
Original Paper

Practitioner Perspectives on the Uses of Generative AI
Chatbots in Mental Health Care: Mixed Methods Study

Jessie Goldie1, LLB, BA, GDipPsych; Simon Dennis1, PhD; Lyndsey Hipgrave1, BSocSci, BSW(Hons); Amanda
Coleman1,2, BS, GradDipProPsych
1Melbourne School of Psychological Sciences, Medicine, Dentistry and Health Sciences, University of Melbourne, Melbourne, Australia
2Monash School of Psychological Sciences, Faculty of Medicine, Nursing and Health Sciences, Monash University, Melbourne, Australia

Corresponding Author:
Simon Dennis, PhD
Melbourne School of Psychological Sciences
Medicine, Dentistry and Health Sciences, University of Melbourne
Grattan Street, Parkville
Melbourne 3010
Australia
Phone: 61 467607835
Email: simon.dennis@unimelb.edu.au

Abstract
Background: Generative artificial intelligence (AI) chatbots have the potential to improve mental health care for practitioners
and clients. Evidence demonstrates that AI chatbots can assist with tasks such as documentation, research, counseling, and
therapeutic exercises. However, research examining practitioners’ perspectives is limited.
Objective: This mixed-methods study investigates: (1) practitioners’ perspectives on different uses of generative AI chatbots;
(2) their likelihood of recommending chatbots to clients; and (3) whether recommendation likelihood increases after viewing a
demonstration.
Methods: Participants were 23 mental health practitioners, including 17 females and 6 males, with a mean age of 39.39 (SD
16.20) years. In 45-minute interviews, participants selected their 3 most helpful uses of chatbots from 11 options and rated
their likelihood of recommending chatbots to clients on a Likert scale before and after an 11-minute chatbot demonstration.
Results: Binomial tests found that Generating case notes was selected at greater-than-chance levels ( 15/23, 65%; P=.001),
while Support with session planning (P=.86) and Identifying and suggesting literature (P=.10) were not. Although 55%
(12/23) were likely to recommend chatbots to clients, a binomial test found no significant difference from the 50% threshold
(P=.74). A paired samples t test found that recommendation likelihood increased significantly (19/23, 83%; P=.002) from
predemonstration to postdemonstration.
Conclusions: Findings suggest practitioners favor administrative uses of generative AI and are more likely to recommend
chatbots to clients after exposure. This study highlights a need for practitioner education and guidelines to support safe and
effective AI integration in mental health care.
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Introduction
Overview
Globally, the prevalence of mental illness is rising and health
care systems are under increasing pressure [1]. In Australia,
individuals face barriers to mental health care, including
financial costs and extended wait times for appointments,
while practitioners are struggling to meet demand [2,3]. In

this context, artificial intelligence (AI) is a potential game
changer, offering 24/7 support for individuals, thus alleviat-
ing pressure on mental health practitioners [4,5]. Current
models engage users in therapeutic conversations, with many
using “rule-based” scripted responses and predefined dialog
structures [6]. This technology differs from generative AI
chatbots, such as ChatGPT (OpenAI), which generate original
content and provide lifelike interactions that closely imitate
humans.
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Generative AI can offer more empathetic emotional
support in comparison to rule-based chatbots [4,7-9], making
it more effective in counseling conversations and more
acceptable to clients. A recent qualitative study exploring the
efficacy of ChatGPT in supporting 24 individuals with mental
health conditions found that more than 50% of participants
found ChatGPT to be empathetic and 80% said the tool
helped to manage symptoms [10]. However, participants
also raised concerns regarding data privacy and the risk
of personal data theft, uncertainty in the reliability of the
information shared and the quality of training data, and a lack
of understanding of cultural determinants of mental health.

Generative AI chatbots may also provide improved access
to mental health information and psychoeducation. Preprint
and peer-reviewed studies assessing the quality of psycho-
educational information generated by ChatGPT on depres-
sion, anxiety, psychosis, and substance abuse found that it
was accurate, clear, clinically useful, relevant, and empa-
thetic [11-13]. Furthermore, studies have found generative AI
chatbots to be effective in supporting adherence to psycho-
logical treatments [14] and delivering positive psychology
interventions [15,16]. These studies indicate that generative
AI chatbots may improve individuals’ access to information
and basic therapeutic exercises, allowing clinicians to focus
on more complex tasks, such as diagnosis and treatment.

