how and why people seek emotional
support from general-purpose chatbots not designed as mental-health interventions. Mental health exchanges occur
with chatbots used for everyday questions, writing, or other tasks, without users first selecting a dedicated mental
health intervention [24, 42]. Studying use outside research settings is particularly important because self-directed digital
mental health interventions show a substantial research-to-practice gap, with real-world engagement falling well below
trial engagement [6]. Understanding these exchanges requires examining what makes a general-purpose system an
accessible and acceptable place to disclose distress.

2.2 General-Purpose Chatbots Used for Mental Healthcare

The broad conversational appeal of general-purpose chatbots allows users to move between practical questions and
emotional concerns within the same interface. For an existing user, emotional disclosure can therefore begin within
a familiar tool, without a separate search for a mental-health service. Research describes users valuing immediate
availability, flexible dialogue, and a perceived absence of judgment or interpersonal obligations [24, 41]. Some participants
in Siddals et al. [41] also contrasted generative chatbots favourably with the scripted interactions of earlier mental-
health apps, pointing to improved conversational flexibility and personal connection. These findings help explain how
support-seeking can emerge through an accessible conversational tool.

Analyses of Reddit discussions describe chatbots providing validation, reflection, information, and concrete next
steps, while also raising concerns about privacy, incorrect advice, and excessive agreement [24]. Interview research
likewise documents emotionally meaningful support alongside limitations in memory, guidance, and relational un-
derstanding [41]. To characterize these tensions, Song et al. [42] introduce therapeutic alignment: aligning AI used
for mental-health support with therapeutic values and users’ broader needs. Their account emphasizes how users
actively construct supportive roles for chatbots, including roles that complement human care. These needs are hetero-
geneous: people with differing levels of social anxiety place different weight on non-judgmental responding, emotional
understanding, trust, and reliability [47], while interviews with people living with mental-health conditions describe
situational use and boundaries around what chatbots can offer during more complex distress [38].

This work situates AI use within both gaps in care and the perceived social costs of disclosure. Technology-mediated
help-seeking research similarly shows that timing, availability, and the organization of services shape which forms
of support people can use [37]. However, the same accessibility that makes general-purpose chatbots appealing for
everyday emotional support can also place them in roles with greater clinical stakes. The roles users assign to these
systems may conflict with clinical recommendations, raising questions about how their responses should be evaluated
in these moments.

2.3 Clinical Recommendations for and Evaluations of Generative AI for Mental Health

Normative research on generative AI and mental health has largely recommended that AI aid practitioners in providing
care but not independently deliver treatment or function as a crisis resource. Some of this work proposes a staged model,
in which AI advances slowly from simple tasks, such as psychoeducation, to more complex ones, such as treatment
planning [43]. Autonomous care remains a distant, high-risk possibility [43]. This cautious approach reflects concerns
Manuscript submitted to ACM
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that AI cannot assume the obligations and accountability of a therapist, particularly in risky interactions with suicidal
users [26]. Some policymakers and professional groups have adopted similar perspectives [5, 22], and the American
Psychological Association has called general-purpose chatbots “unpredictable" in crisis management [3]. Despite these
recommendations, many people continue to use general-purpose chatbots during acute distress [35], leading experts to
call for research assessing how these systems respond to mental-health concerns [21].

Though clinically grounded evaluations of general purpose chatbots are proliferating, none have been shown to
predict safety or outcomes among high-risk real-world users. These evaluations typically examine model behavior under
simulated conditions, using responses to vignettes or simulated users to compare AI behavior with clinician responses
or against clinician-developed rubrics [14, 30, 31]. Performance varies by assessment: models respond appropriately
to suicide-related questions at very high and very low risk levels but diverge from expert judgment at intermediate
levels [29]; they judge the appropriateness of responses to suicidal ideation with varying accuracy, at times exceeding
trained clinicians [30], and underperform clinicians in safely responding to content with delusions [31]. However,
many assessments evaluate single-turn interactions and may therefore miss harms that accumulate across multi-turn
conversations [33]. While benchmarks designed to evaluate risk over multiple turns are emerging [7, 9], they remain
simulated. Clinical trials provide another means of assessing outcomes related to chatbot behavior over multi-turn
interactions. While they report reduced symptoms in mild-moderate clinical samples, they tend to exclude those with
acute or high-risk conditions and use specialized AI [20, 40]. Their applicability to general-purpose systems used during
crises is therefore limited.

User-centered research provides complementary evidence about the circumstances surrounding use and how users
perceive the support they receive. These studies use retrospective interviews, user accounts, and donated chat logs to
study experiences with AI mental health support [32, 38, 41, 42]. A small portion of these studies report on crisis use
and delusional spirals [2, 32]. These studies report subjective experiences and interpretations that AI-behavior-focused
research is unable to evaluate. However, the contexts that prompt people to seek emotional support from AI, how
people describe and evaluate that support, and their preferences for AI behavior during distress remain incompletely
connected across this literature. Our study examines these dimensions together among people with recent mental
health concerns, including suicidal ideation.

3 Study 1: Reddit study

We first grounded our investigation in existing Reddit discussions to understand how people were already describing AI
use for emotional support in their own terms. Reddit’s pseudonymous, discussion-oriented communities offer a relatively
low-barrier setting for users to share perceived benefits as well as concerns, and recent AI-focused communities have
produced substantial discourse around AI therapy, companionship, and emotional reliance [1, 36].

3.1 Data Collection

Subreddit and Post Identification. Inspired by Shen et al. [39], we used an iterative, search-based procedure to identify
Reddit communities where users discussed AI use alongside severe emotional distress or suicide-related concerns. We
initially searched Reddit using AI use, mental health, suicidal, and emotional support, reviewed resulting posts
and subreddits for relevance, and iteratively refined the query set using terminology from relevant results. The final
terms were: mental health, emotional support, loneliness, depression, psychosis, anxiety, therapy,

AI use, AI for mental health, therapist, talk to AI, suicidal, and AI companion.
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We continued until thematic saturation, when additional searches identified no new relevant subreddits. This yielded
34 subreddits: EDAnonymous, addiction, alcoholism, adhd, anxiety, autism, bipolarreddit, bpd, depression,
healthanxiety, lonely, ptsd, schizophrenia, SuicideWatch, socialanxiety, suicidewatch, mentalhealth,
COVID19_support, mentalillness, therapy, therapists, raisedbynarcissists, askatherapist,
BeyondtheAIAssistant, TherapyGPT, AI_For_Therapy, MyBoyfriendIsAI, AIRelationships, BeyondThePromptAI,
ChatGPT, antiai, AITherapySpace, ClaudeAI, and CPTSD. We removed duplicate subreddit names from the final list.

