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Abstract

Background: In recent years, innovations in generative AI, in particular large language models (LLMs) in the form of AI
chatbots, have found their way to the general public. First studies indicate a growing prevalence of individuals talking to AI
chatbots about mental health–related topics; yet, knowledge of how, why, and which individuals are using these AI chatbots for
their mental health is limited.

Objective: This study aimed to provide insights into the use of AI chatbot–delivered mental health support.

Methods: To do so, an online survey in 2 Belgian samples was conducted. A student sample was collected, and individuals
who used AI chatbots for mental health support were included (approximately 40% of the student sample were eligible users).
Second, a recruitment call for users of AI chatbots for mental health support was launched in the general public. Data from 349
participants, 276 members of the general public, and 73 students were included in the analyses.

Results: Descriptive analyses were used to report the use of AI chatbot–delivered mental health support. Most respondents in
the present samples were women and indicated having received or receiving professional mental health support. The most common
conversation topics across both samples focused on personal and interpersonal issues. Freely accessible AI chatbots, mainly
ChatGPT, were the predominant choice in both samples and were mainly chosen for their constant availability and accessibility.
Respondents in the student sample also preferred their anonymity, and those in the general sample also used them because they
felt supported by them<strong>.</strong> The preliminary associations found between digital working alliance and engagement
factors in the student sample and in the general sample suggest that relational factors might play a role in sustained AI chatbot
use but warrant further investigation.

Conclusions: To conclude, this study confirms that general-purpose AI chatbots that are not designed or regulated for mental
health support, specifically ChatGPT, are being used to obtain social and emotional support, often by individuals already familiar
with professional mental health support.

(JMIR Ment Health 2026;13:e104316) doi: 10.2196/104316
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Introduction

Innovations in generative AI, in particular large language models
(LLMs), have found their way to the general public in recent
years. At their core, LLMs are enormous statistical language
prediction machines that have been trained to recognize patterns
in text and generate language that follows those patterns [1].
The latest generations of conversational agents or AI chatbots
make use of such LLMs to generate dynamic, context-sensitive
conversations that can feel very human-like to users. Ever since
the release of generative AI chatbots, such as ChatGPT
(OpenAI), Gemini (Google), Copilot (Microsoft), Claude
(Anthropic), Meta AI (Meta) and Perplexity (Perplexity AI),
people have been using these AI chatbots for work- and
school-related tasks as part of their personal lives. Chatterji et
al [2], for example, assessed approximately 1 million ChatGPT
conversations from approximately 130,000 users between May
2024 and July 2025 and found that practical guidance (28.3%),
writing (28.1%), and seeking information (21.3%) were the
most common topics. The use of ChatGPT for relationships and
personal reflection was less common, as it was addressed in
1.9% of conversations. More recently, Anthropic also analyzed
1 million Claude.ai conversations from March to April 2026
(approximately 639,000 conversations from unique users) and
revealed that roughly 6% of conversations involved personal
guidance, that is, seeking both information and perspective on
what to do next [3]. Further exploring this personal guidance,
Shen et al [3] categorized 10 clusters, of which health/wellness,
relationships, and personal development accounted for 27.2%,
12.3%, and 6.3%, respectively, of personal guidance
conversations. In other work assessing the affordances of AI
chatbots in a large international sample of more than 5000
participants, Scherr et al [4] reported 5 specific functions of AI
chatbots, namely, assistance for writing, coding, personal tasks,
translation, and emotional assistance. Although people are using
general-purpose AI chatbots mainly for specific tasks, a
significant part of the population seems to be using them for
mental health support as well [5-9]. These general-purpose AI
chatbots are, however, different from mental health chatbots
(with or without AI), which are conversational digital mental
health interventions that use automated dialogue, either
rule-based or AI-powered, to provide psychological support,
psychoeducation, symptom monitoring, or evidence-based
self-help strategies to users through text- or voice-based
interactions.

The LLMs powering AI chatbots have been described as capable
of cognitive empathy, recognizing emotions, and providing
emotionally supportive responses in various contexts [10]. In
addition, their anthropomorphic design [11] and sycophantic
nature [12], which involve affirming users’ feelings and
behaviors, may make them appealing for mental health support.
Although data on prevalence are limited, first survey studies in
a general US adult sample have examined the use of LLMs for
mental health support. Stade et al [6] found that 24% of
participants reported LLM use for mental health support, while
Ueda et al [13] found that 35% of respondents reported using
AI tools at least once a week for mental health support. In
another study assessing individuals with an ongoing

