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Abstract

Individuals are increasingly using artificial intelligence chatbots, such as ChatGPT, to
seek conversational support for their personal mental health difficulties. Heightened con-
cerns about mental health stigma may make anonymous, on-demand chatbot interactions
more appealing for some than traditional face-to-face support. This study examined if
using ChatGPT-4 for personal mental health difficulties is associated with two distinct
forms of stigma, anticipated stigma and self-stigma. Our main aim was to investigate
if the perceived effectiveness of ChatGPT use for mental health issues mediates the re-
lationship between ChatGPT usage and anticipated stigma and self-stigma. The sample
comprised 73 participants, mostly undergraduate psychology students. Participants com-
pleted online self-report measures to assess ChatGPT usage for mental health purposes,
perceived effectiveness of ChatGPT for mental health issues, and anticipated stigma and
self-stigma. Perceived effectiveness of ChatGPT was significantly and positively correlated
with ChatGPT usage, and significantly negatively correlated with reduced anticipated
stigma. Cross-sectional analyses found that perceived effectiveness significantly mediated
the relationship between ChatGPT use and anticipated stigma, but not for self-stigma.
The results indicate that ChatGPT use, when perceived as effective, is associated with a
reduction in anticipated stigma concerning mental health issues. More research is now
needed in this emerging area to inform best practice on the use of Al aids for mental health
issues.

Keywords: artificial intelligence (AI); Al chatbot; ChatGPT; anticipated stigma; self-stigma;
mental health

1. Introduction

The stigma surrounding mental health disorders and symptoms presents a significant
challenge for those who experience it (Fox et al., 2018). The disparity between the prevalence
of mental illness and the proportion of individuals receiving care (Keynejad et al., 2021) is
worsened by stigma (Dua et al., 2011). Difficulty recognizing poor mental health symptoms,
avoiding treatment, and anticipated discrimination are significant obstacles to seeking
help for mental health difficulties (Henderson et al., 2013). Stigma also exacerbates mental
health symptoms, further perpetuating negative cycles that can decrease overall personal
well-being (Boyd et al., 2014).

Two key forms of stigma are implicated in mental health. Anticipated stigma is
defined as the perception that others would judge or discriminate against you if you were
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to have mental health difficulties (Docksey et al., 2022; Quinn et al., 2015). This form
of stigma is understood as the initial point where individuals with and without mental
health difficulties start developing negative opinions about mental health (Fox et al., 2018).
Anticipated concerns over being labeled by these negative prejudiced perceptions can
increase stress, leading to negative psychological and somatic symptoms (Lannin et al,,
2015; Link & Phelan, 2006). Self-stigma is defined as feeling devalued after internalizing the
perceived negative stereotypes associated with anticipated stigma regarding mental health
difficulties (Lannin et al., 2015; Quinn & Earnshaw, 2013). Specifically, this internalization
process often triggers rumination, perpetuating critical negative self-evaluation (Dickson
et al., 2019; Jennings et al., 2015). Self-stigma is thought to diminish motivation, exacerbate
depressive cycles and ultimately reduce help-seeking behaviors (Dickson & Moberly, 2013).

The degree of stigma one feels can vary by age and gender, accounting for 22% of the
variance in stigma experiences (Fox et al., 2018). Individuals aged 40 years or over generally
hold less stigmatized views than those below 40 years of age, perhaps due to increased
contact with those diagnosed with mental health issues (Bradbury, 2020; Gonzalez et al.,
2005). Additionally, younger adults can hold increased stigmatized views due to peer
influences and cultural norms (Griffiths et al., 2014; YMCA, 2016). University students are
thought to be particularly vulnerable to anticipated and self-stigma due to the competitive
and ability-oriented university culture (Guarneri et al., 2019).

Research has shown that the anticipated stigma university students face is deeply
interconnected with academic competence (Wada et al., 2019). Due to fears of judgment
and potential loss of educational status, students often conceal mental health issues and
avoid seeking help. This self-isolation further reduces their sense of belonging and limits
opportunities for open discussion that could decrease stigma (Wada et al., 2019). Research
suggests that ease of access and stigma concerns may make Artificial Intelligence (AI)
chatbot-delivered mental health support more appealing for student users (Rackoff et al.,
2025). Other barriers to university students using more traditional forms of help compared
to Al chatbot-delivered mental health support have been financial constraints, limited time,
anticipated and self-stigma (Rackoff et al., 2025). Therefore, with the fast and emerging rise
of Al technology, our research aimed to investigate whether stigma was associated with
university students” mental health help-seeking behaviors via Al chatbots.

Alis increasingly being used for a host of reasons, including for mental health purposes
(Haque & Rubya, 2023; Li et al., 2024). Individuals open to online help-seeking are now
having conversations with automated Al chatbots about their mental health difficulties, as
a convenient and cheap alternative solution for mental health support (Abd-Alrazaq et al.,
2020; Caldarini et al., 2022). Al platforms such as OpenAl’s ChatGPT are now recognized
as a potential digital mental health service option offering conversational support to its
users (Boucher et al., 2021).

Chatbots for mental health support are particularly appealing to individuals expe-
riencing higher stigma-related barriers (Miles et al., 2021), possibly because they allow
individuals to avoid stigmatizing labels associated with traditional care (Kosyluk et al.,
2024) and foster increased self-disclosure through anonymity and reduced social judgment
(Lucas et al., 2017). Despite not specifically designed for therapy purposes, individuals are
increasingly using Al chatbots such as ChatGPT for support with their mental health (Moore
et al.,, 2025). It is therefore important to examine the relationships between general-purpose
Al chatbot usage for mental health difficulties and stigma.

A systematic review of Al chatbot use in mental health contexts noted that while
chatbots have significantly reduced depressive symptoms, the clinical significance was
limited (Abd-Alrazaq et al., 2020). However, other findings suggest that Al tools, including
ChatGPT, could assist clinical and non-clinical populations in supporting their mental
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health, stigma concerns and promoting treatment adherence (Alanezi, 2024; Gardiner et al.,
2017; Li et al., 2024). Specifically, two mental health educators and practicing psycholo-
gists reviewed ChatGPT’s responses, finding them empathetic, educational, accurate, and
relevant (Maurya et al., 2023). Contrary to this, many argue that chatbots lack essential
empathy and cannot provide comprehensive mental health support (Brown & Halpern,
2021; Miner et al., 2017). The present research, for the first time, aims to investigate potential
associations between real-world ChatGPT use and anticipated stigma and self-stigma in
relation to mental health difficulties and whether perceived effectiveness is an important
variable that, in part, may explain this relationship.