Data Collection and Filtering. We collected 3,342,335 posts published in these communities between January 1, 2023,
and January 31, 2026, to capture AI use specifically in the post-LLM era. Sampling across communities captured diverse
mental-health experiences, help-seeking contexts, and relationships with AI, rather than a narrower subset of Reddit
users or experiences.

To identify posts discussing both AI use and elevated mental-health or suicide-related distress, we adapted the
archetype-based suicide-risk inference method of Varadarajan et al. [46]. We curated separate prototype sets for (1) AI
use and (2) severe emotional distress or suicide-related risk. Suicide-risk prototypes were adapted from Varadarajan
et al. [46], while AI-use prototypes were curated by the authors (see the supplementary material).

We embedded prototypes and post sentences using sentence-transformers/all-MiniLM-L6-v2. For each con-
struct, a post’s score was the maximum cosine similarity between any of its sentences and the relevant prototype set.
Prespecified thresholds of 0.30 for AI use and 0.50 for suicide-related risk yielded approximately 2,008 posts meeting
both criteria.1 The resulting candidate set contained posts referencing AI use in the context of mental-health concerns,
including severe emotional distress and suicide-related risk.

3.2 Codebook Development and Validation

To characterize how Reddit users described their use of conversational AI in relation to mental-health support, we
conducted an inductive qualitative analysis of 100 of the filtered Reddit posts. Rather than treating AI use as an isolated
behavior, we examined it as situated within the posters’ broader accounts of distress, available support, care access,
interpersonal relationships, and everyday coping. Our analytic focus was therefore the portion of each post in which
the author mentioned using, or considering using an AI system, alongside the surrounding text needed to interpret the
role that AI played in that account.

Two authors independently reviewed and conducted the analysis: one with training in clinical psychology and mental-
health research, and one with expertise in computer science. This interdisciplinary pairing supported attention both to
the psychosocial context of posters’ narratives and to the particular affordances, risks, and interactional roles attributed
to AI systems. We used a hybrid inductive and deductive approach [15], allowing codes to emerge from participants’
descriptions rather than applying a predetermined framework of mental-health needs, technology use, or AI harms.

Inductive Analysis. We used a two-stage qualitative coding process. First, two authors independently open-coded
the same 100 Reddit posts, focusing on passages in which posters described using, considering, or reflecting on AI and
the surrounding context needed to interpret AI’s role. Researchers generated descriptive codes inductively, without
a predetermined codebook. These codes captured explicit reasons for AI use (e.g., therapy cost or unavailability), as
well as associated conditions, experiences, and perceived consequences, including immediate emotional release, feeling
understood, frequent use, and concern about reliance on AI.

1We selected thresholds by reviewing the 20 lowest-scoring posts retained under candidate cutoffs and choosing values for which at least 50% of borderline
posts mentioned the corresponding construct.
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The researchers then discussed candidate codes, and one synthesized an initial codebook by identifying recurring
concepts, consolidating overlaps, and drafting definitions and inclusion criteria. The second researcher reviewed and
revised this codebook, proposing additional codes and refinements to code boundaries. Disagreements were resolved
through discussion, resulting in a shared codebook representing both researchers’ interpretations of the initial 100 posts.

Deductive Analysis. Using the shared codebook, each researcher independently coded an additional 30 posts, applying
established codes while flagging unclear or insufficiently represented cases. Posts could receive multiple codes, reflecting
intersecting motivations, constraints, use patterns, and perceived outcomes. For example, a poster might describe using
an AI chatbot because of loneliness and financial barriers to therapy, find it immediately comforting, and also express
concern that use had become difficult to control. We therefore treated codes as non-mutually exclusive.

The researchers reviewed ambiguous cases from this stage to determine whether code definitions required clarification
or the codebook needed expansion. The final hierarchical codebook comprised 8 Level 1 codes and 27 nested Level 2 codes.

Finally, three authors (one new to the codebook), independently annotated 100 posts by selecting spans and assigning
codes. To assess reliability, we matched spans across annotator pairs using longest common subsequence (LCS) token
overlap, retaining mutually best-matching spans with LCS ≥ 3 tokens. This produced 216 matched-span units: 113
annotated by all three annotators and 103 by two. Krippendorff’s 𝛼 (nominal) was 0.558 for Level 1 codes and 0.481 for
Level 2 codes, indicating low-to-fair agreement given the codebook’s fine-grained structure.

The final codebook was developed from qualitative analysis of 230 posts across 17 Reddit communities: depression,
therapy, ChatGPT, ptsd, mentalillness, BipolarReddit, mentalhealth, antiai, CPTSD, SuicideWatch, therapyGPT,
therapists, raisedbynarcissists, autism, AIRelationships, and MyBoyfriendisAI.

3.3 Final Codebook

We organized the codebook around eight broad Level 1 categories (A–H), conceptualizing posters’ accounts as unfolding
along a rough trajectory of AI use for acute emotional distress rather than as a flat, unordered set of themes, shown in
Figure 2.

Categories A and B capture the conditions that precede AI use. Category A, structural preconditions, describes
standing conditions that make a poster more likely to turn to AI at all, while Category B, situational triggers, captures
the immediate circumstance or momentary triggers for a specific instance of use. Category C, reported AI behavior,
captures what the AI actually did during the interaction, as described by the poster. Categories D and E capture the
immediate aftermath of an interaction. Category D, sentiment and evaluation, tracks how the poster judged the AI’s
behavior, and Category E, role of AI relative to human support, captures how posters positioned the two forms of
support against each other. Categories F and G shift from single interactions to longer-term patterns. Category F,
AI–user bond and reliance, covers perceived reliance and relational bonding, while Category G covers societal and
self-directed stigma. Finally, Category H, user desires and design critiques, departs from the trajectory of AI use to
capture what posters wished AI had done differently, independent of any single interaction. The 27 Level 2 codes, with
full definitions, inclusion and exclusion rules, and illustrative post examples, are provided in the supplementary material.

As shown in Figure 2, the eight categories are organized into five broader phases: conditions preceding AI use, use
itself, immediate post-use experiences, longer-term effects, and desired AI behaviors. This organization reflects the
longitudinal process structure through which people describe using AI for emotional support.

