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Abstract

Large Language Models (LLMs) are increas-
ingly used not only for instrumental tasks, but
as always-available and non-judgmental confi-
dants for emotional support. Yet what drives
adoption and how users perceive emotional sup-
port interactions across countries remains un-
known. To address this gap, we present the first
large-scale cross-cultural study of LLM use for
emotional support, surveying 4,641 participants
across seven countries (USA, UK, Germany,
France, Spain, Italy, and the Netherlands). Our
results show that adoption rates vary dramati-
cally across countries (from 20% to 59%). Us-
ing mixed models that separate country-level
effects from demographic composition, we find
that being aged 25-44, religious, married, and
of higher socioeconomic status are predictors
of positive perceptions (trust, usage, perceived
benefits), with socioeconomic status being the
strongest. English-speaking countries consis-
tently show more positive perceptions than Con-
tinental European countries. We also collect a
corpus of 731 real multilingual prompts from
user interactions, showing that users mainly
seek help for loneliness, stress, relationship
conflicts, and mental health struggles. Our find-
ings reveal that LLM emotional support use
is shaped by a complex sociotechnical land-
scape and call for a broader research agenda
examining how these systems can be developed,
deployed, and governed to ensure safe and in-
formed access. We share our code and data
publicly 1.

1 Introduction
Large Language Models (LLMs) are a jack of all
trades, performing diverse tasks such as question
answering and decision support (Chatterji et al.,
2025). Beyond these instrumental uses, researchers
and designers are increasingly interested in AI sys-

* Equal contribution.
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Figure 1: Global and Demographic Landscape in
LLM Adoption and Perceptions for Emotional Support
(N=4,641). SES: Socio-economic status.

tems as potential companions or sources of inter-
personal support (e.g. Andersson, 2025; Wu et al.,
2025). In particular, conversational interfaces make
LLMs accessible for emotionally oriented interac-
tions such as seeking reassurance, discussing per-
sonal concerns, or reflecting on experiences2.

At the same time, many individuals face barri-
ers to accessing traditional mental health support,
including cost, stigma, and limited availability of
services (Tyson et al., 2023). As a result, digital
technologies are increasingly explored as comple-
mentary sources of emotional support (Chaudhry
and Debi, 2024; Pandya et al., 2024). Conversa-
tional AI systems may lower barriers to seeking
help by offering immediate, and always-available

2https://hbr.org/2025/04/
how-people-are-really-using-gen-ai-in-2025

3668

https://confidant-ai.github.io/LLMs-emotional-support/
https://confidant-ai.github.io/LLMs-emotional-support/
https://hbr.org/2025/04/how-people-are-really-using-gen-ai-in-2025
https://hbr.org/2025/04/how-people-are-really-using-gen-ai-in-2025


interaction (Haensch, 2025; Pandya et al., 2024).
Yet, the growing use of LLMs for emotionally sensi-
tive interactions raises questions about safety, trust,
and appropriate system design (Kaffee et al., 2025).

While these ethical and design implications have
received significant attention, empirical evidence
remains scarce on how commonly the general pub-
lic turns to LLMs for emotional support and what
factors shape these interactions. In particular, we
lack population-level evidence on (1) who adopts
LLMs for emotional support, (2) how sociodemo-
graphic and cultural backgrounds shape their per-
ceptions of these systems, and (3) what users actu-
ally disclose to these systems.

To address this gap, we conduct a survey ex-
amining how members of the public report using
LLMs for emotional and mental health–related sup-
port. We examine how sociodemographic factors
and country-level context shape the use of LLMs
for emotional support (Figure 1). Specifically, we
address three pivotal research questions (RQs):
(RQ1) Who uses LLMs for emotional support,
and what are the main purposes and benefits that
motivate people to use them?
(RQ2) How do demographics and cultural back-
ground shape user perceptions of these systems?
(RQ3) What do users actually disclose when seek-
ing such support?

Following common practice in cross-cultural re-
search, we use country as a proxy for culture: a
bundle of shared language, institutions, healthcare
systems, and social norms that shape how people re-
late to emotional disclosure and to technology. We
do not treat any country as a monolithic culture, nor
do we claim to measure culture directly. Our demo-
graphic variables (age, gender, education, religion,
marital status, and socioeconomic status) character-
ize individual composition; some, notably religion
and socioeconomic status, also carry cultural tex-
ture, so the boundary between demographic and
cultural signal is not sharp. The role of our CLMM
analysis is to separate these: demographic variables
enter as fixed effects, and a country-level random
effect captures the between-country variation that
demographic composition alone does not explain.
We interpret this residual country effect as a proxy
for cultural differences, while acknowledging it
may also absorb other unmeasured country-level
factors.