psychological condition, Rousmaniere et al [5] reported that
nearly 49% of participants had used AI chatbots for
psychological support. These findings warrant caution since
these general-purpose AI chatbots were not created for this use
and have also not been adequately validated for safety or
effectiveness. Financial cost, stigma, and lack of access are
well-known barriers to mental health support [14-16], and digital
interventions such as mental health chatbots have long been
proposed and evaluated as scalable and accessible solutions
[17,18]. Initially, mental health chatbots such as Woebot
(Woebot Health) or Wysa (Wysa) were mainly based on decision
trees and rule-based systems [19]. Systematic reviews revealed
mixed results, but these mental health chatbots have generally
been found to reduce symptoms of depression and general
distress [17,20]. More recent mental health chatbots and updated
versions of existing ones claim to use AI, specifically LLMs,
to generate more human-like dialogue [19]. For example, the
first randomized controlled trial assessing the efficacy, user
engagement, acceptability, and therapeutic alliance of a 4-week
intervention with Therabot (Dartmouth College), a generative
AI chatbot trained on cognitive behavioral techniques, showed
promising results after the intervention and additional 4-week
follow-up [21]. The study demonstrated reductions in symptoms
of depression, anxiety, and eating disorder, as well as good user
engagement and high user ratings [21]. Recent systematic
reviews are, however, not conclusive on the efficacy of AI
mental health chatbots [20,22-24]. While some reviews showed
that AI-powered mental health chatbots are effective in reducing
symptoms of depression and anxiety compared to control
conditions [20,22,23], another review mainly confirmed their
feasibility and acceptability, yet assessed effectiveness as
inconclusive [24]. One interesting factor that might have
influenced these mixed findings is therapeutic or working
alliance, a mutual collaboration and partnership between
therapist and client [25]. The working alliance has proven to be
central in human-delivered mental health support [25] and the
concept has also recently been applied to digital health products.
For example, working alliance has been associated with
engagement with and clinical outcomes of an unguided mobile
mental health app [26]. Regarding AI chatbots, Heinz et al [21]
showed, for the first time, that individuals were able to develop
a working alliance with an AI chatbot (Therabot). There is,
however, still much debate on the safety of using this technology
for mental health purposes, in particular regarding topics such
as crisis management and suicidality or privacy and
confidentiality [27]. The advancements in mental health chatbot
architecture due to rapid AI innovations have thus left the field
with an evidence base characterized by variable clinical evidence
and evaluation rigor [19].

Notwithstanding the evidence base highlighting the potential
of specific mental health chatbots, the use of general-purpose
AI chatbots for mental health support is empirically
underexamined. Most studies to date have focused on answering
the question of whether AI mental health chatbots based on
LLMs can perform mental health tasks, whereas accumulating
evidence indicates that people are rather steering toward
general-purpose AI chatbots because of their availability and
ease of access [6]. Research on the use of these chatbots for
mental health purposes is limited, yet rapidly growing
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[3,5,6,8,28]. Studies that do focus on real-life use of
LLM-powered chatbots for mental health have mostly been
interview-based qualitative studies assessing how people engage
with these chatbots and how they perceive such interactions.
These studies often reported favorable results describing
perceived effectiveness, usability, and emotional dynamics, but
also challenges and limitations [29-33]. Nevertheless, knowledge
about the scale of this behavior remains limited. Such
knowledge, combined with insights into user characteristics and
use patterns, is nevertheless essential to inform ethical, clinical,
and policy decisions in this field. This study therefore aimed to
assess how, why, and which individuals are using AI chatbots
for mental health support, in particular general-purpose AI
chatbots. In addition, we explored whether a digital working
alliance, defined as the therapeutic relationship between a client
and software [34] or, in the present study, between an individual
and an AI chatbot, was associated with AI engagement
characteristics.

Methods

Study Design
To gain insights into the use of conversational AI for mental
health support, we developed an online survey assessing
participants’use of AI chatbots for mental health purposes. Two
samples of participants who used AI chatbots for mental health
support were recruited: from the general population and among
students of the Applied Psychology program at Thomas More
University of Applied Sciences, both in Belgium.

Participants
Both samples were recruited through convenience sampling.
The student sample was recruited through an internal course
credit program for applied psychology students with invitations
disseminated via the official program platform. In the student
sample, 181 individuals gave informed consent to participate
in the study. After applying the eligibility criterion of actual
experience using AI chatbots for mental health support, 108
were excluded from the study due to lack of experience, leaving
73 participants (10 men and 63 women) in the student sample
with a mean age of 19.75 (SD 2.52) years, ranging from 18 to
27 years. Five participants had an academic or professional
bachelor’s degree, and 68 had a secondary school certificate.
There were no missing values in the student sample.

This sample was complemented by the recruitment of members
of the general public with experience in using any AI chatbot
for mental health purposes. These were recruited through open
calls disseminated via social media (ie, LinkedIn [Microsoft
Inc]), written media (ie, at the end of newspaper and magazine
articles), and during lectures and seminars. There were no
exclusion criteria. In the general population sample, 277
individuals were recruited. Data from 276 participants were
used in this study. One participant was excluded due to no actual
experience using AI chatbots for mental health support. Data
of 23 participants were incomplete due to drop-out, resulting
in missing data for the following variables: helpfulness, negative
experiences, and advising the use of AI chatbots (all n=4),
Digital Working Alliance Inventory (D-WAI; n=10), being in
treatment or having received treatment (n=13), the

sociodemographic data, such as age, gender, and degree (n=23).
Missing values were handled using pairwise deletion to
maximize data usage. The general population sample (195
women, 54 men, 1 nonbinary participant, 2 participants who
did not report their gender, and 23 with missing data) had a
mean age of 45.46 (SD 14.58) years, ranging from 19 to 82
years. Ninety-two participants had an academic or professional
bachelor’s degree, 74 had a master’s degree, 74 had a secondary
school certificate, 7 had a doctoral degree, and 6 had a primary
school certificate (missing, n=23).