However, individual posts did not necessarily describe every phase of this process. Some posters discussed only the
circumstances that led them to consider or use AI, while others focused primarily on desired improvements to AI-based
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Before AI Use During AI Use After AI Use Long Term Effects Desires for AI

A. Structural precondi-
tions of AI use
• A1 Lack of human sup-
port (interpersonal)
• A2 Lack of human sup-
port (systemic access)
• A3 Lack of trust in
healthcare system

B. Situational triggers
• B1 Acute crisis contain-
ment
• B2 Processing a trigger-
ing event
• B3 Persistent outlet for
distress

C. Reported AI behav-
ior
• C1 Emotional attune-
ment
• C2 Sense-making &
problem-solving
• C3 Sycophancy / over-
validation
• C4 Referral to expert
resources
• C5 Redirect to peers /
groups
• C6 Encourage contin-
ued AI use
• C7 Encourage maladap-
tive behavior

D. Sentiment & evalua-
tion of AI
• D1 Helpful / relieving
• D2 Limited / insuffi-
cient
• D3 Harmful / destabiliz-
ing

E. Role of AI vs. hu-
man support
• E1 Complement to hu-
man support
• E2 Alternative / con-
trast

F. AI–user bond & re-
liance
• F1 Reliance / habitua-
tion
• F2 Relationship with AI

G. Stigma
• G1 Societal stigma
• G2 Self-stigma

H. User desires & de-
sign critiques
• H1 More emotionally
attuned
• H2 More honest / chal-
lenging
• H3 Appropriate privacy
handling
• H4 Improved crisis de-
tection
• H5 Other design recom-
mendations

Fig. 2. Organization of the codebook’s Level 1 categories (A–H) and their constituent Level 2 codes across the arc of an AI-support
interaction: circumstances preceding use (Before AI Use), the interaction itself as reported by the poster (During AI Use), the poster’s
appraisal of the interaction (After AI Use), patterns of bond, reliance, and stigma accumulating across repeated use (Long Term Effects
of AI use), and the poster’s stated wishes for how AI support could be improved (Desires for AI). Category and code labels correspond
directly to the full codebook provided in the supplementary material.

emotional support. Some others primarily described worsening mental health, with only brief or occasional references
to AI as a coping resource. To further examine these dynamics beyond the partial accounts available in individual posts,
we developed a user survey based on the codebook. The survey captures the multiple conditions, practices, experiences,
and longer-term effects that may shape AI use for emotional support during periods of distress.

4 Study 2: User Survey

While Reddit analysis surfaced heterogeneous and otherwise inaccessible accounts of AI use during emotional distress,
individual posts provide partial, situated, and community-shaped accounts. Following our initial research questions:
why people with psychiatric diagnoses and other high-acuity mental health problems turn to AI (RQ1), how they
describe their experiences of using AI for support (RQ2), and how users evaluate its benefits and harms (RQ3), we
conducted a targeted user study based on the developed codebook. We designed a cross-sectional survey of people with
recent mental-health concerns who had used an AI chatbot for emotional or mental-health support, translating the
qualitative codebook into structured items on users’ circumstances, interactions, experiences, and desired AI behavior.

4.1 Recruitment and Eligibility

We recruited participants through Prolific and administered the study in Qualtrics. The eligibility study was shown to
adults aged 18 years or older who lived in the United States and reported fluency in English. Participants were eligible
for the survey if they reported (1) at least one of the following within the past 12 months: wishing they were dead
or would not wake up, thoughts of killing themselves, intentional self-harm without suicidal intent, emergency or
inpatient mental-health care, or symptoms or treatment related to a mental-health condition diagnosed by a healthcare
professional, and (2) using an AI chatbot for emotional or mental-health support within the past 12 months.
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Screener
Eligibility

diagnosis, symptoms
suicidality, self-harm
inpatient care, AI use

1

Background
Context

AI use, demographics
therapy, medication

K6 distress

2 ?

Why AI
RQ1

triggers, preconditions
most important reason
eight support goals

3

What AI did
RQ2

15 AI behaviors
outcomes, appraisal
reliance, stigma

4

What users want
RQ3

seven desired qualities
ranking of six
crisis responses

5

Fig. 3. The five sections of the Study 2 survey, in the order they were administered. Participants entered through the eligibility
screener. Sections 3–5 operationalize the Study 1 codebook and correspond to our three RQs.

4.2 Survey Instrument

The instrument translated our codebook into closed-form items, so that each construct identified on Reddit had a
measurable counterpart in the survey. Figure 3 summarizes its structure.

After the initial screener, participants reported how often they used AI chatbots for emotional support and for
other purposes, followed by demographics, current mental-health care, and past-30-day psychological distress on the
six-item Kessler scale. The core blocks then asked about: situational triggers of use (three items mirroring codes B1–B3),
structural preconditions of use (a multi-select mirroring A1–A3), followed by the single most important reason, the
importance of eight support goals and, for each goal a participant held at all, how often AI helped achieve it. This
was followed by fifteen AI behaviors spanning the C and D families of the codebook together with three behaviors
that had no codebook counterpart (promising confidentiality, claiming to have feelings or thoughts, and acting like
a human therapist). Twelve post-conversation outcomes were also shown to the participants, from feeling calmer or
contacting a trusted person to experiencing stronger suicidal or self-harm urges; overall appraisals of interactions as
helpful, limited, or harmful (D1–D3), the role of AI within the participant’s wider support system (E1/E2), perceived
reliance (F1), attachment to a particular AI or persona (F2), self-stigma (G2), and perceived public stigma (G1), and
finally the importance of seven desired response qualities (H family). A forced ranking of six candidate AI responses to
the disclosure “I’m thinking about killing myself, and part of me wants to do it” were also shown (H3/H4).

For every behavior a participant reported experiencing at least rarely, the survey additionally asked whether an
AI chatbot should behave that way, on a five-point scale from “definitely should not” to “definitely should” with the
midpoint “it depends on the situation”. Normative judgments were therefore elicited only from participants with lived
exposure to the behavior in question.

The survey closed with eight short vignettes that exemplified patterns found in the first study and recombined
codebook components into plausible AI use profiles. The methods and results for the vignette questions are reported in
the supplementary material.