Studies have identified a variety of uses of AI for
practitioners, including research, documentation, adminis-
tering psychological assessments, clinic management, and
triaging [5,17-19]. Generative AI could enhance these
functions by offering faster processing speeds, more
comprehensive client histories, and higher empathy [20,21].
However, like rule-based AI models, studies have found
generative AI chatbots are prone to mistakes, with one study
finding that ChatGPT included incorrect information in 36%
of client documents in a medical setting [21]. Another study
evaluated ChatGPT’s performance in conducting mental
health assessments and found that, while responses for simple
cases were acceptable, recommendations for more complex
cases were inappropriate and potentially harmful [22]. These
findings highlight the risks associated with AI, including
hallucinations and misinterpretations.

Generative AI may also be capable of more sophisticated
functions, such as recommending diagnoses and treatment
options. Bartal et al [23] found that ChatGPT was able
to accurately identify posttraumatic stress disorder (PTSD)
following childbirth by analyzing individuals’ birth stories,
achieving high sensitivity (85%) and specificity (75%),
aligning with commonly accepted benchmarks of reliabil-
ity [24,25]. Similarly, another case study demonstrated that
ChatGPT can identify treatment-resistant schizophrenia and
suggest appropriate treatment options [26]. Despite these
innovative applications, some argue that there is a need for
significant improvement before AI is adopted in mental health
care [27].

Clinicians appear cautious about the use of AI and feel
more education and training are required [28,29]. In a
systematic review of AI in mental health care, Rogan et al

[28] found that most studies highlighted a need for clinician
training, emphasizing that “AI will only be useful if clinicians
understand and feel comfortable using it”. Similarly, in a
survey of 138 American psychiatrists, Blease et al [29] found
that 90% of participants agreed that clinicians need more
support to understand generative AI. Qualitative responses
were mixed, with some participants expressing uncertainty
and concerns relating to potential harm and others overesti-
mating the readiness of generative AI to deliver clinical tasks.

While practitioners have expressed a need for more
training and support, many may already be using AI tools
for internal purposes. Blease et al [29] found that more than
half of psychiatrists surveyed had used generative AI chatbots
to answer clinical questions. A survey of 86 Australian mental
health professionals found that 43% had used AI and that
ChatGPT was the most commonly used tool [19]. Likewise,
a systematic review preprint on the use of generative AI in
health care found that the technology is “heavily applied” for
documentation, research, and administration among medical
practitioners [30].

Research examining practitioners’ use of generative AI
chatbots with clients is more limited. One study found strong
support among clinicians to use chatbots with clients, with
80% of participants reporting they would be either very
likely (24%) or somewhat likely (56%) to recommend AI
mental health chatbots to clients within the next 5 years
[31]. Participants may have been more supportive as they
were asked to consider their future likelihood and, therefore,
the potential for evolution of both the technology and their
understanding.
Objective
This study aims to explore which functions of generative AI
chatbots mental health practitioners think are most useful,
and to what extent they would recommend them to clients.
In addition, this study will investigate the impact of expo-
sure to a generative AI chatbot on participants’ likelihood of
recommending chatbots to clients.

This study uses both quantitative and qualitative data to
address 3 research questions (RQ) aligned with corresponding
hypotheses. These RQs address key gaps in the literature,
including limited insight into which functions practitioners
prefer, a lack of empirical data on their willingness to
recommend generative AI chatbots to clients, and minimal
understanding of how exposure to the technology might
influence those attitudes.

RQ1 explores practitioners’ views on the most useful
functions of generative AI chatbots in mental health care. It
is hypothesized that functions such as generating case notes
(hypothesis 1), supporting session planning (hypothesis 2),
and identifying literature (hypothesis 3) will be prioritized.
Previous research suggests clinicians favor using AI for
internal tasks like documentation and research [29,30].

RQ2 examines the likelihood of mental health practition-
ers recommending a generative AI chatbot to clients. It is
hypothesized (hypothesis 4) that fewer than 50% will do
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so, as practitioners typically have low technology literacy
[28,29,32].