Perceived effectiveness concerns one’s perceptions or beliefs about the impact or out-
come an intervention or activity will yield and fits within the Theory of Planned Behavior
(TPB; Ajzen, 1991). The TPB posits that positive or negative evaluations of performing a
behavior are determined by beliefs about a behavior’s outcome(s), called expectancies, and
the subjectively rated value of those outcomes. As such, TPB and perceived effectiveness
can help explain phenomena such as the placebo effect. If people believe or perceive that
they are receiving an effective treatment, they are more likely to experience its effects, even if
there is no active agent (Montgomery & Kirsch, 1997). This expectancy mechanism has been
shown to be a powerful predictor of mental health outcomes. For instance, in a controlled
study, participants who knew they were receiving an active antidepressant (citalopram)
experienced significantly greater reductions in depressive symptoms compared to those
who believed they might receive a placebo, despite all receiving the same active medication
(Rutherford et al., 2017). This finding highlights the critical role of expectancy and percep-
tion in mediating mental health intervention effectiveness. If individuals believe ChatGPT
is effective in supporting their mental health, they may perceive less anticipated and self-
stigma because the interaction is anonymous, safe, and non-judgmental. Conversely, if they
view ChatGPT as ineffective, their negative expectations of judgment may persist. To help
understand the acceptance of using Al technologies, an influential model has been created,
the Artificially Intelligent Device Use Acceptance (AIDUA) model (Gursoy et al., 2019),
which builds on the earlier and more general Theory of Planned Behavior (TPB; Ajzen,
1991) model. In the context of the AIDUA model, perceived effectiveness aligns with the
secondary appraisal stage (specifically, performance expectancy), reflecting users’ cognitive
evaluations of whether Al can provide meaningful mental health support. Stigma-related
concerns map onto the core affect (emotion) stage, indicating that emotional responses such
as discomfort, anticipated judgment, or anxiety may shape behavioral intentions toward
adopting or rejecting ChatGPT for mental health use. Research testing the Artificially
Intelligent Device Use Acceptance (AIDUA) model (Gursoy et al., 2019), an extension of
the Theory of Planned Behavior (Ajzen, 1991), suggests that positive emotional attitudes,
including expectancy, predict Al chatbot use (Ma & Huo, 2023).

With the fast-emerging impact of Al in society, there are pressing calls for more
research to better understand the implications of using Al chatbots for mental health
purposes (Bewersdorff et al., 2023; Kaplan et al., 2023). Therefore, the present study sought
to examine the relationships between ChatGPT usage, perceived effectiveness of using Al
for mental health issues, and anticipated stigma and self-stigma.

The Present Study

Considering ChatGPT’s increasing use for mental health support, we first aimed to
investigate potential associations between ChatGPT use for mental health purposes and its
perceived effectiveness, anticipated and self-stigma. Our second aim was to investigate
whether perceived effectiveness mediates the relationship between ChatGPT use and
stigma. We first hypothesized there would be positive significant correlations between
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ChatGPT use and anticipated stigma and self-stigma, as people who feel stigmatized will
have an expectancy that the tool may provide non-judgmental responses and advice, with
ChatGPT usage as one avenue. It would be expected that people using ChatGPT for
mental health support believe in its utility. Therefore, we hypothesized that perceived
effectiveness of ChatGPT would indirectly mediate the relationship between ChatGPT
usage and anticipated stigma and self-stigma, respectively, consistent with the AIDUA
model predictions, as expectancy effects may help shape beliefs about stigma.

2. Method
2.1. Participants

The sample consisted of 73 participants, including 62 university students (84.9%) and
11 community participants (15.1%) aged 18-62 years, with a mean age of 29.56 years (SD
=9.89 years). The sample comprised 16 males (21.9%) and 56 females (76.7%) and one
participant who identified as non-binary/third gender. There was no significant difference
between the university sample and the community sample on the main study variables
(all ps > 0.05), indicating the suitability of combining the samples. The 73 participants
that met the criteria of reported ChatGPT use or current ChatGPT use were drawn from a
larger sample (n = 397), which included people who had never used ChatGPT for mental
health difficulties. Participants who indicated that they do not currently use and have not
previously used ChatGPT for help with their own mental health difficulties were excluded
from the study. Additionally, participants who indicated that they had never used but
would be open to using ChatGPT for help with their mental health difficulties if they had a
mental health problem were also excluded from the study. Therefore, the percentage of
participants meeting the criteria for the present study was 18.4% (ratio 73:324).

2.2. Materials
2.2.1. Demographic Questionnaire

Participants completed demographic items including age, gender and highest educa-
tional qualification.

2.2.2. ChatGPT Usage and Perceived Effectiveness

For the purpose of this research, and because of the lack of established measures in this
emerging area of research, single individual items were designed to assess ChatGPT usage
and its perceived effectiveness. The items were piloted with five students and validated
by the research team. The first item asked ‘Have you ever used, or do you currently use,
ChatGPT for help with your own mental health difficulties? Please select either Yes or No” (item 1).
Participants who met the criteria for the present study rated two further items about their
ChatGPT use, using 5-point Likert scales to assess the extent of ChatGPT usage (item 2) and
its perceived effectiveness (item 3). Participants rated, ‘To what extent have you used ChatGPT
to help with your own mental health difficulties?” The options participants could describe were
coded from 1 to 5 (1 = ‘once’, 2 = “two times or more’, 3 = ‘5 times or more’, 4 = ‘10 times or
more’, 5 = *20 times or more”). The perceived effectiveness variable was measured by asking
participants, “To what extent do you think that engaging with ChatGPT has helped with your own
mental health difficulties?’ Participants rated the items that best described them on a scale
ranging from 1 = ‘not at all’ to 5 = ‘always’. The items demonstrated face validity.

2.2.3. Mental Health Stigma

The established Stigma and Self Stigma Scales (SASS; Docksey et al., 2022) were used
to assess participants’” degree of mental health anticipated stigma and self-stigma. The
SASS is a 42-item measure designed to assess multiple aspects of stigmatic beliefs about
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mental health problems for individuals with or without a history of mental health problems
(Docksey et al., 2022; Gray et al., 2023). The SASS comprises six domains to assess stigma
to others, social distance, anticipated stigma, self-stigma, avoidant coping, (lack of) help-
seeking behaviors and a separate social desirability scale (Docksey et al., 2022). Based on
the aims of the present study, the Anticipated Stigma subscale (e.g., If I had a mental disorder,
I would worry other people would think that I am weak) and the Self-Stigma subscale (e.g., If
I had a mental disorder, I would feel ashamed) were used. The use of these two subscales is
also consistent with prior research (Aird et al., 2025; Batterham et al., 2024; Docksey et al.,
2022). Each of the two subscales comprised 6-items. Participants rated each item on a
5-point Likert scale ranging from 0 = strongly disagree to 4 = strongly agree, with total possible
subscale scores ranging from 0 to 24. Higher scores are indicative of increased anticipated
stigma and self-stigma.