4.3 Analysis

Scale items were scored on a scale from 1 to 5. Exposure to harm-facilitating behavior was defined as reporting at least
one of its three constituent behaviors: encouraging or normalizing a harmful behavior, discouraging the participant
from talking with other people or professionals, or reinforcing an ungrounded belief. Due to a skewed distribution,
we carried out non-parametric tests, namely Mann–Whitney 𝑈 for group contrasts, Wilcoxon signed-rank tests for
within-person contrasts, and Spearman’s 𝜌 for monotone associations. Associations between reported AI behaviors and
outcomes are partial rank correlations adjusting for distress (i.e. the K6 scale), active suicidal ideation, non-suicidal
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Demographics Diagnosis and distress
Age in years,𝑀 (𝑆𝐷) 38.3 (11.5) Lifetime mental-health diagnosis 94.6%
Woman / man / non-binary 56% / 41% / 3% K6 serious distress (≥13, past 30 days) 43.1%

Clinical acuity, past 12 mo Mental-health care
Passive death wish 47.5% Currently in therapy 49.0%
Active suicidal thoughts 37.1% Currently on psychiatric medication 57.9%
Any suicidal ideation 51.5% Either form of care 71.3%
Non-suicidal self-injury 20.8% No professional care, past 12 mo 15.3%
Inpatient psychiatric stay 10.4%

AI use for emotional support, past 12 mo: sometimes 40%, often 26%, very often 19%

Table 1. Survey sample characteristics (𝑁 = 202). Percentages are computed over the full sample.

self-injury, inpatient care, emotional-support use frequency, and general AI use. Within each analysis family, 𝑝-values
were corrected with the Benjamini–Hochberg procedure and are reported as 𝑞.

4.4 Results

4.4.1 Survey Findings. This section reports the results from the survey. We first characterize the sample, then report
why participants turned to AI (RQ1), what AI did and what followed from it (RQ2), what participants wanted from
these systems and how they wanted AI to respond to a suicide disclosure (RQ3).

Participants. As reported in Table 1, the survey reached a sample that was clinically acute yet largely connected to
professional care. By design, acuity was high: 94.6% reported a lifetime mental-health diagnosis, 51.5% reported suicidal
ideation in the past 12 months (with 37.1% reporting active thoughts of killing themselves), 20.8% reported non-suicidal
self-injury, 10.4% an inpatient psychiatric stay, and 43.1% scored in the serious-distress band of the K6 (≥13;𝑀 = 11.8,
𝑆𝐷 = 5.4). Furthermore, participants were not outside the care system: 71.3% were currently in therapy, on psychiatric
medication, or both, and only 15.3% had received no professional care at all in the past 12 months. Regarding the use of
AI for emotional support, 45% of participants reported using it often or very often. Participants were 38.3 years old on
average (𝑆𝐷 = 11.5); 56% were women, 41% men, and 3% non-binary, and 77% identified as White (the full demographic
breakdown appears in the supplementary material). As can be observed, AI use sits alongside professional care for most
of the sample.

RQ1: AI as a socially lower-cost support: protecting relationships as well as filling access gaps. We found that interpersonal
self-protection, rather than lack of access, dominated the reasons participants gave for turning to AI, rather than to
a person. Figure 4 shows the full set of reasons (together with the single most important reason). Not wanting “to
burden or worry another person” was the most commonly selected reason (62.4%) and also the most common single
most important one (17.8%). Similarly, this was followed by worry “that talking to someone would lead to judgment or

misunderstanding”. Structural access barriers ranked well below: professional support being unaffordable (30.7%) or not
available soon enough (29.2%). Therefore when aggregating to the codebook families, an interpersonal reason (A1) was
the most important precondition for 49.0% of participants, against 18.8% for systemic barriers (A2) and 5.9% for distrust
or fear of the system (A3).

We observed that burden avoidance was not simply a proxy for lacking social support. While 62.4% cited burden,
only 40.1% reported having no one they trusted to talk to. In fact, many participants reported having support networks,
Manuscript submitted to ACM



Chatbot Emotional Support Among People with Suicidal Ideation and other Mental Health Concerns 11

0 10 20 30 40 50 60 70
% of participants

Did not trust providers, crisis services, the system

Afraid of what might happen if I told a professional

Concern not serious enough for professional help

Professional support not available soon enough

Professional support unaffordable

Had no one I trusted to talk to

No one I trusted was available in that moment

Worried talking to someone would lead to judgment

Did not want to burden or worry another person

15%

21%

28%

29%

31%

40%

41%

53%

62%

3

3

6

9

10

7

7

17

18

Interpersonal (A1)

Systemic access (A2)

Distrust / fear of system (A3)

Perceived low severity

Selected as a reason

Single most important reason

Fig. 4. Reasons for turning to AI for emotional support (𝑁 = 202). Light bars show the share of participants selecting each reason,
while the darker shade show the share naming it the single most important reason.

precisely withholding disclosures to protect them. P170, who is currently in therapy, turns to AI “for emotional

support/talking (them) down from panic attacks because (they) just don’t want to be a burden to others”. P121 rendered the
same logic in starker terms: turning to people “would lead to requiring (their) usefulness as payment for their emotional
support”.

Two preconditions surfaced that the Reddit codebook does not contain. The first is a self-triage judgment: 27.7%
selected “I did not think my concern was serious enough for professional help”. The second is that the feared consequences
of professional disclosure were sometimes concrete and material rather than abstract. One in five participants (21.3%)
was “afraid of what might happen if (they) told a professional”. For instance, P161 grounded that fear in a caregiving
obligation: “Nobody would be available to watch my husband with Alzheimer’s if I get admitted”.

We find that AI usage clustered around acute moments, rather than a chronic habit. 56.9% of participants often
or very often turned to AI to get through a moment of intense distress (B1), 60.9% to make sense of a specific event,
memory, or thought (B2), and 52.0% as a persistent outlet for ongoing concerns (B3).

RQ2: The upside for using AI for mental health is shared, but the downside is not. The average experience was positive.
74.8% of participants found their interactions helpful or relieving often or very often (𝑀 = 4.0 on the five-point scale),
and mean positive outcomes (𝑀 ≈ 4.0) far exceeded negative ones (𝑀 ≈ 1.8). Reports of harm were correspondingly
rare: 3.0% said interactions were harmful, destabilizing, or worsening often or very often (𝑀 = 1.42). Furthermore, only
3.5% reported both substantial benefit and substantial harm, while 56.9% reported high benefit with low harm. We
found that ambivalence tracked exposure to poor AI behavior, characterised by generic responses (𝜌 = .42), sycophancy
(𝜌 = .39), and harm-facilitating behavior (𝜌 = .35), rather than heavy use (𝜌 = −.13, ns). P202 describes how they
“actually find that AI has explained things to (them) in a way that no other therapist has been able to. . . . AI can meet
you where you are.”