Data Collection
The online survey was created using QuestionPro (QuestionPro
Inc) and was completed by participants between October 2025
and March 2026. The survey consisted of 26 questions,
comprising both closed- and open-ended questions. The survey
is available in the original Dutch version and a translated English
version (see Multimedia Appendix 1). Participants answered
multiple-choice questions accompanied by free-text options.
The survey involved questions concerning how, why, and which
AI chatbots participants used for mental health purposes: (1)
the extent to which conversations with AI chatbots were
considered helpful, (2) whether they would advise the use of
AI chatbots, (3) whether they had negative experiences with AI
chatbots, (4) technical aspects such as modality, medium, and
duration, and (5) personal characteristics, such as whether
participants were receiving psychological treatment. Participants
were allowed to give multiple answers to the questions
concerning how and why they had used AI chatbots. The
questions were set up and discussed by the authors based on
questions from clinical practice and existing research and were
intended to allow for descriptive analyses. To the best of our
knowledge, no validated questionnaires were available to gain
insight into the topics surveyed at the time of designing the
study protocol. These questions were complemented by a
translated version of the D-WAI [34]. This study aimed to
explore the working alliance between the participant and the
AI chatbot and its relationship with AI chatbot engagement,
using the D-WAI. The D-WAI is a 6-item questionnaire, with
each item rated from 1 (strongly disagree) to 7 (strongly agree)
and summed to generate a total score from 6 to 42. The D-WAI
was translated from English to Dutch using a forward-backward
translation process, performed by 4 authors (TVD, NAJDW,
FB, and SB) who held C1-level English certification. Authors
TVD and NAJDW independently translated the D-WAI from
English to Dutch and discussed the items to reach consensus
on the initial Dutch version. Then authors FB and SB
independently translated the Dutch items back to English. FB
and SB were not aware of the original English items. The 4
involved authors then discussed discrepancies and adjusted the
Dutch items until consensus was reached regarding the
translation and the preservation of the intended meaning of the
items. The translated version was not pilot tested, and no
psychometric properties were assessed before use in the present
study. The original D-WAI has been shown to have satisfactory
psychometric properties [35] and the reliability of the translated
instrument in this sample was acceptable in the student sample
(Cronbach α=0.73) and good in the general population sample
(Cronbach α=0.83).
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Data Analysis
Data were analyzed using SPSS (version 31; IBM Corp).
Descriptive statistics (frequencies and percentages) were used
to summarize survey responses and participant characteristics.
Spearman Rho was used to assess the association between
working alliance (D-WAI) and engagement (the frequency and
duration of AI chatbot use). The 4 categories of the frequency
or duration variables were coded from 1 to 4, with 1 representing
the lowest frequency or duration and 4 representing the highest.
The significance level was set at P<.05. Figures were created
using R (version 4.2.2; R Core Team) and the following
packages: dplyr [36], stringr [37], ggplot2 [38], cowplot [39],
readxl [40], and tidyr [41]. Qualitative data from the answers
to the open-ended questions were categorized into topics in
Dutch by authors FB and SB to facilitate summarization. FB
and SB adopted an inductive coding approach and first
categorized the data independently and discussed differences
in categorization afterward until consensus was reached.
Multiple codes were permitted and no predefined coding scheme
was used. No intercoder agreement was calculated. Final codes
were translated into English by the author SB.

Ethical Considerations
The study was approved by the local ethics committee of the
Applied Psychology program at Thomas More University of
Applied Sciences (reference ECTP 2526_02). Participants were
informed about the study’s topic, objectives, data management,
and confidentiality procedures before starting the survey. All
participants provided electronic or written informed consent
prior to their involvement in the study. Data were collected

anonymously; however, responses to the open-ended questions
could have contained identifiable information. Therefore, the
data were pseudonymized, and only pseudonymized data were
archived. Participants in the student sample received a course
credit corresponding to a score of 1/20 added to their exam score
for a specific course. Participants from the general public did
not receive compensation.

Results

Student Sample
Recruitment figures revealed that 40.4% (n=73) of the recruited
first-year applied psychology student sample had some
experience using AI chatbots for mental health purposes. More
than half of students (n=42, 57.5%) reported either being in
psychological treatment (n=21, 28.8%) or having received
psychological treatment in the past (n=21, 28.8%). Of these
participants, 83.3% (n=35) revealed having not informed their
therapist or counselor about their conversations with AI chatbots.

Student usage characteristics are presented in Figures 1 and 2,
and Tables 1, 2, and 3. In this sample, most students used AI
chatbots to talk about personal concerns or issues (n=56, 76.8%)
and to talk about situations in their social lives (n=42, 57.6%).
Approximately one-fifth of respondents used AI chatbots to
discuss intimacy or sexuality (n=15, 20.6%), and a smaller part
also indicated that AI chatbots were used for companionship or
to feel less lonely (n=9, 12.4%). A minority of participants
shared additional functions (n=3, 4.2%; see Table 1), which
mainly involved relying on AI chatbots as empathic sounding
boards and for emotional self-regulation.

Figure 1. Participant usage characteristics.
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Figure 2. Modality, frequency, duration, and experienced helpfulness of AI chatbot use.

Table 1. Additional focus topics for AI chatbot use.

General (n=49)aStudent (n=3)aFocus topics

15 (5.4)3 (4.1)Empathic sounding board

15 (5.4)—bHealth or medical information tool

6 (2.2)—Emotional self-regulation and self-development

1 (0.4)—Suicide prevention

aNumbers represent reported responses. Participants were allowed to give multiple answers.
bNot available.

The most popular AI chatbots to converse with were ChatGPT
(n=70, 95.9%) and Snapchat’s My AI (n=19, 26%), and less
commonly used AI chatbots were Copilot (n=9, 12.3%), Gemini
(n=4, 5.5%) and DeepSeek (n=3, 4.1%). Other AI chatbots can
be found in Table 2. Most participants used freely accessible

AI chatbots (n=66, 90.4%), and a minority had a paid
subscription (n=4, 5.5%) or had access to AI chatbots through
school or work (n=3, 4.1%). Smartphones (n=64, 87.7%) and
personal computers (n=36, 49.3%) were most often used as the
conversation medium, whereas the tablets were the least
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commonly used option (n=4, 5.5%). Most students had only
text-based interactions (n=68, 93.2%), although some used a
combination of text and voice (n=5, 6.8%). None of the
participating students reported daily mental health interactions
with AI chatbots. A small proportion (n=7, 9.6%) of students
had weekly mental health-focused interactions, 21.9% (n=16)
had monthly interactions, and most students rarely used AI
chatbots for mental health conversations (n=50, 68.5%). The

most common conversation duration was 5-15 minutes (n=30,
41.4%), followed by less than 5 minutes (n=29, 39.7%), 15-30
minutes (n=13, 17.8%), and more than 30 minutes (n=1, 1.4%).
The majority of students had been talking to AI chatbots for
mental health purposes for at least 6 months (for 6 months:
n=27, 37%; for a year: n=19, 26%; for more than 1 year: n=10,
13.7%), while others had started using them more recently (since
3 months: n=9, 12.3%; less than a month: n=8, 11%).