Research has demonstrated acceptable 4-week test—retest reliability for the Anticipated
stigma (r = 0.72) and Self-Stigma subscales (r = 0.76; Docksey et al., 2022). Face validity was
confirmed by a team of clinical and forensic psychologists reviewing the final items (Dock-
sey et al., 2022). The Anticipated stigma and Self-Stigma subscales demonstrated strong
internal reliability in the present study (Cronbach’s « = 0.84 and o = 0.88, respectively).

2.3. Procedure

The Edith Cowan University (ECU) Human Research Ethics Subcommittee approved
the research (Reference: 2024-05264-DICKSON). Following approval, a participant informa-
tion sheet and optional information video outlining the study purpose and participation
requirements were provided at the beginning of the online survey. Participants indicated
informed consent by ticking a box before proceeding. Those who declined consent were
directed to the end of the survey. Participation was entirely voluntary.

ECU students aged 18 years and over were recruited via Engagement and Learning
in Psychology through Active Research Participation (ELPARP) scheme. Students were
awarded credit points (5%) towards their modules to acknowledge participation. Addi-
tionally, the study was advertised through social media platforms (Facebook/Instagram),
online tech forums, Al and technology conference meetups, and ECU internal student
news platforms for non-ELPARP participants and community members. All responses
were anonymous. The online Qualtrics study was open from March 2024-August 2024.
Measures were counterbalanced to control for presentation order effects and fatigue effects
(Schuman & Presser, 1996).

2.4. Data Analyses

Analyses were conducted using IBM SPSS version 29 (IBM Corp., 2023). The mediation
analyses were conducted in SPSS using PROCESS v4.2 (Hayes, 2022), using Model 4.
Bootstrapped confidence intervals were computed using 5000 samples. Standardized
coefficients are reported.

2.5. Data Screening

Prior to conducting the analyses to test our predictions, all data were initially screened
following guidelines by Tabachnick and Fidell (2007). Data were reviewed in SPSS to
ensure accuracy of entry, and no missing values were identified in the set. All variables
were normally distributed and parametric assumptions were met.

The assumptions of normality and linearity were met with all study variables and
all skewness and kurtosis values fell below the recommended thresholds for acceptable
normality, with skewness and kurtosis within the range of +2 (Schmider et al., 2010).
Multiple regression assumption checks were satisfied showing homoscedasticity amongst
study variables, with no multicollinearity and no multivariate outliers.
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2.6. Power Calculations

A priori power calculations were conducted using G*Power software (version 3.1.9.6).
Based on Cohen’s (1988) guidelines to ensure sufficient sample sizes for detecting at least
medium effect sizes with a power of 0.80 and an alpha level of p < 0.05, a minimum of 55
participants were required for the main mediation analyses (f> = 0.15). The final sample
size (n = 73) was sufficient to detect medium effects in the mediation analyses, including
three variables (the predictor, mediator and covariate). The sample size was also sufficient
to detect medium to large effects for the correlation analyses (two-tailed).

3. Results
The Relationships Between ChatGPT Use and Stigma

Means, standard deviations and Pearson’s r correlations between the main study
variables for ChatGPT use, perceived effectiveness, anticipated stigma, and self-stigma are
shown in Table 1 below.

Table 1. Descriptive Statistics and Pearson’s » Correlations Between Study Variables.

Variable 2. 3. 4. M (SD)

1. ChatGPT usage 0.57 *** 0.07 —0.01 2.04 (1.01)
2. Perceived effectiveness - —0.25*% -0.17 2.51 (0.96)
3. Anticipated stigma - 0.80 *** 20.23 (6.74)
4. Self-stigma - 19.51 (6.37)

Note. N =73, * p < 0.05, ** p < 0.001.

As can be seen in Table 1, ChatGPT usage had a significant medium to large pos-
itive correlation with perceived effectiveness, but not with anticipated stigma nor with
self-stigma. Perceived effectiveness showed a significant small to medium negative cor-
relation with anticipated stigma but not with self-stigma. As would be expected, antici-
pated stigma and self-stigma showed a significant and strong positive correlation. Age
(mean = 29.9 years, range 18-61, SD = 9.89) had a small significant negative correlation
with anticipated stigma (r = —0.24) and self-stigma (r = —0.23) but did not significantly
correlate with ChatGPT usage nor perceived effectiveness (ps > 0.05). Finally, gender had
no significant correlations with any of the main study variables.

There was no significant difference between the university sample and the community
sample on the main study variables (all ps > 0.05), indicating the suitability of combining
the samples. Next, we tested the two hypothesized mediation predictions.

Does Perceived Effectiveness Mediate the Relationship Between ChatGPT Use and Antici-
pated stigma?

Results of the mediation analysis are shown below in Figure 1.

As seen, perceived effectiveness indirectly and significantly mediated the relationship
between ChatGPT usage and anticipated stigma. The indirect effect was medium sized and
significant, with ab = —0.24, BCa 95% ClIs —0.41 to —0.09. Partial mediation occurred as the
direct ¢’ path was also a medium effect size and significant (0.31). Age was included in the
model as a covariate as prior correlational analyses found it to be significantly correlated
with anticipated stigma. In our model, age was not associated with perceived effectiveness
(0.02, p = 0.833) but was significantly associated with anticipated stigma (—0.23, p = 0.036).
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a=0.57***

Indirect effect
(ab =-0.24)

Perceived Effectiveness

ChatGPT Use

c=031*%

Anticipated stigma

v

a=0.57***

(c=0.06)

Figure 1. Mediation Model Showing the Relationship Between ChatGPT Use and Anticipated stigma
via Perceived Effectiveness. Note. N = 73. Numerical values are standardized coefficients. * p < 0.05.
*p < 0.01. **p < 0.001.

Does Perceived Effectiveness Mediate the Relationship Between ChatGPT Use and Self-Stigma?

Next, we investigated whether Perceived Effectiveness mediates the relationship
between ChatGPT usage and self-stigma. As can be seen in Figure 2 below, perceived
effectiveness did not significantly mediate the relationship between ChatGPT usage and
self-stigma. As such, there was no significant indirect effect (ab = —0.13, BCa 95% Cls
—0.29 to 0.03). As in the previous model, the direct path between ChatGPT and per-
ceived effectiveness showed a significant large effect size (0.57, p < 0.001) but the b path
between perceived effectiveness and self-stigma, although approaching significance, was
non-significant (—0.23, p = 0.103). Both direct c and ¢’ paths between ChatGPT and self-
stigma were non-significant. As age was significantly correlated with self-stigma, it was
included as a covariate within the model. Age was not significantly associated with per-
ceived effectiveness (0.02, p = 0.833) and although not significant with self-stigma was
approaching significance (—0.23, p = 0.053).