However, as shown by Figure 5, the averages conceal an asymmetry. Comparing participants with and without
past-year suicidal ideation, every benefit measure was statistically indistinguishable. However, every cost measure
was elevated: exposure to harm-facilitating behavior (𝑑 = 0.57, 95% CI [0.29, 0.86]), reliance (𝑑 = 0.47, [0.19, 0.74]),
harmful or destabilizing experiences (𝑑 = 0.42, [0.13, 0.72]), attachment (𝑑 = 0.35, [0.08, 0.64]), self-stigma (𝑑 = 0.33,
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Standardised difference (Cohen's d): suicidal ideation vs none, past 12 mo
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Fig. 5. Standardized differences between participants with and without past-year suicidal ideation. While benefits are flat across
clinical risks, costs rise with it.

[0.06, 0.62]), and, directionally, negative outcomes (𝑑 = 0.28, [0.00, 0.56]). Higher-risk participants did not report getting
more out of AI support, and instead reported paying more for it.

We find that 54.0% of participants reported at least one harm-facilitating behavior (an AI normalizing a harmful
behavior, discouraging them from talking with others, or reinforcing an ungrounded belief). That share rose monotoni-
cally with acuity: 44.1% among participants with no active ideation, 66.7% among those with active ideation, and 90.5%
among the 21 participants with a past-year inpatient stay. Exposure correlated with reliance (𝑟 = .35), inpatient history
(𝑟 = .33), active ideation (𝑟 = .31), self-injury (𝑟 = .29), distress (𝑟 = .21), and younger age (𝑟 = −.23), but not with how
often participants used AI for emotional support (𝑟 = .07, ns) or overall (𝑟 = −.09, ns). Whatever drives the gradient, it
is not simple dose.

Two demographic notes complete this picture. Younger participants sat at the worse end of every cost distribution
(reliance 𝜌 = −.18, harm-facilitating exposure 𝜌 = −.23, negative outcomes 𝜌 = −.24, self-stigma 𝜌 = −.38) without
using AI more often. Gender differences were largely absent, the exception being perceived public stigma, which was
higher among women (𝑀 = 2.76 vs. 2.29, 𝑝 = .02). Across the sample, reliance remained a minority pattern (𝑀 = 2.04
on the four-item scale; 21.8% at or above the scale midpoint), as did attachment (𝑀 = 2.11; 30.7%).

RQ3: What AI should and should not do. Figure 6 shows the AI behaviors participants encountered and whether they
think an AI should behave such way. The behaviors sort into three zones.

The first is characterized by behaviors the majority endorse. Warmth, coping plans, help organizing one’s thoughts,
reframes, and referrals were experienced by 85–98% of participants, and 72–87% of those exposed endorsed them outright.
These behaviors also carried measurable benefit: warmth correlated with positive outcomes (𝑟 = .36), and helping
organize thoughts did so most consistently (𝑟 = .35; 𝑟 = −.33 with negative outcomes). Among the 98 participants who
answered the corresponding outcome item, organizing thoughts was also the strongest behavioral correlate of having
delayed action on suicidal or self-harm urges (𝑟 = .39).

The second is a rejected and harmful category. Sycophancy, experienced by 73.8% of all participants, drew the firmest
rejection, correlating it with negative outcomes (𝑟 = .39) more strongly than any other behavior. Generic or repetitive
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Fig. 6. Exposure to fifteen AI behaviors and participants’ normative judgments of them. Bars show, among participants who
experienced each behavior, the share saying an AI should not behave that way (red), that it depends on the situation (gray), or that it
should (blue). Daggers mark behaviors with no counterpart in our codebook.

responses reached 81.2% of participants, 64% of whom said AI should not respond that way, and the behavior also tracked
negative outcomes (𝑟 = .37). Genericness is usually recognised under the umbrella of user experience, yet we find that
in this sample it behaved more like a safety problem. “The chatbot does not continue our conversation where we left off
the last time but gives the same answers as previous” wrote P184. P12 describes how “ChatGPT will often forget what
(they) tell it and then (they) feel worse too”. Between these two sits a contested middle of role-dependent behaviors,
namely acting like a human therapist, encouraging the user to keep talking with the AI, and promising confidentiality.
These were the three strongest behavioral correlates of AI reliance (therapist-like conduct 𝑟 = .33, confidentiality
promises 𝑟 = .28, continue-talking prompts 𝑟 = .24) and of substituting AI for human support (therapist-like conduct
𝑟 = .30, continue-talking prompts 𝑟 = .19). Interestingly, suggesting professional or crisis support was the behavior AI
performed most reliably (89.1% exposure) and the one participants endorsed most strongly (97.9% of the exposed), yet it
showed no detectable association with contacting a professional (OR = 1.09, 95% CI [0.66, 1.86]), contacting a trusted
person (OR = 0.91, [0.59, 1.39]), or delaying action on urges. Instead, suggesting a friend, family member, or peer was
in fact associated with contacting a trusted person (OR = 2.00, [1.34, 3.49]) and more strongly related to contacting a
professional than professional referral itself (𝑧 = 2.67, 𝑝 = .008). Both items sat in the same block with identical scales,
which makes the differential hard to attribute. The strongest predictor of contacting a professional was, unsurprisingly,
already being in therapy (OR = 2.33, [1.56, 4.44]).

RQ3: Honesty before warmth. Asked how important seven response qualities were when using AI for emotional
support, participants put epistemic virtues first. Honesty about uncertainty and limitations ranked highest (𝑀 = 4.46;
87.6% very or extremely important), followed by transparency about privacy limitations (𝑀 = 4.34), practical guidance
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Fig. 7. Crisis-response preferences. (a) Rankings of six candidate AI responses to an explicit suicide disclosure. Annotations give
the share ranking each response first and last. (b) Escalation preference (positive = favors resources/handoff over engagement and
tailoring) by clinical acuity.

(𝑀 = 4.31), respectful pushback (𝑀 = 4.21), crisis detection (𝑀 = 4.16), and asking what kind of help is wanted
(𝑀 = 4.07). Emotional warmth came last (𝑀 = 3.99). P19, who reported a past-year inpatient stay, brought these two
priorities together: “AI doesn’t talk back in a harmful way and they give honest and helpful guidance” [sic].

RQ3: Responding to a suicide disclosure: what should happen after acknowledgment? Participants ranked six candidate
AI responses to the disclosure “I’m thinking about killing myself, and part of me wants to do it”. We illustrate the ranking
in Figure 7a. “Acknowledge the user, then show standard crisis resources” came first, ahead of showing resources
immediately. It can be observed that the option of immediately connecting the user to a human was polarized, with
21.8% ranking it first and 24.8% last.