Table 2. AI chatbots used for mental health support.

General public (n=276)Students (n=73)Chatbot

2 (0.7)1 (1.4)Character.AI

239 (86.6)70 (95.9)ChatGPT (OpenAI)

8 (2.9)— aClaude (Anthropic)

41 (14.8)9 (12.3)Copilot (Microsoft)

3 (1.1)3 (4.1)DeepSeek

52 (18.8)4 (5.5)Gemini (Google)

3 (1.1)1 (1.4)Grok (SpaceXAI)

4 (1.4)19 (26)My AI (Snapchat)

4 (1.4)—Perplexity

7 (2.5)—Replika

11 (4)—Otherb

aNot available.
bOther chatbots: Abby, Ecosia AI, Meta AI, Spicychat.ai, Pi, Liven, Lumo, Le Chat (Mistral), Nomi AI, The Architect, unknown project-specific AI
chatbot.

With respect to the reasons why AI chatbots were used, most
respondents indicated their constant availability (n=46, 63%),
followed by accessibility (finding it easier to talk to an AI
chatbot than to a real person, n=34, 46.6%), anonymity (n=24,
32.9%), and using AI chatbots for everything, so also mental
health (n=21, 28.8%). About a quarter of the students indicated
that AI chatbots offered good support (n=18, 24.7%), that they
were free or cheaper than professional services (n=14, 19.2%).
A minority responded that they simply like talking to AI
chatbots (n=9, 12.3%) or that they had been advised to use AI
chatbots (n=3, 4.1%). Some participants also provided additional
reasons (n=10, 13.7%), such as using AI chatbots as an add-on
to professional help, their compliance, and a perceived lack of
alternatives, among repetitions or elaborations of previously
chosen categories (see Table 3).

Most students had a positive attitude toward mental
health-focused conversations with AI chatbots, as more than
half of the participants considered them to be rather helpful
(n=38, 52%) or very helpful (n=1, 1.4%), while 12.3% (n=9)
of students found them rather unhelpful and only 1.4% (n=1)
very unhelpful. One-third of student participants (n=24, 32.9%)
had a neutral attitude. Negative experiences were uncommon,

with only a few students having experienced negative situations
(n=3, 4.1%), mainly involving feeling misunderstood and
experiencing sycophancy (extreme and insincere flattery).
Nonetheless, the majority of students were unsure about
recommending AI chatbot use for mental health purposes (n=31,
42.5%) or would probably not recommend it (n=23, 31.5%),
whereas only 16.4% (n=12) would probably recommend its use
(definitely would not recommend: n=6, 8.2%; definitely would
recommend: n=1, 1.4%).

With respect to the digital working alliance, the mean total
D-WAI score was 26.37 (SD 4.91). D-WAI was positively
associated with frequency (small to moderate effect, Spearman
ρ=0.36; 95% bootstrap CI 0.15-0.54; P=.002; n=73) and
duration (small to moderate effect, Spearman ρ=0.33, 95%
bootstrap CI 0.12-0.51, P=.004, n=73), meaning that higher
working alliance scores were associated with higher frequency
and longer duration of AI chatbot use (no causal direction was
inferred). However, these findings should be interpreted with
caution due to the heavy imbalance in observations and one
empty category and limited variation in the categorical variables
(see data mentioned above).
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Table 3. Additional reasons for AI chatbot use.

General (n=190)Student (n=36)aReason

n=123n=26Answer options

91 (64.7)14 (19.2)Free or cheaper than official care

71 (25.7)24 (66.7)Anonymity

8 (2.9)3 (4.1)Recommended by others

44 (15.9)9 (12.3)I like talking to chatbots

n=67n=10Open answers

15 (5.4)3 (4.1)Quick availability

12 (4.3)2 (2.7)Compliance and docility

5 (1.8)1 (1.4)Not bothering anyone

4 (1.4)1 (1.4)Add-on to professional help

4 (1.4)—bBetter than professional support

4 (1.4)1 (1.4)Experience of no alternative to AI chatbot

1 (0.4)1 (1.4)Control mechanism

2 (0.7)—To gain new insights

20 (7.2)1 (1.4)Irrelevantc

aNumbers represent reported responses. Participants were allowed to give multiple answers.
bNot available.
cParticipant input (Student n=1 and General n=20) to the question was not an answer to the question “Why are you using AI chatbots for mental health
support?” or was not related to mental health support.

General Population Sample
Because only individuals from the general public who had used
AI chatbots for mental health support were recruited, we could
not estimate the prevalence of AI chatbot use for this purpose
in the general population. More than 3-quarters of participants
reported either being in psychological treatment (n=111, 42.2%)
or having received psychological treatment prior to this study
(n=105, 39.9%), of which 64% (n=71) and 88.4% (n=92,
missing n=1) indicated having not informed their therapist or
counselor about their conversations with AI chatbots.