Indirect effect
(ab=-0.13)

Perceived Effectiveness

ChatGPT Use

=011

v

Self-stigma

(c=0.02)

Figure 2. Mediation Model Showing the Relationship Between ChatGPT Use and Self Stigma via
Perceived Effectiveness. Note. N = 73. Numerical values are standardized coefficients. *** p < 0.001.
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4. Discussion

Overall, we aimed to study the relationships between ChatGPT usage for mental
health, perceived effectiveness, and anticipated stigma and self-stigma. We first examined
whether ChatGPT use for personal mental health support was significantly associated
with anticipated stigma and self-stigma in relation to mental health difficulties. Next, we
investigated whether the perceived effectiveness of ChatGPT in helping people with their
own mental health explained, at least in part, the relationship between ChatGPT use and
stigma. Contrary to our predictions, ChatGPT use was not significantly associated with
either form of stigma, but ChatGPT usage and its perceived effectiveness for mental health
support were significantly positively correlated. Contrasting results were found in the
mediation analyses. As predicted, the perceived effectiveness of ChatGPT significantly
mediated the relationship between ChatGPT usage and anticipated stigma. The mediation
here had a suppressing effect (see MacKinnon et al., 2000), i.e., greater usage of ChatGPT
and greater perceive effectiveness of it for mental health difficulties was associated with
reduced anticipated stigma. That is to say, our findings suggest a relationship between
those participants who perceive it as useful and lower reported anticipated stigma. Why
might this be so? Speculatively, perceptions of usefulness may incline these participants to
both heed and act on advice given by ChatGPT, and it may be that these participants are
specifically looking for solutions to reduce their stigma. Contrary to expectations, perceived
effectiveness did not significantly mediate the relationship between ChatGPT use and self-
stigma, though the effect approached significance (i.e., CI not crossing zero). Implications
of these findings are discussed below.

The significant positive relationship found between ChatGPT use and perceived
effectiveness indicates that for participants who have used or are currently using Al, it is
perceived as a useful tool for helping with their mental health issues. However, it is not
known if participants believed Al would be useful prior to usage. Contrary to prediction,
the lack of a significant correlation between ChatGPT use and anticipated stigma or self-
stigma may suggest that ChatGPT was used to explore mental health issues, of which
stigma is a component, but not the main driver of the participants’ usage. ChatGPT use and
perceived effectiveness were not significantly associated with age. These non-significant
findings suggest that using Al chatbots for mental health support may not be limited to a
younger generation of university students but may instead reflect a broader trend across
undergraduate student age groups.

The significant mediation findings highlight the importance of perceptions and beliefs
about ChatGPT’s effectiveness in explaining the relationship between ChatGPT usage
and anticipated stigma. Specifically, increased perceived effectiveness in ChatGPT use
for mental health concerns was associated with a reduction in anticipated stigma. The
observation that the ¢’ path is greater than the c path when the mediated path is accounted
for indicates that perceived effectiveness in ChatGPT usage has a protective or buffering effect
against the association between the usage of ChatGPT and anticipated stigma.

Given that a significant mediational effect was found for anticipated stigma, it was
curious why no indirect mediation effect was found for self-stigma, although it was ap-
proaching significance. Speculatively, it is possible that a larger sample may detect a
significant mediation effect in relation to self-stigma. Conceptually, and speculatively, self-
stigma may reflect a more stable and internalized self-concept, thus being less amenable
to change than anticipated stigma. In contrast, anticipated stigma may fluctuate more
readily due to a greater degree of uncertainty regarding expectations, relative to self-stigma,
thus being potentially more amenable to change in relation to digital interactions with Al
chatbots. Past research indicates that self-stigma reduction interventions typically involve
weekly structured psychoeducational Cognitive Behavioral Therapy (CBT) sessions (Fung
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etal., 2011; Lucksted et al., 2011) to address the multi-faceted complexity of tackling the
schemas and core beliefs that constitute internalized self-stigma (Mills et al., 2020). Fu-
ture research may benefit from examining whether addressing anticipated stigma, which
appears more amenable to change, provides an entry point for addressing self-stigma.

The findings highlight that it is not merely the use of ChatGPT per se, but its perceived
effectiveness, which is critical in understanding the effectiveness of ChatGPT in addressing
anticipated mental health stigma. As individuals openly converse with ChatGPT about
their mental health, they may receive empathetic and supportive responses, which in turn
reinforce their perception of its effectiveness. The positive experiences and judgment-free
environment that ChatGPT offers may help to normalize mental health discussions in an
anonymous and safe space, thereby reducing perceptions of social prejudice. In other words,
these interactions may help users feel less worried about being potentially judged if they
were to disclose a mental health concern with others. Furthermore, some stigma pathways
can be conceptualized as an internalization process, where initial concerns can manifest
into more deeply seated core beliefs (Lannin et al., 2015). ChatGPT may be particularly
effective at the early stages of this process, helping to alleviate anticipated stigma concerns
before they internalize into self-stigma.

Overall, our results support past and recent findings, highlighting the increasing
presence and positive perception of Al chatbots in mental health spaces (Haque & Rubya,
2023). Chatbots can serve as 24/7, judgment-free, low-cost companions, offering empa-
thetic advice and enabling users to discuss their concerns comfortably (Ayers et al., 2023).
Research demonstrates that university students more frequently cited cost, time, and stigma
as barriers to accessing traditional mental health services than using chatbot-based support
(Rackoff et al., 2025), which aligns with evidence that online technological interventions can
reduce anticipated stigma (Rodriguez-Rivas et al., 2021). A recent related study found that
clinicians perceived ChatGPT as a consistent, personalized, and therapeutically effective
tool for supporting ADHD interventions (Berrezueta-Guzman et al., 2024). Taken together
with the present findings, showing that users who perceive ChatGPT as effective also
report reduced anticipated stigma, we suggest that future research develop and validate
robust measures of this emerging construct of perceived effectiveness, both for ChatGPT
specifically and for Al chatbots and mental health-related Al technologies more broadly.

Both Rackoff et al. (2025) and Gbollie et al. (2023) reported that 4.5% of their under-
graduate participant sample had used Al chatbots for specific mental health support. In
comparison, 73 participants (18.4%) in our study (from a larger sample of 397) reported
using ChatGPT for their mental health purposes. The self-selected sampling may have
resulted in a response bias, including a greater proportion of people with interests in
Al-oriented uses for mental health. However, Al and ChatGPT is also garnering increasing
media coverage and therefore familiarity with most people, so speculatively the greater
proportion in our study may represent a longer-term upward trend in university students
using Al-assisted mental health supports.