RQ3 investigates whether practitioners are more likely
to recommend an AI chatbot after a demonstration, with
the prediction (hypothesis 5) that exposure to a demo
will significantly increase their likelihood to recommend it.
Research indicates that familiarity with health care technolo-
gies improves clinician adoption [33].

Method
Participants
Participants were recruited using a purposive, convenience
sampling method. Digital flyers were distributed on forums

including the Australian Psychological Society (APS),
Australian Association of Psychologists Inc (AAPi), through
Melbourne University channels, and with friends and family.
Individuals who were not working in a client-facing, mental
health role were excluded from the study.

In total, 23 individuals participated in the study, and
all were working in Australia. Sample demographics are
presented in Table 1.

Table 1. Sample demographic information (N=23).
Demographic variables Participants (N=23)
Gender, n (%)   
  Men 6 (26)
  Women 17 (74)
Age (years), mean (SD) 39.39 (16.20)
Clinical role, n (%)   
  Psychologist (including provisional) 10 (30)
  Counselor or psychotherapist 6 (26)
  Mental health social worker 4 (17)
  Psychiatrist 2 (9)
  Mental health support worker 1 (4)
Ethnicity, n (%)   
  Caucasian or European 15 (65)
  Asian 5 (22)
  Mixed ethnicity 3 (13)
Area of work, n (%)   
  Private sector 8 (35)
  Public sector 9 (39)
  Mixed 6 (26)
Years of work experience, mean (SD) 10.78 (14.31)

Procedure
The study team devised interview questions (Multimedia
Appendix 1) to explore practitioners’ perspectives on
generative AI chatbots in mental health care. The inter-
views were of 45 minutes and conducted over Zoom (Zoom
Video Communications, Inc.) between May and August 2024.
Open-ended, Likert-scale, and ranking questions were used to
collect both qualitative and quantitative data. Interviews were
recorded and transcribed using AI software, Notta (Notta Inc),
to support qualitative analysis.
Uses of Generative AI Chatbots in Mental
Health Care
Participants were asked to select their top 3 “most useful”
functions of generative AI chatbots from a list of 11 options
and explain their reasoning. The uses were:

1. Generating case notes
2. Support with session planning
3. Client triaging
4. Client onboarding processes
5. Administering psychological assessments
6. Supporting therapist-directed exercises
7. Supporting self-directed exercises
8. Symptom tracking and monitoring
9. Identifying and suggesting literature relevant to a

client’s profile
10. Psychoeducation and socialization to therapeutic

models
11. Counseling

An option to select “Other” was offered and subsequently
removed from the analysis as it was not selected by any
participants.
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Likelihood of Recommending a Chatbot
to a Client
Participants were asked, “How likely are you to recommend a
chatbot to a client?” on a Likert scale of 1 (Highly unlikely)
to 4 (Highly likely). This question was asked both before (T1)
and after (T2) viewing a demonstration of a generative AI
chatbot.

The demonstration was an 11-minute screen recording of
a generative AI chatbot that had been built using GPT-4o
(OpenAI) for the purposes of this research. During the
demonstration, a fictional client (“Saman”) interacted with
the chatbot to illustrate a range of use cases, from triag-
ing, psychological assessment, clinic onboarding, counsel-
ing, and completing a gratitude exercise. The demonstration
also showed Saman’s fictional therapist using the chatbot to
generate case notes, identify literature relevant to Saman’s
profile, and plan future sessions (Multimedia Appendix 2).

Although the demonstration featured a chatbot built
using GPT-4o, participants were asked to rate and reflect
on generative AI chatbots for mental health support more
generally, rather than the specific tool presented. Only the
text-based conversational capacity of GPT-4o was used,
with safety filters (mechanisms that monitor and restrict the
model’s output to reduce risk of harm), and real-time context
(allowing the chatbot to access external data and information)
active by default. These features were not explicitly evalu-
ated but were considered reflective of current generative AI
chatbot capabilities.
Data Analysis

Quantitative
RQ1: Uses of Generative AI Chatbots
Data were analyzed to determine the proportion of partici-
pants who selected each use and plot the SE. To test statistical
hypotheses (hypothesis 1, hypothesis 2, and hypothesis 3), 3
binomial tests were conducted to assess whether specific uses
were selected at greater than chance levels.