Usage characteristics of the general population sample are
presented in Figures 1 and 2, and Tables 1, 2, and 3. Most
participants used AI chatbots to talk about personal concerns
or issues (n=226, 81.9%) and to talk about situations in their
social lives (n=152, 55.1%). Approximately, one fifth of
respondents also used AI chatbots to discuss intimacy or
sexuality (n=56, 20.3%) and a smaller part also indicated that
AI chatbots were used for companionship or to feel less lonely
(n=38, 13.8%). Some participants also provided additional or
more specific functions (n=49, 17.8%; Table 2), which mainly
involved the use of AI chatbots as an empathic sounding board
for brainstorming, venting, or exchanging ideas: “To talk about
sadness and injustice in my life” and “Advice and reassurance
concerning certain thoughts.” Some also reported using AI
chatbots as a health or medical information tool or to help with
explaining mental health information: “Questions about
medication, advice for good self-care,” and “Diagnoses,
symptoms, and therapies.” Others also pointed out that they use
it as a support tool for emotional self-regulation and

self-development: “To challenge myself and my thoughts, and
to connect. For example, I feel bad about X. Is that correct?
What can I do to get out of it?”

The most popular AI chatbots were ChatGPT (n=239, 86.6%),
followed by Gemini (n=52, 18.8%) and Copilot (n=41, 14.9%).
Other AI chatbots can be found in Table 2. Most participants
used freely accessible AI chatbots (n=221, 80.1%) and a
minority had a paid subscription (n=36, 13%) or had access to
AI chatbots through school or work (n=19, 6.9%). Smartphones
(n=221, 80.1%) and personal computers (n=109, 39.5%) were
most commonly used as conversation media, and most
respondents only had text-based interactions (n=248, 89.9%),
while some used a combination of text and voice (n=25, 9.1%)
or voice only (n=3, 1.1%). A total of 15.9% (n=44) of
participants had daily mental health–related conversations with
an AI chatbot, whereas 21.7% (n=60) rarely did so. The majority
had either monthly (n=98, 35.5%) or weekly (n=74, 26.8%) AI
chatbot interactions concerning mental health. Most participants
estimated that their conversations on average lasted between 5
and 15 minutes (n=116, 42%). Other participants indicated a
duration of less than 5 minutes (n=34, 12.3%), 15-30 minutes
(n=77, 27.9%), or more than 30 minutes (n=49, 17.8%). More
than half of the respondents had been talking to AI chatbots for
mental health purposes for at least 6 months (for 6 months:
n=100, 36.2%; for a year: n=46, 16.7%; for more than a year:
n=29, 10.5%), while others have started using them more
recently (since 3 months: n=70, 25.4%; less than a month: n=31,
11.2%).
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With respect to the reasons for which AI chatbots were used,
multiple responses could be selected. Most respondents were
attracted by their constant availability (n=194, 70.3%), followed
by feeling well-supported (n=143, 51.8%), accessibility (finding
it easier to talk to an AI chatbot than a real person: n=105, 38%),
and using AI chatbots for everything, including mental health
(n=106, 38.4%). One third of participants also indicated the fact
that they are free or cheaper than professional services (n=91,
33%) was a reason for use, as well as their anonymity (n=71,
25.7%). A total of 15.9% (n=44) responded that they just like
talking to AI chatbots, and only 2.9% (n=8) were advised to
use AI chatbots. A quarter of participants also provided
additional reasons or specifications for their indicated reasons
(n=67, 24.3%) in the open-ended response option (Table 3).
Some participants emphasized AI chatbots’ quick availability:
“They have quick access to information on the internet and can
make connections lightning fast” or “It immediately pulls me
out of deep slump moments.” Others used it for their compliance
and docility, indicating “It is liberating and safe because they
never judge” or “They are kind.” Some also use it as an add-on
to professional help, “AI offers me support between therapy
sessions. It helps me gain a clearer view of my inner world and
make room for it.” Some even believe it to be better than
professional support, “Better care, they analyze and explain
what they notice. I get much more out of it than all the years of
therapy combined.” Others use AI chatbots because they do not
want to bother anyone with their issues, “I have no one in my
immediate circle to talk to about it, or I don't want to burden
those people with my worries.”

A total of 80.1% of participants (n=218) had a positive attitude
toward mental health-focused conversations with AI chatbots,
as more than half considered them to be rather helpful (n=145,
52.5%) or very helpful (n=73, 26.4%), while only 1.1% (n=3)
and 0.4% (n=1) of participants found them rather unhelpful and
very unhelpful, respectively (n=50, 18.4% had a neutral attitude;
n=4, 1.5% was missing). Negative experiences were rather
uncommon, with 11% (n=30) of respondents having experienced
negative situations, mainly involving feeling misunderstood,
sycophancy, experienced negative effects in real life, persisting
unwanted topics or interactions, or providing incorrect
information. A lot of participants indicated that they would
probably (n=87, 32%) or surely (n=35, 12.9%) recommend the
use of AI chatbots for mental health purposes, while the majority
were unsure about it (n=99, 36.4%), 16.9% (n=44) would
probably not recommend their use, and 2.6% (n=7) would
definitely not recommend their use. data were missing for 4
participants (1.5%).

With respect to the digital working alliance, the mean total
D-WAI score was 29.11 (SD 5.72). The D-WAI score was
positively associated with frequency of use (small to moderate
effect, Spearman ρ=0.26; 95% bootstrap CI 0.13-0.38; P<.001;
N=266), meaning that a higher working alliance was associated
with a higher frequency (no causation or direction inferred).
There was no significant association between D-WAI and
duration of AI chatbot use (Spearman ρ=0.03; P=.48; N=266).