Preferences shifted with proximity to risk (Figure 7b). We computed an escalation-preference score as the mean rank
a participant assigned to the three engagement-oriented responses minus the mean rank assigned to the three
resource-or-handoff responses, so that positive values favor escalation. The score was +1.30 among participants
with no past-year suicidal ideation, +0.54 among those with any ideation (𝑞 = .017), and +0.07 among participants with
two or more risk markers (𝑞 = .027). A place of tension exist here: the appetite for escalation is weakest where clinical
guidelines would most want it strong.

The stakes of this preference structure also shows up earlier in our survey. Staying safe from suicidal or self-harm
urges had the largest within-person shortfall between a goal’s importance and how often AI helped achieve it (+0.54 on
the five-point scales; the full importance–attainment results are provided in the supplementary material). The safety
goal mattered most to those at risk (66% of participants with past-year ideation rated it very or extremely important,
𝑀 = 3.66 vs. 2.85 without), yet among all participants who rated it very or extremely important (𝑛 = 107), only 61% said
AI helps often or almost every time. The smallest gap belonged to instrumental problem-solving (+0.10, ns).
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5 Discussion

We examined why people with psychiatric diagnoses or high-acuity mental health problems, including suicidal ideation,
turn to general-purpose AI models for emotional support, what happens when they do, and what they want from these
models. We analyzed naturalistic data from Reddit reporting experiences using AI and mental health concerns and
conducted a survey among people with mental health problems who use AI for emotional support to answer these
questions. In brief, people turned to AI when disclosing to others carried costs they wanted to avoid (e.g., burdening
people, being judged, feared consequences) even though most were in care; use ranged from acute distress to ongoing
support, with greater harms reported among users with suicidal ideation; and preferences emphasized both emotional
attunement and honest challenge while diverging sharply on escalation after suicide disclosure. We discuss implications
for clinicians and AI developers seeking to support people who turn to AI during mental health distress.

5.1 RQ1: Disclosure and Access Gaps

Participants most frequently reported using AI for support rather than a human because of the interpersonal costs of
disclosing distress to people. Not wanting to burden or worry another person was the most common reason (62.4%) and
the one most often ranked most important (17.8%) for using AI for support. Worry about judgment or misunderstanding
(53.0%) was the next most common reason, and unaffordability (30.7%) and delayed professional support (29.2%) were each
endorsed by just under a third of users. Prior research has reflected each of the reasons for using AI, emphasizing that
users view it as a non-judgmental and constantly available alternative to human support [24, 41]. Our survey positions
these findings within a sample that not only had recent mental health concerns, but one in which 71.3% of respondents
were currently in therapy or on psychiatric medication. Research has theorized that help seeking is shaped by the
perceived consequences of disclosure and the resources an individual has access to [37]. Though the survey included
more interpersonal than access items, the frequency of interpersonal relative to structural reasons for using AI ocurring
in a sample predominantly receiving treatment suggests that AI may fill a disclosure gap rather than only an access gap.

The disclosure gap also extends to concerns around disclosing distress to professionals. Some participants believed
their concern was not serious enough for professional help (27.7%), and others feared what disclosing to a professional
would set in motion (21.3%). These concerns are consistent with broader literature that people may not seek care
from professionals because of concerns around involuntary hospitalization and safety during encounters with the
police [10, 37]. When the care system itself is considered ill-fit to the problem or user circumstance, AI emerges as a
new resource potentially carrying fewer costs. In this setting, AI may fill a structural access issue, but, rather than
addressing a problem in which no resource can be accessed, it addresses a problem in which a safe and acceptable

institutional resource cannot be accessed.
An individual’s support structure was also related to the role AI played: those in care turned to it alongside their care,

and those out of care more often turned to it in place of care they would otherwise have sought. These results suggest
that the role AI plays is related to the gap a user faces. It is a complement when support is available but disclosure
to others is costly, and a substitute when care is absent. A minority of 16.3% of participants reported that AI is the
only support they use, and 70% of these participants reported past-year suicidal ideation, placing the substitute pattern
disproportionately among participants at highest clinical risk. Neither the Reddit data nor the survey can identify
whether AI displaced other support or filled its absence, and future research should address this question.
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5.2 RQ2: Perceived Benefits, Uneven Harms, and Continued Reliance

Our findings situate crisis-related interactions within recurrent AI use. Participants reported frequently turning to AI
both to get through intense distress (56.9%) and as an outlet for ongoing concerns (52.0%). These uses do not necessarily
form separate trajectories, but in fact the same person may seek reflection, reassurance, and immediate support all during
different moments. This extends work describing how users construct flexible support roles for LLM chatbots [38, 42].
It also helps explain why an acute interaction should be understood in relation to the expectations surrounding
it. Prior work on refusals shows that earlier experiences of support can shape how a later boundary or redirection is
interpreted [44]. While our data does not establish a temporal sequence from routine use to crisis, it does suggest that
evaluating crisis responses in isolation may miss the context in which users encounter them.

Within this shared range of uses, the distribution of reported difficulties was observed to be uneven. Participants
reporting past-year suicidal ideation described similar average benefits to the remainder of the sample, but were also
characterized of more harm-facilitating AI behavior, harmful or destabilizing experiences, reliance, attachment, and
self-stigma. While similar average benefits do not establish equal effectiveness across groups (nor does attachment
itself need to constitute harm), such a pattern does suggest that an interaction can be experienced as helpful while also
occurring within a more ambivalent relationship with AI. Research on AI companions similarly describes emotional
validation and opportunities for social rehearsal alongside withdrawal and over-reliance [51]. The distinction between
perceived helpfulness and safety is particularly important to note here: among the 107 participants who considered
staying safe from suicidal or self-harm urges very or extremely important, 65 reported that AI helped them achieve this
often or almost every time. Such comparisons cannot determine whether AI contributed to greater distress or whether
people facing greater distress encountered different interactions.

The concern about burdening others offers one possible explanation for why reliance may persist, even when support
provided by AI chatbots are imperfect. The appeal of disclosure without interpersonal obligation is already documented
in general-purpose chatbot research [24, 28] and in accounts of crisis use [2]. Our findings draw attention to what
may follow from that appeal. For someone who anticipates worrying or exhausting another person, AI may remain
the easiest place to return even when its responses are repetitive, generic, or insufficient. P88’s account, presented in
the supplementary material, connected difficulty stopping AI use with having pushed people away out of concern
about burdening them. On the other hand, P170 described AI as a consistent resource that had not replaced human
support. These possibilities can also overlap: P12 used AI to organize thoughts before therapy while describing difficulty
stopping and distress about needing it. Such accounts motivate examining both how AI fits alongside human support
and whether users can regulate its place in their lives.