The quality, and therefore perceptions, of Al chatbots such as ChatGPT will likely
continue to improve with the rapid development of the global Al industry. As a result,
it is feasible to predict that undergraduate students’ mental health stigma may become
increasingly amenable to both perceptions of chatbot effectiveness and increased usage,
potentially encouraging greater uptake.

Practical Implications

In most countries, access to specialist mental health services is either costly or, if free
or relatively inexpensive, involves lengthy waitlists (Keynejad et al., 2021; Thomas et al.,
2021). Therefore, digital options like ChatGPT may allow people to explore issues before



Behav. Sci. 2025, 15,1724

10 of 14

seeking therapy or even be used as an adjunct to therapy, potentially easing therapist
demand and providing quick, convenient support at unsociable hours (Lépez et al., 2019).
There are ethical issues with this approach though, as some users may rely on ChatGPT to
provide support to help navigate complex mental health issues, that require professional
and evidence-based interventions. Therefore, this research may help inform digital mental
health literacy programs by encouraging users to remain critical when engaging with
Al chatbot mental health content. Some Al platforms have shifted from a humanitarian
open-source model toward profit-driven interests (Widder et al., 2023), raising questions
about how data is collected, stored and used. The ethics of Al in sensitive domains such
as accessing mental health support warrants further inquiry. Moreover, a regulatory gap
is highlighted by the absence of standardized benchmarks for evaluating Al’s impact on
mental health (Maslej et al., 2024). However, Al chat bots are free, accessible, and anony-
mous support may particularly appeal to undergraduate students, given their common
barriers, such as limited financial resources, time constraints, and the stress associated with
academic pressures. Still, Al chatbots may help these individuals better identify their needs,
help reduce some initial stigma concerns and increase active help seeking with human
professionals. This research may inform university student well-being policy and initiatives
by raising awareness of Al chatbot mental health support and signposting students towards
professional and evidence-based support for those who may already be engaging with
ChatGPT, and other Al chatbots.

We recognize the challenges involved in monitoring and regulating Al chatbot tech-
nologies across international borders, particularly considering the World Health Orga-
nization’s recommendation that governments regulate Al at a local level (World Health
Organization, 2025). Therefore, we recommend that AI companies provide standard mental
health safety messaging that encourages users to treat advice with caution and seek profes-
sional support when needed and/or to work collaboratively with governments worldwide
to provide clearer ethical guidelines and to ensure that mental health guidance is contextu-
ally appropriate and culturally specific. Moreover, it is important that mental health digital
literacy is addressed within educational systems, with training on how to use Al tools in a
responsible and informed manner.

Some key methodological considerations deserve comment. The sample was predom-
inantly female, which may represent a sample bias. Given the aims of our research, the
sample comprised predominantly undergraduate university students, which limits the
generalizability of the findings more generally. The study’s cross-sectional design limits
the ability to draw causal inferences. Further, it should be noted that because normative
usage patterns for Al-based mental health support are largely unknown, we used broad
categorical ranges to align with our research aims. While the mediation analyses provide
insights into possible pathways, longitudinal research is needed to confirm these directional
relationships. Moreover, new measures of perceived effectiveness of digital tools such as
Al and their usage need to be developed to reliably and validly capture these constructs
and permit more sophisticated theoretical and statistical modeling.

There are several avenues for future research to pursue in this emerging area of mental
health research. Although we surveyed ChatGPT use and participants’ perceptions of its
effectiveness for their personal mental health issues, future research would benefit from
determining the types of mental health issues participants are using ChatGPT for, and
how they are using it. It would also be useful for future research to include measures of
psychological symptoms, which may highlight where in the stigma internalization process,
ChatGPT use is perceived as most effective. To gain deeper insight into why people use
ChatGPT, qualitative studies and mixed methods studies may elucidate why university
students and people from the wider community use ChatGPT for mental health support
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(e.g., what mental health issues are people using it for? What information or advice are
people seeking? What are their specific stigma concerns?). Additionally, future research
would benefit from a closer examination of whether there are differences between mental
health difficulties, such as anxiety, depression, suicidal ideation in their ChatGPT usage or
whether ChatGPT usage is generalizable across mental health conditions. Replication using
larger student and community samples will help determine the stability and generalizability
of our findings. Finally, future longitudinal study designs will help determine the direction
of effects.

5. Conclusions

This research represents one of the first studies to investigate the associations between
anticipated stigma, self-stigma, ChatGPT use and its perceived effectiveness. Our findings
are promising in shedding some light on the relationships between these constructs. Still,
further research, using psychometrically validated tools to assess the perceived effectiveness
of ChatGPT awaits further investigation to advance this emerging field of research and to
inform best practice in the use of Al for mental health purposes.

Author Contributions: Conceptualization, All authors; Data Curation, S.N.H.; Formal Analysis,
S.N.H. and C.D.H,; Investigation, S.N.H., ].M.D. and D.D.; Methodology, All authors; Visualization,
All authors; Writing—Original Draft, S.N.H., ] M.D. and D.D.; Writing—Review and Editing, All
authors. All authors have read and agreed to the published version of the manuscript.

Funding: This research received no external funding.

Institutional Review Board Statement: The study was conducted in accordance with the Declaration
of Helsinki and the National Statement on Ethical Conduct in Human Research (Australia). Ethics
approval was granted by the Edith Cowan University Human Research Ethics Sub-Committee
(HREC) (REMS 2024-05264-DICKSON; approval date 19 April 2024).

Informed Consent Statement: Informed consent was obtained from all subjects involved in the study.

Data Availability Statement: The original data presented in the study are available in Edith Cowan
University Research Online Institutional Repository at https://doi.org/10.25958 / cxnr-a008 (accessed
on 5 October 2025).

Acknowledgments: We sincerely thank all participants who contributed to this study and generously
shared their valuable experiences with us.

Conflicts of Interest: The authors declare no conflicts of interest.