RQ2: Likelihood of Recommending a Chatbot
to a Client
A binomial test was conducted to test hypothesis 4 and
analyze whether less than 50% of participants would be

likely to recommend a chatbot. A Bayesian binomial test was
conducted to evaluate the strength of the evidence in favor of
the alternative hypothesis.

RQ3: Increase in Likelihood of Recommending
a Chatbot After a Demonstration
To test hypothesis 5, a paired-samples t test was conducted
to measure whether there was a significant difference in the
mean likelihood of recommending a chatbot before (T1) and
after (T2) the demonstration. A Bayesian paired samples t
test assessed the strength of the evidence in favor of the
alternative hypothesis (a significant increase in recommenda-
tion likelihood from T1 to T2).

Qualitative
A thematic analysis was conducted following Braun and
Clarke’s [34] 6-phase framework. Analysis began with
familiarization, where transcripts were reviewed to identify
initial ideas. Themes were then generated based on recur-
ring concepts, iterated, and refined to ensure they captured
core insights. Finally, qualitative themes were considered
alongside the quantitative results to identify key research
findings. Where participants are quoted, a reference is
provided with their participant identification number (#),
gender (men or women), and age.

Ethical Considerations
All participants provided informed consent and no
compensation was offered. Participants were informed in
advance that participation was voluntary, and they could
withdraw at any time without consequence. Data were
stored securely, and participant confidentiality was secured
by anonymizing all data. Ethics approval was obtained
from the University of Melbourne Human Research Ethics
Committee (#28479).

Results
Overview of Qualitative Themes
Thematic analysis produced 9 qualitative themes (QTs), each
aligned to a particular RQ, as shown in Figure 1. These
themes are reported in further detail throughout the following
section.
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Figure 1. Summary of qualitative themes.

RQ1: Uses of Generative AI Chatbots
Proportions of participants who selected each use in their top
3 are presented in Figure 2.

A binomial test was conducted to assess whether Gener-
ating case notes was selected in participants’ top 3 choices
at greater than chance levels. The chance probability was
calculated at 0.25, based on the probability of a participant
selecting an option, acknowledging that they had 3 choices

and could not select the same option twice (P(selected)=1 -
[1- 1/11] x [1 - 1/10] x [1- 1/9]). The results were significant,
P=.001, indicating that Generating case notes was selected
at greater than chance levels. A binomial test indicated that
Support with session planning was not selected in partici-
pants’ top 3 choices at greater than chance levels (0.25;
P=.86). A binomial test indicated that Identifying literature
and Suggesting literature was not selected in participants’ top
3 choices at greater than chance levels (0.25; P=.10).
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Figure 2. Proportion of participants selecting each use of generative AI chatbots. Error bars represent the SE of the proportion of participants
selecting each use.

QT1: Potential for Administrative Efficiencies
Qualitative analysis indicated that participants value the
potential of generative AI chatbots to reduce time spent
writing case notes. One participant explained:

Writing clinical notes, that takes up probably more time
in therapists’ days than they would like... having a
process to be able to. dump your very verbatim notes
from a session and have it spit out a very succinct
summary of the mental state formulation. That would be
awesome [#20, F, 29].

Another participant emphasized that using a chatbot to
document case notes would enable them to spend more time
with clients,

Generating case notes strikes me as just a time-con-
suming and aversive activity… you save yourself time
to spend more time with clients and less time on
admin [#4, M, 42].

QT2: Chatbots Useful as a Thought Partner
Qualitative responses indicated that participants saw the
potential of generative AI chatbots to assist with session
planning by providing new ideas, though it wasn’t seen as
a necessity. One participant stated,

For help with session planning I feel like well it’s good
with just reflecting on ideas and you know talk about
things that you maybe haven’t thought about [#2, F,
27].

Another explained,

I mean, you could do it without it, but it’s always
helpful to just to maybe get another perspective or
consider something else [#17, F, 35].