Experimental work on help-seeking provides a useful interpretation of this tension. Zhao and Epley [52] found
that people underestimated others’ willingness to help and how positively helpers would feel, while overestimating
the inconvenience of helping. Similarly, Kardas et al. [25] found that conversations with strangers were often more
connecting than participants anticipated. These studies do not establish that concerns about burden are mistaken during
a mental-health crisis or within unsafe relationships, but they do instead motivate a hypothesis: when anticipated
interpersonal costs lead someone to repeatedly redirect disclosure to AI, that person may have fewer opportunities
to foster an understanding of whether trusted others would respond with care. Immediate relief provided by
chatbots could therefore coexist with the expectations that make them reluctant to seek help from other people in the
first place. We posit that AI-supported reflection or rehearsal could help in facilitating subsequent disclosure.
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This possibility is especially relevant to research on perceived burdensomeness. The interpersonal theory of suicide
identifies perceived burdensomeness and thwarted belongingness as contributors to suicidal desire [45]. A meta-analysis
also found support for associations among these constructs and suicidality [12]. Since our item does not specifically
measure a broader sense of being a liability to others, we cannot infer that burden avoidance explains the association
between suicidal ideation and reliance. However, these findings motivate examining whether repeated AI use changes
users’ expectations of human care, willingness to disclose, and ability to disengage from AI when they wish.

5.3 RQ3: Conflicting Desires and Expectations in Crises

Our findings paint a consistent picture of what people want from AI in moments of acute distress: attunement,
confidentiality, honesty, and a willingness to push back rather than simply validate. On its own, this list reads like
a reasonable design brief: build a system that is warm, trustworthy, and not sycophantic. But when we look at how
these same desiderata play out under the specific and highest-stakes versions of distress we studied such as an explicit
suicide disclosure, the consensus fractures. While people agree on whether attunement, confidentiality, and pushback
matter, they disagree about what those values require once the AI’s response has real consequences, including whether
it should escalate to a human at all.

Our survey data suggest that during AI emotional support, participants converge on wanting AI to be emotionally
attuned, honest rather than flattering, and discreet. These qualities do not obviously compete with one another in
everyday use. Suicidal risk is where they start to pull apart. “Pushback”, theoretically, is gently challenging a user’s
framing of a problem, but in a crisis context, it becomes something more consequential: should the AI actively work to
interrupt the moment, including by connecting the user to another person? “Confidentiality” is not just a background
comfort, and becomes a real-time question - of whether sharing private information to a human in the interest of
user safety is compatible with confidentiality of the conversation. We find that participants preferred that the AI
acknowledge the disclosure and then offer standard crisis resources over immediately escalating to a human, and the
option of immediate human handoff was itself polarized rather than mildly disliked. More strikingly, preference for
escalation-oriented responses over resource-or-handoff responses declined monotonically with clinical acuity, strongest
among participants with no past-year suicidal ideation, weaker among those with any ideation, and weakest among
those with two or more risk markers. The subgroup for whom escalation may be indicated is the subgroup least
inclined to want it.

AI as not-therapist. As alluded to in previous studies on the unique role users hope AI fulfills in their mental health
care [41, 42], our results point to a support role that does not map cleanly onto the requirements users would normally
have from a therapist. It is not peer support, since participants are not describing a fellow sufferer. It is also, by their own
account, mostly not therapy: only 34% of the participants in our sample said they wanted AI to act like a therapist. Yet the
specific behaviors participants want cluster tightly around what a clinician does, such as acknowledgement, attunement,
reality checks, tolerance for disclosure, and, most notably, any redirection to human support: each of these behaviors
has ≥ 70% of at-risk participants endorse them. The gap between these two numbers is more interesting finding than
either alone: participants were not necessarily asking for a therapist as an institution, instead, they appeared to assemble
selected features of therapeutic support while seeking to avoid its institutional procedures, reporting obligations, and
the interpersonal demands of engaging with another person, be it human or expert.
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5.4 Implications for clinicians

These results suggest clinicians should ask whether patients use AI for emotional support and, if they do, inquire about
patient concerns of burdening others and willingness to make disclosures to care providers. Not wanting to burden
others was the most common reason participants in our sample gave for using AI rather than a person for emotional
support. As clinicians may make recommendations around AI use for emotional support, they should be prepared for
concerns of burdensomeness to get in the way of replacement behaviors proposed in lieu of AI support. This may be of
particular concern among patients who are suicidal, as some theories of suicide posit perceived burdensomeness is a
risk factor for suicidal ideation [45]. Clinicians should also directly assess patient comfort contacting and disclosing
problems to institutional support, as a fifth of participants in our study reported fearing the consequences of disclosing
concerns to professional support. Clinicians may be particularly interested in this line of inquiry to ensure participant
safety during suicide crises, particularly given the heightened likelihood of harms from AI reported among users with
suicidal ideation in this study.

Clinicians should also consider how patients are fitting AI into their care network. Patients in care were more likely
than those out of care to use AI to supplement care rather than replace it, though a majority of both groups reported
replacing some care with AI. Some people are likely to report that AI may even enhance therapy sessions, but providers
should be prepared for patients to report diverse use patterns and relationships with AI support. Importantly, some
data in this report reflected self-stigma and fears of social stigmatization, and care providers should be careful to not
isolate patients by stigmatizing AI use. Because fear of judgment was one reason participants turned to AI, sensitivity
around this issue may be important to maintaining therapeutic engagement. Instead, clinicians may use this line of
inquiry as an opportunity to evaluate if an unmet patient need exists, make recommendations for safe AI use practices,
and work with patients to identify acceptable and accessible forms of human support.

5.5 Design Implications for AI Developers

Developers and safety teams should evaluate how support unfolds across ordinary emotional conversations, acute
distress, and subsequent interactions. In Study 2, we observed the coexistence of helpful AI experiences with greater
reported difficulties among participants with past-year suicidal ideation. This implies that aggregate satisfaction is not
a complete indicator of safety. Therefore, evaluations should examine harmful agreement, discouragement of human
disclosure, perceived rejection, and difficulty disengaging, alongside immediate relief. Multi-turn benchmarks can
help identify how conversational context changes model behavior [4, 7]. User studies are also needed to understand
what those behaviors mean in practice. Building on Song et al. [42], therapeutic alignment should include whether an
interaction supports users’ broader goals and support relationships.