Discussion

Principal Findings
This study assessed the usage characteristics of mental health
support delivered by AI chatbots, in particular general-purpose
AI chatbots, in a student sample and in the general public, in
order to better understand why, how, and which individuals are
using these chatbots. Forty percent of the initially recruited
student sample reported having used AI chatbots for mental
health support and were further inquired about their usage of
this technology. This information was not available in the
general population sample, as only individuals who used AI
chatbots for mental health support were recruited. Most
respondents in the present samples were women and reported
having received or receiving professional mental health support
at the time of the study. The most common conversation topics
across both samples focused on personal and interpersonal
issues. Freely accessible AI chatbots, mainly ChatGPT, were
the predominant choice in both samples and were mainly chosen
for their constant availability and accessibility. Respondents in
the student sample also preferred their anonymity, and those of
the general sample also used them because they felt supported
by them. Both groups also indicated that they already used AI
chatbots for other tasks, so mental health support was a logical
addition. Participants mainly converse with general-purpose AI
chatbots through text-based interactions on their smartphones.
In general, the respondents found their interactions with these
general-purpose AI chatbots helpful, and negative experiences
were uncommon. To the best of our knowledge, our study also
revealed, for the first time, an association between digital
working alliance and general-purpose AI chatbot engagement,
namely that in both samples a higher working alliance was
associated with a higher frequency. In the student sample, a
higher working alliance was also associated with a longer
duration of AI chatbot use for mental health support, but not in
the general sample (although no causal relation or direction is
inferred). In the following paragraphs, we describe the findings
in more detail and compare them to the current knowledge base.

Respondents Used AI Chatbots for Mental Health
Support
Recruitment numbers in the student sample revealed that 40%
of our sample of first-year applied psychology students had
some experience using AI chatbots for mental health support.
This number contrasts the findings by Rackoff et al [28] in early
2024, indicating that only 5% of 428 US students (unknown
educational track) had sought mental health support from an AI
chatbot. Similar to the occurrence in the student sample, the
prevalence of LLM use for mental health support in the general
adult population seems to range from 24% to 47%. Li et al [42]
found that 47% of 393 adult participants had used mental health
AI chatbots. More recently, in 2 larger US adult samples of
approximately 1800 respondents, Stade et al [6] and Ueda et al
[13] revealed that 24% and 35% of participants had used LLMs
for mental health purposes, respectively. In another US adult
sample of 499 individuals with a past or present mental health
condition, Rousmaniere et al [5] found that 49% of participants
had used LLMs for mental health support. In a Dutch study
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exploring AI chatbot use in 771 adults with a (past) mental
health condition, 38% of participants reported having used
generative AI to talk about psychological complaints [43]. A
recent estimation and narrative review revealed that 3%-70%
of AI users use it for mental health purposes, with the authors
approximating that 27% use it for mental health support [44].
More research in larger and more heterogeneous samples as
well as a clear definition of mental health support is, however,
needed to gain better insights into the prevalence of real-life AI
chatbot use for mental health support [44].

In general, the survey responses revealed a predominantly
female demographic. Most individuals engaging with the AI
chatbots, more than half in the student sample and approximately
3-quarters in the general sample, had received or were receiving
psychotherapy at the time of the study. Similarly, Zaia et al [33]
also highlighted a predominantly female demographic of
participants engaging with Character.ai’s Psychologist.ai
chatbot. This study was, however, a qualitative study comprising
a small sample size of 13 participants. The Dutch study
performed by MIND had also revealed that nearly 78% of
participants were women. The female demographic of both
those and our participants might, however, reflect a recruitment
bias rather than a true difference in users, considering
participation in mental health–related studies might appeal more
to women than to men. In contrast to our findings, Stade et al
[6] found that users of LLMs for mental health were more likely
to be younger, black and male. This study also revealed that
users were more likely to report mental health diagnoses such
as major depression or anxiety disorders. Although we did not
assess or survey specific diagnoses, this latter result seems in
line with our finding that a lot of participants were already either
in mental health treatment or had received treatment.

With most student respondents rarely using AI chatbots for
mental health conversations and one fifth having monthly
interactions, AI chatbot use for mental health support appeared
to occur relatively infrequently in this group. This notion seems
to be supported by our findings that most conversations were
rather short, lasting 15 minutes at most. Conversely, in the
general sample, AI-powered mental health support seems more
established, with the majority of participants having weekly or
monthly interactions and a larger proportion of participants
having longer conversations for up to 30 minutes. To date,
multiple studies have found different frequencies of AI chatbot
use for mental health. Zaia et al [33] found that most users
engaged with Character.AI’s psychologist chatbot on a weekly
basis for sessions varying in duration from less than 15 minutes
to more than an hour. In addition, other studies also showed
that daily and weekly conversation with AI chatbots for mental
health is quite common among users [13,30]. Stade et al [6]
found a monthly frequency of AI chatbot interactions for mental
health. Interestingly, in both samples, most participants only
started using AI chatbots for mental health support 6 months to
one year prior to this study, while, for example, ChatGPT has
been publicly available since November 2022.

In agreement with prior work [6,43], the vast majority of both
samples used free AI chatbots, primarily ChatGPT. In the
student sample Snapchat’s My AI was also quite common, and
in the general sample Gemini was the second-most-mentioned

AI chatbot. Since the majority of Snapchat users are teens and
adolescents [45], it is not surprising that their AI chatbot was
often reported in the student sample but not in the general
population sample. In another study using interviews with a
smaller sample, Siddals et al [30] found that Pi (Inflection) was
most used, followed by ChatGPT. While most research has
focused on assessing the safety and efficacy of (now
AI-powered) mental health chatbots such as Woebot [46], Tess
[47], or Wysa [48], these chatbots were not named by the
participants in our study, nor in the Dutch MIND study [43].
One reason could be the language barrier, as these chatbots are
not available in Dutch.