QT3: Importance of Human Oversight
While qualitative responses indicated that participants hoped
generative AI chatbots might enhance their research, many
stressed the importance of maintaining human oversight. One
participant explained:

[Identifying literature] is something that we do digitally
anyway and if we’re able to customize a search to
a client specific profile, that might make the search
better. And then obviously, the clinician can still have
the final say on that, but it would be helpful [#9, F, 24].

Several participants raised concerns around accuracy, with
one participant remarking that,

It would be great to have a reliable source that can
give us the latest research in what is best practice CBT
[Cognitive Behavioral Therapy] for OCD [Obsessive
Compulsive Disorder]... [ChatGPT] just never seems
quite accurate [#11, F, 25].

Another explained,

I know that there’s been a lot of speculation around
finding accurate references… I would always, you
know, [use ChatGPT] in addition to my own search as
well, just to be sure [#2, F, 27].
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RQ2: Likelihood of Recommending a
Chatbot to a Client
The distribution of participants’ likelihood of recommending
a chatbot to a client at T2 is presented in Figure 3. Data from

T2 (postdemonstration) was used for the analysis, as it best
reflected participants’ informed perspectives of generative
AI chatbots. One participant responded, “I don’t know,” and
their data were excluded from the quantitative analysis.

Figure 3. Distribution of participants’ likelihood of recommending a generative AI chatbot (n = 22). Error bars represent the SE of the percentage of
participants selecting each rating.

A binomial test was conducted to determine whether
participants would be likely to recommend a generative AI
chatbot to a client (defined as a response of 3 or 4 on the
4-point Likert scale). The proportion of participants likely to
recommend was 55% (12/22), which was not significantly
different from the 50% threshold (P=.74; odds ratio 1.20
[95% CI 0.47-3.17]). A Bayesian binomial test provided
moderate evidence for the null hypothesis that more than
50% of participants would be likely to recommend a chatbot
(BF01=5.24).

QT4: Lack of Familiarity With Generative AI
Chatbots
Most participants were not familiar with generative AI
chatbots in mental health care. One participant noted,

I don’t feel like I understand the market well enough
yet to recommend it to clients. I would need more
experience and a chance to evaluate different models
before trusting them for client use [#4, M, 42].

Others explained that they simply “don’t know enough
about it”. During introductory questions, only one participant
reported having experience using an AI chatbot for mental
health support for themselves or with a client.

QT5: Ethical Concerns
Ethical concerns were frequently cited. One participant
explained,

I don’t think that it would be prudent or appropriate to
recommend [chatbots] to clients just the same way that
we wouldn’t recommend unapproved treatments that we
can’t be fully confident in to clients because then we
basically have liability [#9, F, 24].

Another commented,

Privacy would be my main concern. How do we
manage to keep client information confidential if we’re
using it for note purposes? [#20, F, 29].

QT6: Conditional Use With Clients
For many participants, their likelihood of recommending a
chatbot was dependent on the type of client. One participant
stated,

I do see a use for it as an emergency point of con-
tact, but for anything beyond that, especially involving
complex risk, I wouldn’t feel comfortable recommend-
ing it [#9, F, 24].

Another explained that their etiological formulation would
inform whether a chatbot would be appropriate:
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A lot of people’s addictions and mood disorders are
born out of childhood trauma, and I think there is
also a certain percentage of those who are enduring
attachment wounds. And that’s where AI is not going to
be able to help [#12, F, 66].

Others suggested their likelihood of recommending would
be based on age, with one participant explaining,

It depends on the demographic. Maybe if it was a
young person, I would. But in my practice, I don’t
actually come across many young people. So person-
ally, probably no, because most of my demographics
are older [#6, F, 54].

RQ3: Change in Likelihood of
Recommending a Chatbot to a Client
After the Demonstration
A one-tailed paired samples t test was conducted to assess
whether there was a statistically significant increase in the
likelihood of recommending a chatbot from T1 (mean 2.09
[SD 1.07]) to T2 (mean 2.64 [SD 0.79]). Results were
significant, t21=3.20; P=.002, with a mean difference of 0.55.
The effect size (d=0.68) was medium-to-large [35], suggest-
ing a meaningful increase in recommendation likelihood.