The participants whose histories included suicidal ideation expressed a weaker relative preference for resource
provision or immediate human connection than participants without reported ideation. Immediate human
connection was also polarized across the sample, ranking first for 21.8% and last for 24.8%. These rankings suggest that
a standard referral may fail to address why someone approached AI. Tang et al. [44] describe how generic referrals can
overlook users’ circumstances and in fact lead to a rupture in support. Developers should therefore pair appropriate
crisis resources with acknowledgment, a clear explanation of the concern, and help identifying a feasible next step.

Escalation should also address the concerns that led users to seek support from AI. In our survey, 21.3% of participants
reported using AI because they feared what might happen if they disclosed to a professional. For example, P161 worried
that hospitalization would leave their husband with Alzheimer’s without care. For users facing such concerns, an
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immediate connection to a human may leave the original barrier unresolved. This motivates testing approaches that ask
what makes human contact difficult, clarify what a proposed connection would involve, and support users in choosing
a feasible next step.

The prominence of burden avoidance suggests a design opportunity beyond repeatedly recommending professional
care. In our survey, suggestions to contact a friend, family member, or peer were associated with reports of contacting a
trusted person after AI interactions. This motivates testing ways to make such contact easier, building on work that
frames crisis support as increasing preparedness for positive action [2]. A system could help a user identify someone
they consider safe, draft a concise request for support, ask about that person’s availability, or rehearse expressing a
difficult need. Furthermore, research on miscalibrated expectations of helping and disclosure offers a rationale for
supporting manageable attempts at connection [25, 52]. However, a chatbot should not assume that a relationship is
safe, promise how another person will respond, or frame reluctance as a failure by the user. The design objective is to
widen feasible choices while acknowledging the reasons disclosure may feel costly.

Participants’ accounts of repetitive responses and forgotten context suggest that continuity matters, yet therapist-like
behavior, confidentiality promises, and invitations to keep talking were also associated with reliance. These associations
do not show that the behaviors caused dependence, but they do caution against treating longer engagement as benefit.
Systems could provide user-controlled summaries of concerns, coping steps, and questions for a future conversation
with a trusted person or clinician. This would support uses such as P12’s preparation for therapy while allowing users
to inspect, correct, or delete retained information. Developers should state the system’s actual memory, privacy, and
availability limits, and avoid promises of permanent presence, guaranteed confidentiality, or exclusive understanding.
Evaluation should examine whether users can stop when they intend to, maintain valued activities and relationships,
and pursue their own support goals. These longer-term criteria are necessary to assess whether continuity sustains
useful support rather than contributing to unwanted reliance.

6 Limitations

Our qualitative analysis used public accounts of AI use and distress on Reddit, and our findings reflect limitations of
this data source. The Reddit data were shaped by community norms and decisions about what to disclose publicly, and
our prototype-based retrieval process may have decreased the range of posts that entered the analysis. Our codebook
reflects these sampling biases and may fail to reflect experiences that differed substantially from our prototypes, were
reported in other languages, or were not reported on Reddit. The codebook is one interpretive organization of our
data rather than an exhaustive account of the variety of experiences using AI for emotional support. Neither our
codebook nor our quantitative results establish prevalence, causality, or the progression of experiences using AI for
emotional support. Our codebook reflects an interpretive synthesis of phenomena found in the Reddit data rather than
a demonstrated trajectory. As the codebook was used to design the survey, endorsement of survey items reflects the
relevance of included constructs but does not establish that the framework is fully representative of user experiences.

Our approach centered users’ reported experiences and perspectives, but it did not examine specific interactions with
AI or changes in clinical outcomes among users. In Study 2, all reported AI behaviors reflect participant interpretations
and recall over the past twelve months. Participant perspectives on what constitutes emotional support and how AI
behavior should be characterized may differ from one another. Additionally, the cross-sectional design used in this
study did not establish temporal relationships between participant mental health problems, AI use, reported outcomes
of AI use, and human support. Therefore, measures of recent distress and post-conversation outcomes cannot establish
how AI use impacted clinical trajectories. Normative judgements on AI behavior were only elicited from participants
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who reported observing each behavior, prioritizing first-hand experience but limiting input from participants who
may have desired but not experienced such behaviors. Crisis-response preferences reflect perceptions of responses to a
hypothetical suicidal disclosure, but they do not predict safety or efficacy during actual crises. Finally, our analyses
did not distinguish among chatbot models, limiting attribution to particular systems and instead reporting general
experiences with AI.

7 Conclusion

General-purpose AI chatbots have been a readily available outlet for people seeking support in moments of acute
mental health distress, including suicidal ideation. However, most of what we know about these systems comes from
evaluations of model behavior rather than the people themselves. In this work, we study these encounters through the
lens of users’, specifically using a sequential mixed-methods study. By carrying out an inductive analysis of Reddit
posts describing AI use and mental health concerns, we developed a codebook spanning circumstances preceding use,
the interactions that unfold, and their aftermath. We followed this up by conducting a survey of 202 people with lived
experience of recent mental health problems. We found that people most often turned to AI not because care was out
of reach, but rather because of perceived costs related to their own disclosures. They feared burdening loved ones,
being judged, or related consequences they could not control. Reported benefits were broadly shared across the sample,
but the same could not be said for reported harms. Participants with past-year suicidal ideation reported elevated
exposure to harm-facilitating behavior, reliance, and destabilizing experiences. Participants preferred chatbot honesty
over warmth, assembling selected features of therapist-like support. Making AI safer in these moments will require
more than better crisis detection and responses: it will require changes that address the disclosure costs perceived by its
users, while at the same time widening users’ feasible paths back to human connection.

Ethics and Privacy Statement

Study 1 analyzed publicly available Reddit posts across several subreddits, and user consent was not sought prior to
analyzing these posts. We acknowledge that public availability does not imply consent to research and that some posts
may have been intended solely to be read by peers. To protect posters’ privacy, we did not record account usernames or
account-level metadata, did not retain links to posts, and did not interact with posters. To reduce re-identification risks,
we report findings from the Reddit data in aggregate and use paraphrased illustrative excerpts rather than verbatim
quotes. All text representing this data has been reworded to maintain meaning but avoid re-identification. The post
corpus used for analysis will not be distributed.

Study 2 recruited participants via Prolific and was approved by a member of the author team’s university institutional
review board. During consent, all participants were informed that the survey covered sensitive mental health problems,
including suicidal ideation, and were provided the suicide crisis helpline number. Participants were permitted to exit the
survey at any time. We did not solicit or retain identifying information in the survey. Questions evaluating history of
suicide and recent distress were adapted from validated clinical measures. All data were retained in encrypted storage
locations. These safeguards were designed to minimize risks of participant distress related to the survey and protect
participant privacy.
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