References

Abd-Alrazaq, A. A., Rababeh, A., Alajlani, M., Bewick, B. M., & Househ, M. (2020). Effectiveness and safety of using chatbots to
improve mental health: Systematic review and meta-analysis. Journal of Medical Internet Research, 22(7), €16021. [CrossRef]
Aird, C. S., Reisinger, B. A. A., Webb, S. N., & Gleaves, D. H. (2025). Comparing social stigma of anorexia nervosa, bulimia nervosa,

and binge-eating disorder: A quantitative experimental study. Journal of Eating Disorders, 13(1), 15. [CrossRef]

Ajzen, 1. (1991). The theory of planned behavior. Organizational Behavior and Human Decision Processes, 50(2), 179-211. [CrossRef]

Alanezi, F. (2024). Assessing the effectiveness of ChatGPT in delivering mental health support: A qualitative study. Journal of
Multidisciplinary Healthcare, 17, 461-471. [CrossRef]

Ayers, ]. W, Poliak, A., Dredze, M., Leas, E. C., Zhu, Z., Kelley, ]. B., Faix, D. J., Goodman, A. M., Longhurst, C. A., Hogarth, M., &
Smith, D. M. (2023). Comparing physician and artificial intelligence chatbot responses to patient questions posted to a public
social media forum. JAMA Internal Medicine, 183(6), 589-596. [CrossRef]

Batterham, P.]., Gulliver, A., Heffernan, C., Calear, A. L., Werner-Seidler, A., Turner, A., Farrer, L. M., Chatterton, M. L., Mihalopoulos,
C., & Berk, M. (2024). A brief workplace training program to support help-seeking for mental ill-health: Protocol for the helipad
cluster randomized controlled trial. JMIR Research Protocols, 13, €55529. [CrossRef] [PubMed]

Berrezueta-Guzman, S., Kandil, M., Martin-Ruiz, M.-L., Pau de la Cruz, I., & Krusche, S. (2024). Future of ADHD care: Evaluating the
efficacy of ChatGPT in therapy enhancement. Healthcare, 12(6), 683. [CrossRef] [PubMed]


https://doi.org/10.25958/cxnr-a008
https://doi.org/10.2196/16021
https://doi.org/10.1186/s40337-025-01198-x
https://doi.org/10.1016/0749-5978(91)90020-T
https://doi.org/10.2147/JMDH.S447368
https://doi.org/10.1001/jamainternmed.2023.1838
https://doi.org/10.2196/55529
https://www.ncbi.nlm.nih.gov/pubmed/38787608
https://doi.org/10.3390/healthcare12060683
https://www.ncbi.nlm.nih.gov/pubmed/38540647

Behav. Sci. 2025, 15, 1724 12 of 14

Bewersdorff, A., Zhai, X., Roberts, J., & Nerdel, C. (2023). Myths, mis-and preconceptions of artificial intelligence: A review of the
literature. Computers and Education: Artificial Intelligence, 4, 100143. [CrossRef]

Boucher, E. M., Harake, N. R., Ward, H. E., Stoeckl, S. E., Vargas, J., Minkel, ]., Parks, A. C., & Zilca, R. (2021). Artificially intelligent
chatbots in digital mental health interventions: A review. Expert Review of Medical Devices, 18(Suppl. 1), 37-49. [CrossRef]

Boyd, J. E., Adler, E. P, Otilingam, P. G., & Peters, T. (2014). Internalized stigma of mental illness (ISMI) scale: A multinational review.
Comprehensive Psychiatry, 55(1), 221-231. [CrossRef] [PubMed]

Bradbury, A. (2020). Mental health stigma: The impact of age and gender attitudes. Community Mental Health Journal, 56(5), 933-938.
[CrossRef]

Brown, J. E. H., & Halpern, ]. (2021). Al chatbots cannot replace human interactions in the pursuit of more inclusive mental healthcare.
SSM Mental Health, 1, 100017. [CrossRef]

Caldarini, G., Jaf, S., & McGarry, K. (2022). A literature survey of recent advances in chatbots. Information, 13(1), 41. [CrossRef]

Cohen, ]. (1988). Statistical power analysis for the behavioural sciences (2nd ed.). Lawrence Erlbaum Associates.

Dickson, J. M., & Moberly, N. J. (2013). Reduced specificity of personal goals and explanations for goal attainment in major depression.
PLoS ONE, 8(5), e64512. [CrossRef]

Dickson, ]. M., Moberly, N. J., & Huntley, C. D. (2019). Rumination selectively mediates the association between actual-ideal (but not
actual-ought) self-discrepancy and anxious and depressive symptoms. Personality and Individual Differences, 149, 94-99. [CrossRef]

Docksey, A. E., Gray, N. S., Davies, H. B., Simkiss, N., & Snowden, R. J. (2022). The stigma and self-stigma scales for attitudes to mental
health problems: Psychometric properties and its relationship to mental health problems and absenteeism. Health Psychology
Research, 10(2), 35630. [CrossRef]

Dua, T., Barbui, C., Clark, N., Fleischmann, A., Poznyak, V., van Ommeren, M., Yasamy, M. T., Ayuso-Mateos, J. L., Birbeck, G.
L., Drummond, C., Freeman, M., Giannakopoulos, P,, Levay, L., Obot, L. S., Omigbodun, O., Patel, V., Phillips, M., Prince, M.,
Rahimi-Movaghar, A., ... Saxena, S. (2011). Evidence-based guidelines for mental, neurological, and substance use disorders in
low- and middle-income countries: A summary of WHO recommendations. PLoS Medicine, 8(11), €1001122. [CrossRef]

Fox, A. B., Earnshaw, V. A, Taverna, E. C., & Vogt, D. (2018). Conceptualizing and measuring mental illness stigma: The mental illness
stigma framework and critical review of measures. Stigma and Health, 3(4), 348-376. [CrossRef] [PubMed]

Fung, K. M., Tsang, H. W., & Cheung, W. M. (2011). Randomized controlled trial of the self-stigma reduction program among
individuals with schizophrenia. Psychiatry Research, 189(2), 208-214. [CrossRef] [PubMed]

Gardiner, P. M., McCue, K. D., Negash, L. M., Cheng, T., White, L. F,, Yinusa-Nyahkoon, L., Jack, B. W., & Bickmore, T. W. (2017).
Engaging women with an embodied conversational agent to deliver mindfulness and lifestyle recommendations: A feasibility
randomized control trial. Patient Education and Counseling, 100(9), 1720-1729. [CrossRef]

Gbollie, E. F, Bantjes, ]., Jarvis, L., Swandevelder, S., du Plessis, J., Shadwell, R., Davids, C., Gerber, R., Holland, N., & Hunt, X. (2023).
Intention to use digital mental health solutions: A cross-sectional survey of university students” attitudes and perceptions toward
online therapy, mental health apps, and chatbots. Digital Health, 9, 20552076231216559. [CrossRef]

Gonzalez, . M., Alegria, M., & Prihoda, T. J. (2005). How do attitudes toward mental health treatment vary by age, gender, and
ethnicity /race in young adults? Journal of Community Psychology, 33(5), 611-629. [CrossRef]

Gray, N. S., Davies, H., Brad, R., & Snowden, R. J. (2023). Reducing sickness absence and stigma due to mental health difficulties: A
randomised control treatment trial (RCT) of a low intensity psychological intervention and stigma reduction programme for
common mental disorder (Prevail). BioMed Central Public Health, 23(1), 1324. [CrossRef]

Griffiths, K. M., Carron-Arthur, B., Parsons, A., & Reid, R. (2014). Effectiveness of programs for reducing the stigma associated with
mental disorders: A meta-analysis of randomized controlled trials. World Psychiatry, 13(2), 161-175. [CrossRef] [PubMed]
Guarneri, J. A., Oberleitner, D. E., & Connolly, S. (2019). Perceived stigma and self-stigma in college students: A literature review and

implications for practice and research. Basic and Applied Social Psychology, 41(1), 48-62. [CrossRef]

Gursoy, D., Chi, O. H., Lu, L., & Nunkoo, R. (2019). Consumers acceptance of artificially intelligent (AI) device use in service delivery.
International Journal of Information Management, 49, 157-169. [CrossRef]

Haque, M. D. R,, & Rubya, S. (2023). An overview of chatbot-based mobile mental health apps: Insights from app description and user
reviews. Journal of Medical Internet Research, 11, e44838. [CrossRef] [PubMed]

Hayes, A. F. (2022). Introduction to mediation, moderation, and conditional process analysis: A regression-based approach (3rd ed.). The Guilford
Press.