Contributions 1) We present the first cross-
cultural empirical study of GenAI chatbot use for

emotional support, surveying 4,641 participants
across seven countries. 2) We provide an exten-
sive sociodemographic and cultural analysis us-
ing Cumulative Link Mixed Models across three
constructs (Trust and perceived privacy, Perceived
benefits, and Usage intention) to disentangle de-
mographic composition from country-level effects.
3) We collect and analyze 731 real user prompts
across six languages, identifying key emotional
support topics.

Together, our findings provide the first
population-level evidence of how cultural and so-
ciodemographic factors shape human–AI emo-
tional support interactions, highlighting a complex
sociotechnical landscape that motivates a broader
research agenda to explore how these systems can
be developed, deployed, and governed to promote
use that is safe and informed.

2 Related Work
Interest in public perceptions of conversational AI
for wellbeing has grown considerably, prompting
surveys, usability studies, and social media anal-
yses, predominantly conducted in English (Haen-
sch, 2025; Chaudhry and Debi, 2024; Cameron
et al., 2018). Findings suggest that users value the
availability, non-judgmental nature, and accessibil-
ity of AI conversational agents, while pointing to
shallow and context-insensitive responses as key
limitations (Chaudhry and Debi, 2024; Haensch,
2025). Younger adults and those with higher ed-
ucation and AI familiarity tend to show relatively
more openness toward AI tools (Tyson et al., 2023).
These attitudinal patterns are consistent with the
CASA paradigm, which predicts that people apply
the same social norms to AI as to humans (Nass
and Moon, 2000) and disclose more under condi-
tions of reduced social presence (Papneja and Ya-
dav, 2025). The psychological barriers underlying
AI resistance, including perceived opacity, emo-
tionlessness, and rigidity, further shape whether
individuals are willing to engage with these sys-
tems (De Freitas et al., 2023). Beyond wellbeing,
broader surveys of general LLM use show that SES
and demographic factors stratify adoption rates and
interaction styles, with higher-SES users interact-
ing more abstractly (Bassignana et al., 2025) and
younger, more educated users showing higher adop-
tion and literacy (Savoldi et al., 2026; Yazan et al.,
2025).

Yet none of these works study the adoption and
user perceptions of LLMs specifically for emo-
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tional wellbeing support, and all remain confined
to a single country and predominantly Anglophone
populations, leaving open whether adoption and
perception patterns vary across cultural and so-
ciodemographic contexts. We address this gap by
surveying 4,641 participants across seven countries
in six languages, collecting prompts from real prior
interactions, and providing the first cross-cultural
analysis of LLM adoption for emotional support
that explicitly separates demographic composition
from country-level effects.

3 Survey Methodology
3.1 Study Design

We conduct a cross-country survey to examine
demographic and country-level variation in the
adoption and perception of LLMs for emotional
support. We select seven countries representing
the highest global shares of ChatGPT3 visitors
(FirstPageSage, 2026): the United States (17.1%),
France (4.3%), Spain (3.7%), the United Kingdom
(2.7%), Italy (2.5%), Germany (2.4%), and the
Netherlands (1.1%), ensuring our sample reflects
the populations most actively engaging with these
systems. Between November 11 and 22, 2025,
we collected the data via a Qualtrics panel,4 us-
ing quota sampling to obtain approximately 200
users (i.e., participants who reported using LLMs
for emotional support) per country, with gender bal-
ance within each national cohort. The larger total
sample reflects the additional non-users screened
to reach this quota, which varied by country with
adoption rates.

We determined the target sample size through
an a priori power analysis conducted during study
design. Assuming α = 0.05 and target power of
0.80, detecting a small effect (Cohen’s f = 0.1) in
a seven-group comparison requires approximately
1,400 participants (around 200 users per country).
We therefore set a quota of 200 users per country.
After quality-control filtering, our final sample of
1,343 users closely met this target, indicating that
the study is adequately powered.