AI Chatbots Use for Mental Health Support
With respect to the function of AI chatbot interactions for mental
health, similar trends were revealed across both study samples.
The multiple-choice answers showed that AI chatbots were
primarily used to talk about personal concerns or issues,
followed by social situations, intimacy and sexuality, and for
companionship or to alleviate loneliness. Free-text responses
from both groups revealed the use of AI chatbots as an empathic
sounding board for brainstorming, venting, or exchanging ideas
in a mental health context. These findings are in line with prior
research [6,8,33]. Stade et al [6] found that most participants
used LLMs because of the need for social and emotional support,
but also to learn therapy skills and tools and to supplement
existing therapy. Our findings add that this emotional and social
support can cover both personal issues as well as interpersonal
situations, intimacy and sexuality, or battling loneliness. Another
study, exploring the perceived benefits, limitations, and use
patterns of using Character.AI’s psychologist chatbot revealed
that participants disclosed interpersonal challenges, anxious
thoughts, and emotional distress [33]. Deeper exploration of
the function of chatbot use revealed that the chatbot interactions
were mainly used for emotion regulation, to ease acute
emotional discomfort, and for deeper reflection, allowing more
profound introspection, exploring behaviors, inner experiences,
and relationships [33]. Consistent with Stade et al [6], our
participants also indicated using AI chatbots for skills and
techniques (eg, emotional self-regulation) and assessment and
diagnosis (eg, understanding medical information).

Alongside all the aforementioned use, which can be considered
“everyday mental health use,” there were, however, also
examples of AI chatbots being used to either search mental
health information or to aid interpretation of mental health
information, which could be classified as use as a medical
information tool. This is in line with findings from Luo et al [8]
who also found that ChatGPT was not only used for
self-reflection, finding a companion, or to improve mental health
literacy, but also to actively manage mental health issues. This
is a worrying trend considering general-purpose AI chatbots
are not trained or certified to correctly and safely provide
medical advice, potentially leading to misinformation and AI
hallucinations [49].

Reasons for Using AI Chatbots for Mental Health
Support
The reasons for using AI chatbots for mental health seemed to
parallel known barriers to mental health services, such as limited
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access, cost, and stigma, which is in line with previous research
[6,33]. In both samples, most participants ranked constant
availability and accessibility as the top reasons. The student
sample also valued their anonymity, and the general sample
reported feeling well-supported as an important reason for using
them. Similar to prior work, people considered AI chatbots,
mainly ChatGPT, to be helpful for their mental health [6,30,33].
Negative experiences were uncommon. Siddals et al [30]
explored individuals’ experiences with generative AI chatbots
for mental health by interviewing them. These interviews
revealed that participants experienced high engagement and
positive impacts, such as improved relationships and healing
from trauma and loss. Notwithstanding their positive attitude,
most students in our sample would not recommend AI chatbots
for mental health. Considering their education, we hypothesize
that applied psychology students value professional support
over AI-based support. In contrast, the general population
seemed more prone to recommending AI chatbot use for mental
health. It is important to note, however, that perceived
helpfulness does not mean that these general-purpose AI
chatbots are actually effective in improving mental health
conditions.

Prior research has consistently highlighted convenience, constant
availability, and affordability as reasons for using AI chatbots
for mental health [6,33]. It is therefore not surprising that
generative AI models, such as general-purpose chatbot
ChatGPT, are preferred by the public. This should, however,
be a source of concern, as it remains unclear whether these
general-purpose AI chatbots are safe and effective to use for
mental health. Despite their benefits, LLMs can produce
“hallucinations,” generating plausible but factually incorrect
information caused by gaps in training data or flawed
probabilistic reasoning. In addition, ethical concerns remain
regarding the use of AI in mental health care, including issues
of data privacy, algorithmic biases, and the risk of excessive
reliance on technology without human oversight. Their lack of
reliability, tendency to present inaccuracies with confidence,
and potential for biases raise concerns, particularly in sensitive
domains such as mental health [50,51]. Moreover, throughout
the past years, popular media have reported multiple cases where
prolonged AI chatbot interactions have had detrimental effects
on people’s health, such as psychotic episodes [52] and even
suicide [53]. Although these examples are rare, research has
revealed that LLM-delivered therapy does not adhere to the
same standards as conventional psychotherapy. Therapist
empathy and genuineness are crucial contributors to the
therapeutic relationship and resulting outcomes, and cannot be
attributed to LLMs (even though responses may appear to show
empathy) [54]. Despite their ability to generate coherent
responses, LLMs may struggle with comprehending and
addressing the complexities of mental health conditions
compared to conventional approaches. For example, Moore et
al [55] demonstrated that LLMs express stigma toward mental
health conditions and respond inappropriately to common and
realistic therapy situations. Similarly, another study, comparing
responses to mental health scenarios by AI chatbots and
therapists, revealed that general-purpose AI chatbots showed
both elements of good therapy, such as validation and
reassurance, but also overuse of directive advice without

adequate prior inquiry and excessive use of overly generic
interventions. The authors concluded that the latter made them
unsuitable as therapy replacement, particularly in crisis
situations [56]. Moreover, findings from 22 interviews with
athletes showed that although the athletes reported improved
mental health, reduced competition-related anxiety, and
personalized coping strategies, they also experienced a lack of
depth and repetitive responses, as well as insufficient cultural
sensitivity [32]. Notwithstanding the constant evolution and
improvements of the LLMs powering AI chatbots, research will
first have to demonstrate the efficacy and safety of these
chatbots when used for mental health.