Henderson, C., Evans-Lacko, S., & Thornicroft, G. (2013). Mental illness stigma, help seeking, and public health programs. American
Journal of Public Health, 103(5), 777-780. [CrossRef]

IBM Corp. (2023). IBM SPSS statistics for Macintosh (Version 29.0) [Computer software]. IBM Corp.

Jennings, K. S., Cheung, J. H., Britt, T. W.,, Goguen, K. N, Jeffirs, S. M., Peasley, A. L., & Lee, A. C. (2015). How are perceived stigma,
self-stigma, and self-reliance related to treatment-seeking? A three-path model. Psychiatric Rehabilitation Journal, 38(2), 109-116.
[CrossRef]


https://doi.org/10.1016/j.caeai.2023.100143
https://doi.org/10.1080/17434440.2021.2013200
https://doi.org/10.1016/j.comppsych.2013.06.005
https://www.ncbi.nlm.nih.gov/pubmed/24060237
https://doi.org/10.1007/s10597-020-00559-x
https://doi.org/10.1016/j.ssmmh.2021.100017
https://doi.org/10.3390/info13010041
https://doi.org/10.1371/journal.pone.0064512
https://doi.org/10.1016/j.paid.2019.05.047
https://doi.org/10.52965/001c.35630
https://doi.org/10.1371/journal.pmed.1001122
https://doi.org/10.1037/sah0000104
https://www.ncbi.nlm.nih.gov/pubmed/30505939
https://doi.org/10.1016/j.psychres.2011.02.013
https://www.ncbi.nlm.nih.gov/pubmed/21377738
https://doi.org/10.1016/j.pec.2017.04.015
https://doi.org/10.1177/20552076231216559
https://doi.org/10.1002/jcop.20071
https://doi.org/10.1186/s12889-023-16200-x
https://doi.org/10.1002/wps.20129
https://www.ncbi.nlm.nih.gov/pubmed/24890069
https://doi.org/10.1080/01973533.2018.1550723
https://doi.org/10.1016/j.ijinfomgt.2019.03.008
https://doi.org/10.2196/44838
https://www.ncbi.nlm.nih.gov/pubmed/37213181
https://doi.org/10.2105/AJPH.2012.301056
https://doi.org/10.1037/prj0000138

Behav. Sci. 2025, 15, 1724 13 of 14

Kaplan, A. D., Kessler, T. T., Brill, J. C., & Hancock, P. A. (2023). Trust in artificial intelligence: Meta-analytic findings. Human Factors,
65(2), 337-359. [CrossRef]

Keynejad, R., Spagnolo, J., & Thornicroft, G. (2021). WHO mental health gap action programme (mhGAP) intervention guide: Updated
systematic review on evidence and impact. British Medical Journal Mental Health, 24(3), 124-130. [CrossRef]

Kosyluk, K., Baeder, T., Greene, K. Y., Tran, J. T., Bolton, C., Loecher, N., DiEva, D., & Galea, J. T. (2024). Mental distress, label avoidance,
and use of a mental health chatbot: Results from a US Survey. Journal of Medical Internet Research, 8, e45959. [CrossRef]

Lannin, D. G., Vogel, D. L., Brenner, R. E., & Tucker, J. R. (2015). Predicting self-esteem and intentions to seek counseling: The
internalized stigma model. The Counseling Psychologist, 43(1), 64-93. [CrossRef]

Li, L., Peng, W., & Rheu, M. M. J. (2024). Factors predicting intentions of adoption and continued use of artificial intelligence chatbots
for mental health: Examining the role of UTAUT Model, stigma, privacy concerns, and artificial intelligence hesitancy. Telemedicine
Journal and E-Health: The Official Journal of The American Telemedicine Association, 30(3), 722-730. [CrossRef] [PubMed]

Link, B. G., & Phelan, J. C. (2006). Stigma and its public health implications. Lancet, 367(9509), 528-529. [CrossRef] [PubMed]

Loépez, A., Sanchez-Ferreres, J., Carmona, J., & Padré, L. (2019). From process models to chatbots. In Advanced information systems
engineering: 31st international conference, CAiSE 2019, Rome, Italy, June 3-7, 2019, proceedings 31 (pp. 383-398). Springer International
Publishing. [CrossRef]

Lucas, G. M., Rizzo, A. A., Gratch, ]., Scherer, S., Stratou, G., Boberg, J., & Morency, L. (2017). Reporting mental health symptoms:
Breaking down barriers to care with virtual human interviewers. Frontiers Robotics Al, 4, 51. [CrossRef]

Lucksted, A., Drapalski, A., Calmes, C., Forbes, C., DeForge, B., & Boyd, ]J. (2011). Ending self-stigma: Pilot evaluation of a new
intervention to reduce internalized stigma among people with mental illnesses. Psychiatric Rehabilitation Journal, 35(1), 51-54.
[CrossRef]

Ma, X., & Huo, Y. (2023). Are users willing to embrace ChatGPT? Exploring the factors on the acceptance of chatbots from the
perspective of AIDUA framework. Technology in Society, 75, 102362. [CrossRef]

MacKinnon, D. P, Krull, J. L., & Lockwood, C. M. (2000). Equivalence of the mediation, confounding and suppression effect. Prevention
Science: The Official Journal of The Society for Prevention Research, 1(4), 173-181. [CrossRef]

Maslej, N., Fattorini, L., Perrault, R., Parli, V., Reuel, A., Brynjolfsson, E., Etchemendy, J., Ligett, K., Lyons, T., Manyika, J., Niebles,
J. C., Shoham, Y., Wald, R., & Clark, J. (2024). The Al index 2024 annual report. Al Index Steering Committee, Institute for
Human-Centered Al, Stanford University. Available online: https://aiindex.stanford.edu/report/ (accessed on 5 October 2025).