Before starting the survey, we presented partici-
pants with an onboarding screen to obtain informed
consent. To establish a shared baseline understand-
ing, we provided examples of “AI agents” (e.g.,
ChatGPT, Gemini, Claude) and defined “emotional
support and mental wellbeing” as using these tools

3Currently the most used conversational LLM.
4Qualtrics provides reliable access to diverse, cross-

country respondents and robust built-in data quality checks.

for managing stress, processing emotions, or per-
sonal reflection. We informed participants of the
survey’s anonymous, voluntary nature, the esti-
mated duration, and their right to withdraw at any
time. The survey then proceeded in four steps.

First, participants completed a demographic
questionnaire. Second, a filter question classified
them as users (having used AI chatbots for emo-
tional support) or non-users, enabling demographic
comparison between adopters and non-adopters.
Third, identified users reported their usage pat-
terns (§3.2) and evaluated their perceptions across
several constructs. Finally, the survey concluded
with an optional open-ended text where users could
share their most recent support-seeking prompts.
To maintain data privacy, we instructed participants
to exclude any names, personal details, or identifi-
able information before submitting their text.

Pilot test A cross-disciplinary panel of 20 experts
from our target countries, including specialists in
survey methodology, NLP, and HCI, reviewed and
refined the survey instrument. The original English
survey was automatically translated into Spanish,
French, Italian, German, and Dutch via Qualtrics
and subsequently reviewed by native-speaking ex-
perts from the panel to ensure linguistic accuracy.
Pilot feedback informed refinements to question
wording; for instance, absolute statements were
softened to better capture user perception (e.g.,
changing “I can express my feelings” to “I feel
that I can express my feelings”). The average com-
pletion time of 8-9 minutes was used to determine
participant compensation on the platform.

Following the pilot, we deployed the survey and
collected 5,319 responses. To ensure data integrity,
we applied Qualtrics quality filters to exclude sus-
pected bot activity, duplicate submissions, incom-
plete or straight-line responses. In addition, we
excluded participants with completion times faster
than 30% of the median, and those who failed ei-
ther of two embedded attention checks. The final
validated sample consisted of 4,641 participants.

3.2 Questionnaire Design

The survey comprises four sections: demographics,
AI usage, evaluation of user perception constructs,
and prompt collection.

Demographics Participants reported age, gender,
nationality, education, religion, and marital status.
We assessed subjective socioeconomic status using
the MacArthur Scale of Subjective Social Status
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(Adler et al., 2000), which captures perceived so-
cial standing rather than objective income, making
it particularly suited for cross-country comparison.
We handled all data in compliance with GDPR and
ensured that participants were fully anonymized.
Further details are provided in Ethical Considera-
tions.

Usage Patterns We asked users about their AI
usage patterns, including the AI agents used, fre-
quency of use, primary devices, and their specific
emotional support use cases.

3.3 Constructs to Capture User Perceptions

We assess three key areas of user perceptions of
LLMs for emotional support. To obtain composite
measures for the Cumulative Link Mixed Model
(CLMM) analysis, we combined conceptually re-
lated questionnaire sub-scales into three distinct
constructs. All items were measured on a 5-point
Likert scale, ranging from Strongly disagree to
Strongly agree. The full questionnaire, compris-
ing items from existing validated scales and items
developed by us, is provided in Table 13 in Ap-
pendix H. The three resulting constructs are:

• Trust and Privacy (TRU): This construct
merges the “Trust” and “Privacy” sub-scales to
capture the user’s overall confidence in the sys-
tem. It assesses the agent’s perceived credibility,
honesty, and transparency, alongside the user’s
perceived safety regarding the handling of sen-
sitive data, interaction confidentiality, and the
clear communication of system limitations (Ma-
rimon et al., 2024; Schmidmaier et al., 2024).

• Perceived Benefits (BENF): This construct
evaluates the perceived advantages of using
LLMs for emotional support. It captures practi-
cal, low-barrier benefits such as 24/7 accessibil-
ity and cost-effectiveness, alongside psycholog-
ical benefits, including the ability to engage in
non-judgmental exploration, gain new perspec-
tives, and receive actionable advice.