A Bayesian paired samples t test provided strong evidence
in favor of the alternative hypothesis (r=0.707; BF10=20.08),
indicating that participants were more likely to recommend a
chatbot after the demonstration (T2) compared to before (T1).

QT7: Increased Understanding
Postdemonstration
Qualitative analysis suggested that the demonstration
improved participants’ understanding of how generative AI
chatbots can be used in mental health care. One participant
stated,

I have a better sense of the additional value that AI can
provide particularly around screening and triage [#4,
M, 42].

Another stated that, “It gave me new ideas on onboarding
and case notes” (#1, F, 25). Some participants were satisfied
with how the chatbot performed client-facing tasks such as
counseling, with one participant stating,

I was quite happy with how [the chatbot] dealt with
everything in terms of like when it realized that the
issues were quite severe and that it didn’t jump to try to
diagnose [#2, F, 27].

QT8: Optimism for Future of Generative AI
Chatbots
After the demonstration, several participants expressed
optimism about the potential of generative AI. One partici-
pant remarked,

I imagine as the technology gets better and we’re able
to further program them to work in a really safe and
diligent way around this sort of stuff, it probably will
work quite smoothly and reliably [#7, F, 27].

One participant likened the introduction of AI chatbots to
the evolution of telephone counseling, while another stated:

I know a lot of people firmly believe that AI will never
be able to deliver that human touch. And I just think
that I just think they’re delusional, frankly, I think, I
think they need to… realize what’s coming [#4, M, 42]

QT9: Heightened Client Safety Concerns
Postdemonstration
Of the 10 participants who reported an increased likelihood of
recommending a chatbot, 4 indicated that the demonstration
had heightened their concerns regarding client safety. One
participant stated,

I was spooked by how the AI responded when the
person expressed suicidality… it slightly ups my sense
of the risk based on current technology [#5, F, 41].

Another commented,

The [user] was feeling a bit flat and all he was left with
was a phone number, like rather than ‘I will put you
through to Lifeline right now’, for example, just leaving
risk like that, that’s probably not helpful [#8, F, 58].

Discussion
Principal Findings
This study found that practitioners appear to prefer adminis-
trative uses of generative AI chatbots, such as generating
case notes, and are uncertain about recommending chatbots
to clients. While exposure to a demonstration may increase
the likelihood of recommending a chatbot, concerns regarding
client safety and risk persist.

The first hypothesis (hypothesis 1) was supported.
Generating case notes was selected as the most useful
function of generative AI chatbots at greater than chance
levels. The second (hypothesis 2) and third (hypothesis
3) hypotheses were not supported. Support with session
planning and Identifying and suggesting literature were not
selected at greater than chance levels. The fourth hypothesis
(hypothesis 4), that less than 50% of participants would be
likely to recommend a chatbot to a client, was not supported.
The fifth hypothesis (hypothesis 5) was supported; partici-
pants were significantly more likely to recommend a chatbot
to a client postdemonstration, and Bayesian analysis provided
strong evidence for this increase.
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Practitioners Prefer Administrative Uses
of Generative AI Chatbots
The results indicate a preference among practitioners for
using generative AI chatbots for simple, administrative tasks.
Quantitative and qualitative data highlight that practitioners
see value in generative AI chatbots for drafting and sum-
marizing case notes. Participants expressed enthusiasm for
the potential administrative efficiencies that using a chatbot
would allow more time to focus on client-facing work. This
aligns with previous studies where practitioners reported
using generative AI tools for documentation and research
[19,29,30]. This preference is also evident in the influx of
AI-based tools for case note documentation in the market,
such as Heidi (Heidi Health), Upheal (Upheal), and Autonotes
(Autonotes AI, LLC) [36-38].