Maurya, R. K., Montesinos, S., Bogomaz, M., & DeDiego, A. C. (2023). Assessing the use of ChatGPT as a psychoeducational tool for
mental health practice. Counselling and Psychotherapy Research, 25, €12759. [CrossRef]

Miles, O., West, R., & Nadarzynski, T. (2021). Health chatbots acceptability moderated by perceived stigma and severity: A cross-
sectional survey. Digital Health, 7, 20552076211063012. [CrossRef]

Mills, H., Mulfinger, N., Raeder, S., Riisch, N., Clements, H., & Scior, K. (2020). Self-help interventions to reduce self-stigma in people
with mental health problems: A systematic literature review. Psychiatry Research, 284,112702. [CrossRef]

Miner, A. S., Milstein, A., & Hancock, J. T. (2017). Talking to machines about personal mental health problems. Journal of the American
Medical Association, 318(13), 1217-1218. [CrossRef]

Montgomery, G. H., & Kirsch, I. (1997). Classical conditioning and the placebo effect. Pain, 72(1-2), 107-113. [CrossRef]

Moore, J., Grabb, D., Agnew, W., Klyman, K., Chancellor, S., Ong, D. C., & Haber, N. (2025, June 23-26). Expressing stigma and
inappropriate responses prevents LLMs from safely replacing mental health providers. 2025 ACM Conference on Fairness, Accountability,
and Transparency (FAccT "25) (pp. 580-593), Athens, Greece. [CrossRef]

Quinn, D. M., & Earnshaw, V. A. (2013). Concealable stigmatized identities and psychological well-being. Social and Personality
Psychology Compass, 7(1), 40-51. [CrossRef]

Quinn, D. M., Williams, M. K., & Weisz, B. M. (2015). From discrimination to internalized mental illness stigma: The mediating roles of
anticipated discrimination and anticipated-stigma. Psychiatric Rehabilitation Journal, 38(2), 103-108. [CrossRef]

Rackoff, G. N., Zhang, Z. Z., & Newman, M. G. (2025). Chatbot-delivered mental health support: Attitudes and utilization in a sample
of U.S. college students. Digital Health, 11, 20552076241313401. [CrossRef]

Rodriguez-Rivas, M. E., Cangas, A. J., & Fuentes-Olavarria, D. (2021). Controlled study of the impact of a virtual program to reduce
stigma among university students toward people with mental disorders. Frontiers in Psychiatry, 12, 632252. [CrossRef] [PubMed]

Rutherford, B. R., Wall, M. M., Brown, P. J., Choo, T. H., Wager, T. D., Peterson, B. S., Chung, S., Kirsch, I., & Roose, S. P. (2017). Patient
expectancy as a mediator of placebo effects in antidepressant clinical trials. The American Journal of Psychiatry, 174(2), 135-142.
[CrossRef] [PubMed]

Schmider, E., Ziegler, M., Danay, E., Beyer, L., & Biihner, M. (2010). Is it really robust? Reinvestigating the robustness of ANOVA
against violations of the normal distribution assumption. Methodology: European Journal of Research Methods for the Behavioral and
Social Sciences, 6(4), 147-151. [CrossRef]

Schuman, H., & Presser, S. (1996). Questions and answers in attitude surveys: Experiments on question form, wording, and context. Sage.

Tabachnick, B. G., & Fidell, L. S. (2007). Using multivariate statistics (5th ed.). Allyn & Bacon/Pearson Education.


https://doi.org/10.1177/00187208211013988
https://doi.org/10.1136/ebmental-2021-300254
https://doi.org/10.2196/45959
https://doi.org/10.1177/0011000014541550
https://doi.org/10.1089/tmj.2023.0313
https://www.ncbi.nlm.nih.gov/pubmed/37756224
https://doi.org/10.1016/S0140-6736(06)68184-1
https://www.ncbi.nlm.nih.gov/pubmed/16473129
https://doi.org/10.1007/978-3-030-21290-2_24
https://doi.org/10.3389/frobt.2017.00051
https://doi.org/10.2975/35.1.2011.51.54
https://doi.org/10.1016/j.techsoc.2023.102362
https://doi.org/10.1023/A:1026595011371
https://aiindex.stanford.edu/report/
https://doi.org/10.1002/capr.12759
https://doi.org/10.1177/20552076211063012
https://doi.org/10.1016/j.psychres.2019.112702
https://doi.org/10.1001/jama.2017.14151
https://doi.org/10.1016/S0304-3959(97)00016-X
https://doi.org/10.1145/3715275.3732039
https://doi.org/10.1111/spc3.12005
https://doi.org/10.1037/prj0000136
https://doi.org/10.1177/20552076241313401
https://doi.org/10.3389/fpsyt.2021.632252
https://www.ncbi.nlm.nih.gov/pubmed/33633613
https://doi.org/10.1176/appi.ajp.2016.16020225
https://www.ncbi.nlm.nih.gov/pubmed/27609242
https://doi.org/10.1027/1614-2241/a000016

Behav. Sci. 2025, 15, 1724 14 of 14

Thomas, K. A., Schroder, A. M., & Rickwood, D. J. (2021). A systematic review of current approaches to managing demand and
waitlists for mental health services. Mental Health Review Journal, 26(1), 1-17. [CrossRef]

Wada, M., Suto, M. ], Lee, M., Sanders, D., Sun, C., Le, T. N., Goldman-Hasbun, J., & Chauhan, S. (2019). University students’
perspectives on mental illness stigma. Mental Health and Prevention, 14, 200159. [CrossRef]

Widder, D. G., West, S., & Whittaker, M. (2023). Open (for business): Big tech, concentrated power, and the political economy of open Al SSRN.
[CrossRef]

World Health Organization. (2025). Ethics and governance of artificial intelligence for health: Guidance on large multi-modal models. World
Health Organization. Available online: https:/ /www.who.int/publications/i/item /9789240084759 (accessed on 5 October 2025).

YMCA. (2016). I am whole: A report investigating the stigma faced by young people experiencing mental health difficulties. Available online:
https:/ /www.scribd.com/document/414504238 /IAMWHOLE-v1-1 (accessed on 5 October 2025).

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.


https://doi.org/10.1108/MHRJ-05-2020-0025
https://doi.org/10.1016/j.mph.2019.200159
https://doi.org/10.2139/ssrn.4543807
https://www.who.int/publications/i/item/9789240084759
https://www.scribd.com/document/414504238/IAMWHOLE-v1-1

	Introduction 
	Method 
	Participants 
	Materials 
	Demographic Questionnaire 
	ChatGPT Usage and Perceived Effectiveness 
	Mental Health Stigma 

	Procedure 
	Data Analyses 
	Data Screening 
	Power Calculations 

	Results 
	Discussion 
	Conclusions 
	References