Working Alliance and Engagement
Although the concept of therapeutic or working alliance is
considered a strong factor contributing to the success of
in-person psychotherapy and guided mobile health interventions
(ie, with human support) [25], evidence on (digital) working
alliance with unguided digital mental health interventions (ie,
without human support), such as AI chatbots, is limited. Two
studies have shown that digital working alliance may promote
engagement in unguided use of a smartphone-based meditation
app, operationalized as frequency of use (ie, regular: daily or
weekly; nonregular: monthly, several times per year, or never)
[35] or automized app use (ie, days with in-app activity
completion) [57]. To the best of our knowledge, our study
revealed, for the first time, an association between digital
working alliance and AI chatbot engagement, operationalized
in the form of frequency (but not duration). We found that
respondents in the general sample who reported a higher
working alliance also used the AI chatbot more frequently.
However, that no causation is inferred. This association was
not found for the duration of talking sessions with an AI chatbot.
Xu et al [58] explored the concept of the digital therapeutic (or
working) alliance with mental health chatbots via a 4-week
diary study of individuals interacting with Wysa and Woebot.
Results revealed that the participants were able to form a
connection, called a bond or light bond. The researchers also
identified 6 themes involved in the formation of these bonds
(or lack thereof), reflecting both individual conversational
preferences (ie, leading or being led in a conversation) and
perceived effectiveness of the chatbot’s output [58]. More
research into the concept of digital working alliance and its
relation to digital mental health engagement is, however, needed.

Implications for Practice
The findings from the present study show that general-purpose
AI chatbots, specifically ChatGPT, are being used for obtaining
social and emotional support, oftentimes by individuals already
familiar with professional mental health support. It is, therefore,
important for (aspiring) practitioners to educate themselves on
which AI chatbots are available and how they function so that
they can support, guide, advise, or protect their clients, if needed.
Considering the finding that individuals often do not inform
their therapist or counsellor about AI chatbot use, we also advise
practitioners to actively ask their clients about AI chatbot use
to better understand their (unmet) needs and functioning.

Aside from the practitioners, it is important to educate the
general public about safe AI chatbot use on the one hand but
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also to inform them about the availability of evidence-based
digital mental health tools on the other hand.

This fast-changing field also provides a lot of opportunities for
researchers. The knowledge base is rapidly growing, yet
comparisons between findings are difficult, as validated
instruments or methods to assess LLMs and their effects on
users are missing. In addition, it will be important to assess
potential long-term effects of using LLMs for mental health
support as well as the addition of AI in existing treatment plans.

Developers of AI chatbots should also be aware that individuals
are already using such systems for mental health support and
should put the necessary guardrails in place to guide users to
more appropriate services when needed. Moreover, several
frameworks already exist to aid developers to assess existing
AI tools or support the creation of new AI tools for mental health
support, for example, READI [59], CAPE [60], or a broader
quality assessment framework for digital tools [61].

Policymakers are also encouraged to rethink health care
organization. Current drawbacks of formal health care services
include limited accessibility and high costs, which appears to
push people toward using available AI systems as self-help
tools. This is concerning since these most commonly available
tools were not built with the purpose of handling and securing
such potentially sensitive content. Rethinking how people access
informal and formal mental health support and making sure
systems and services align with public needs will be important
work for inclusive and future-proof mental health systems [16].

Limitations
Across both study samples, the adopted sampling strategy and
study design might have led to different types of bias. Because
participants were recruited using convenience sampling, the
sample may not be representative of the target population,
introducing selection bias and limiting the generalizability of
the findings. Convenience sampling of individuals already
starting to use AI chatbots for mental health support might have
led to participation of individuals with strong opinions on the
matter, potentially biasing the findings. As the data were
self-reported and no fixed recall period was appointed, recall
bias cannot be excluded.

The majority of student participants indicated that they seldom
engaged in mental health-focused conversations with AI
chatbots, which may have resulted in their comparatively
superficial responses outweighing those of participants who
regularly use AI for such interactions. In addition, convenience
sampling in the general population may have introduced some

bias in our sample, considering our recruitment strategy might
have been more prone to attract female participants (eg, via
magazines).

No information on ethnicity or socioeconomic status was
collected, limiting deeper insights into the respondents. In
addition, the lack of in-depth questions on potential negative
experiences limits further insight into the specific potential
dangers, such as misinformation. Moreover, no clinical outcome
measures were collected, which warrants caution in interpreting
the respondents’ reported helpfulness of AI chatbots. Despite
the acceptable reliability of the translated D-WAI, findings
should be used with caution as no formal psychometric
validation was undertaken for this translated version. In addition,
participants were not instructed to have a particular AI chatbot
in mind. Therefore, it is unclear to which AI chatbot the working
alliance refers to if they have been using multiple chatbots for
support. Following studies should specify this clearly when
assessing working alliance. Future studies would benefit from
larger and more diverse samples to make between-group
comparisons possible and to improve generalizability. Finally,
there is no universal definition in use for mental health support
in the context of AI mental health research [44]. This makes
comparing findings between studies difficult.

Future work can build on the current study and would benefit
from additional studies in large, representative samples adopting
longitudinal designs with clinical outcome measures to assess
the potential effects of continued use of AI chatbots, either
general-purpose or regulated for mental health support. Finally,
further assessment of digital working alliance with
general-purpose and regulated mental health AI chatbots is
needed to better understand and envisage how AI chatbots could
be used (or not) for mental health support.

Conclusion
This study confirms that general-purpose AI chatbots that are
not designed or regulated for mental health support, specifically
ChatGPT, are being used for obtaining social and emotional
support, oftentimes by individuals already familiar with
professional mental health support. Respondents generally
perceived the conversations as helpful, although no clinical
outcomes were assessed, and there were few reported negative
experiences. AI chatbots were mostly appealing because of their
availability and accessibility. Finally, the preliminary association
between digital working alliance and engagement factors such
as frequency and duration highlighted that relational factors
might play a role in sustained AI chatbot use but warrant further
investigation.
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