There is; however, some nuance in the types of adminis-
trative tasks practitioners are willing to use generative AI
chatbots for. While descriptive data showed that Identifying
and suggesting literature was the second most frequently
selected use, it was not selected at greater than chance levels.
Similarly, there was a lack of support for Session planning.
Participants emphasized the importance of human oversight,
indicating a lack of trust in generative AI. This aligns with
findings from Blease et al [29], where psychiatrists were
cautious of using generative AI for tasks that require clinical
expertise and raised concerns about accuracy. As such, while
practitioners may not be willing to delegate more complex
administrative tasks to generative AI chatbots, this study
suggests that there is potential for the technology to be
applied in a supporting capacity.
Practitioners Are Uncertain About
Recommending Generative AI Chatbots
to Clients
This study found no clear preference for or against recom-
mending a chatbot to clients, with uncertainty evident in
both quantitative and qualitative results. Both the frequent-
ist and Bayesian analyses reflected statistical uncertainty
regarding the true proportion of participants who were likely
to recommend a chatbot to clients. Qualitative analysis
highlighted several ethical concerns, ranging from professio-
nal liability to confidentiality and data security, and a lack
of familiarity with the technology. This aligns with previ-
ous research, which found that practitioners often harbor
ethical concerns and lack education on the appropriate use
of generative AI tools in practice [29,32].

This uncertainty contrasts with Sweeney et al [31], where
80% of practitioners were likely to recommend a chatbot
to a client. This variance may be explained by the differ-
ence in how questions were phrased. In Sweeney et al [31]
study, participants were asked whether they would recom-
mend a chatbot “in the next five years,” allowing practition-
ers to consider how the technology, and their understanding
of it, may evolve. In contrast, the present study focused
on immediate likelihood, which may have biased partici-
pants toward considering current limitations. Participants
also expressed optimism about the future of generative AI,

suggesting they may have been more supportive if asked to
consider their likelihood of recommending a chatbot in the
future.
Practitioners’ Use of Generative AI
Chatbots May Be Conditional on the
Client
A unique insight from this study was practitioners’ support
for conditional use of generative AI chatbots, depending on
factors unique to the client. Qualitative responses indicated
that participants were more inclined to recommend chatbots
for low-risk, less complex cases (ie, stress, sleep issues, and
life transitions) compared to high-risk (ie, suicidal intent) or
trauma-related cases. The existing literature on the appropri-
ate client profiles for generative AI chatbots presents mixed
views. Some propose that AI is appropriate for use with
clients with complex clinical histories, on the basis that
the technology can analyze and track data on, for example,
genetic markers and behavioral patterns [39]. Others suggest
that AI chatbots may be most appropriate in prevention and
psychoeducation in low-risk populations [40]. Ultimately, like
any mental health treatment, the success of generative AI
tools will depend not only on the technology, but also on its
fit for the client.
Exposure Increases Recommendation
Likelihood and May Heighten Client
Safety Concerns
This study found that participants’ likelihood of recommend-
ing a generative AI chatbot to a client increased signifi-
cantly after a demonstration. Qualitative insights provided
depth to the quantitative results, as participants explained
that the demonstration had increased their understanding of
how chatbots can be applied in mental health care. This
result aligns with earlier findings of a positive correlation
between health care practitioners’ knowledge of generative
AI chatbots and positive attitudes toward the technology
[41]. Similarly, previous studies have found that negative
perceptions of AI among mental health professionals may be
due to minimal exposure [29,42].

Alternatively, participants’ increased recommendation
likelihood postdemonstration may be reflective of novelty
bias, where individuals tend to exhibit increased enthusiasm
toward a new or unfamiliar technology or idea [43]. Qualita-
tive data suggests that for 22 out of 23 participants (96%), the
demonstration was the first time they had seen a generative
AI chatbot used in a mental health setting. In a similar study
by Liu et al [16], it was observed that participants respon-
ded more positively to a chatbot trained to deliver positive
psychology interventions during initial interactions.

Surprisingly, despite the quantitative increase in recom-
mendation likelihood, qualitative responses indicated that
the demonstration heightened client safety concerns for
some participants. Of the ten participants who reported
an increased recommendation likelihood, 4 described being
more concerned about the risks. This suggests that a greater
understanding of the associated risks of using generative
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AI chatbots may play a role in adoption among practition-
ers. This aligns with results from Zhang et al [42], where
participants described the importance of understanding the
risks of AI to “clinician buy-in” and adoption of the technol-
ogy in practice. While an examination of potential risks was
beyond the scope of this study, this finding underscores the
importance of providing evidence-based, objective education
to practitioners.
Limitations and Future Directions for
Research
Several limitations of this study should be addressed. First,
convenience sampling may have introduced selection bias,
as individuals who were more supportive of AI technolo-
gies may have been more likely to participate, leading to
an overrepresentation of positive attitudes. Future studies
should apply random sampling methods to reduce selection
bias, ensure representativeness, and improve external validity
[44]. In addition, participants may have been aware that
the interviewers created the chatbot demonstration, introduc-
ing demand characteristics and potential bias toward more
favorable responses. The use of independent researchers to
administer questionnaires may assist in mitigating potential
bias in future research.

A primary focus of this research was to gather in-depth
qualitative data to allow for greater exploration of practitio-
ners’ perspectives. Due to project constraints and the time
required of participants, the study sample size was small
(N=23). While this number is appropriate for qualitative
thematic research [45], it limited the statistical power and
reliability of the quantitative analyses [46]. No a priori
power calculation was conducted, as the study was primarily
exploratory and qualitatively focused. In addition, the sample
was Australian, predominantly female (17/23, 74%) and
mostly psychologists and counselors (13/23, 56%). Caution
should be exercised when generalizing these findings to
other health systems or sociocultural contexts. In the future,
researchers should recruit larger, more representative samples
in different cultural contexts, while still maintaining the
qualitative analysis that is crucial for understanding the
nuanced perspectives of practitioners.

Participants were asked to rate their likelihood of
recommending a chatbot to a client on a 4-point Likert
scale. While the absence of a neutral midpoint encouraged
participants to share their perspectives, it may have forced
practitioners to choose a position that they did not fully
support.

This study did not consider recent developments in
generative AI chatbot technology, such as voice recogni-
tion or more sophisticated emotional detection capabilities
[47]. Researchers may consider partnering with AI devel-
opers to test emerging technologies to ensure that studies
remain relevant, while also allowing for practitioner and user
feedback on tools before they are released to market.

Practical Implications
For practitioners, the findings suggest that generative AI
chatbots could be valuable in alleviating their administrative
burden. However, the study also highlights the need for
careful consideration as to how AI is applied and the need for
practitioners to improve their understanding of AI chatbots,
particularly as their clients may already be using them [22].

Educational institutions and industry associations play an
important role in ensuring practitioners have appropriate AI
skills and literacy and are prepared to deliver services in
a field where technology is playing an increasingly impor-
tant role [48]. Practical, evidence-based guidelines for the
use of AI tools should address concerns expressed in this
study regarding liability, client safety, and ethics, while also
enabling effective use of technology to support positive
mental health outcomes. Practitioners should also be informed
of emerging research so as to help validate their decision-
making and points of view.

For AI developers, insights from this study may support
iteration and refinement of generative AI chatbots for mental
health care. For example, developers should ensure practi-
tioners’ concerns regarding client safety, data security, and
accuracy are addressed in AI tools and service agreements.
This study also highlights the need for developers to engage
practitioners, as well as users, throughout the design process
to support safe and effective technology implementation.
Conclusion
Generative AI chatbots have significant potential to play an
important role in the delivery of mental health care. In the
immediate term, their greatest value may be in administra-
tive, nonclient-facing tasks, to alleviate practitioner workload
and allow greater attention to be directed to therapeutic
work. This study highlighted the complexity and nuance of
practitioners’ perspectives on generative AI chatbots. While
there is interest and optimism, there is a lack of familiar-
ity with AI tools and uncertainty regarding client-facing
uses. Furthermore, exposure to AI technology may play an
important role in supporting adoption among practitioners.

Future research should continue to explore practitioners’
views on administrative and client-facing uses with larger,
more representative samples to enhance the reliability and
generalizability of findings. It would also be beneficial
to explore hybrid models and the benefits of therapist-
AI collaboration. Such evidence could inform objective
guidelines to allow practitioners to make informed decisions
on their use of generative AI chatbots. Ultimately, this study
provides valuable contributions as to “how,” rather than
simply “whether,” generative AI chatbots may be integrated
into mental health care, guiding more thoughtful, stakeholder-
informed implementation.
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