• Usage Intention and Behavior (USE): To mea-
sure overall system engagement, we merged the
“Attitude Toward Using” and “Actual System
Use” sub-scales, which are grounded in the Tech-
nology Acceptance Model (TAM) (Davis, 1989).
This combined construct captures both the user’s
favorable evaluation of the LLM as a supportive
tool and their self-reported frequency of behav-
ioral engagement.
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Figure 2: Cross-country comparison of AI chatbot use
for emotional support and mental wellbeing.

4 Results
We present findings along our three RQs.

4.1 User and Non-User Profiles

To address RQ1 we first compare demographic pro-
files of users against non-users. We then examine
the user interaction patterns and underlying moti-
vations.

Adoption Rates by Country Figure 2 shows the
distribution of users and non-users per country. We
observe noticeable differences between the coun-
tries. The only country in which users constitute
the majority is the United Kingdom (59.0%). Spain
comes close with 49.0% users. France, Germany,
and the Netherlands report the lowest percentage of
users (approximately 20% of participants). Across
the seven countries surveyed, an average of 28.9%
of participants are users.

Aggregate Demographic Differences To inves-
tigate demographic differences between users and
non-users, we conducted chi-square tests. Except
for gender (χ2(4) = 3.4, padj = .495), all demo-
graphic variables show significant differences: age
(χ2(6) = 915.3, padj < .001), education (χ2(7) =
319.0, padj < .001), SES (χ2(9) = 212.9, padj <
.001), marital status (χ2(5) = 103.3, padj < .001),
and religion (χ2(8) = 72.5, padj < .001). Effect
sizes range from small to moderate, with age show-
ing the largest difference between the groups.

Demographic Profiles and Country-Level Vari-
ation Figure 3 shows the difference in demo-
graphic distribution across user groups. Users are
predominantly aged 25-44, highly educated (MSc,
PhD), report higher socioeconomic status, and are
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Figure 3: Percentage-point differences in demographic
composition between users and non-users. Tinted bars
indicate countries deviating >1.5 SD from the global
average (marked with the globe emoji).

more likely to be married or partnered. Non-users
are more likely to be individuals whose highest
attained education is high school, single or wid-
owed, and non-religious. Notable country-level
differences emerge particularly in the UK and the
USA. The UK shows the starkest age, education,
and SES gaps, with younger and higher-SES indi-
viduals more prevalent among users, who are also
more Christian and less non-religious than non-
users. In the USA, non-users skew female, are
overrepresented in the 35-44 age range, are more
likely to be married, and are less likely to have
lower SES. Germany is an exception where high-
school graduates are more prevalent among users.
For full demographic breakdowns, see Table 2 and
Table 3 in Appendix B.

Interaction Patterns and Purposes Moving be-
yond demographics, we examined how users inter-
act with these systems (see Figure 7 in Appendix
A). Usage is roughly split between occasional users

(34.0%) and frequent, weekly users (31.5%). Chat-
GPT is the dominant AI agent (79.7%), and smart-
phones are the preferred interface by a wide margin
(88.2%). Users primarily turn to these systems for
the following purposes: managing stress and anxi-
ety (49.4%), finding encouragement or motivation
(42.5%), processing and reflecting on emotions
(41.3%). A notable share also report experiment-
ing out of curiosity (44.9%), suggesting that for
many, intentional support-seeking and exploratory
use co-occur. Other common uses of personal sup-
port include relationship support (30.2%) and com-
panionship to combat loneliness (17.6%).

Perceived Benefits Figure 8 shows that users pri-
marily value accessibility and practical utility. The
highest-rated benefits are 24/7 availability (mean
score = 4.26) and cost-effectiveness (4.12), indicat-
ing that users highly value immediate, low-barrier
access to support. Additionally, psychological
safety emerged as a critical advantage, with users
highly rating the ability to express feelings without
fear of human judgment (4.09).

In summary, LLM adoption for emotional sup-
port skews toward younger, higher-educated, and
higher-SES individuals. Users are primarily moti-
vated by stress management, emotional processing,
and encouragement, drawn by the 24/7 availability,
cost-effectiveness, and non-judgmental nature of
these systems.

4.2 Cross-Country Variations in Perception

To address RQ2, we first investigate how these per-
ceptions vary across different cultural backgrounds
at the country level.

Figure 4 presents the mean scores per construct
across seven countries on a 5-point Likert scale.
There is a sharp divide between the USA/UK and
the other countries. The UK has the highest mean
scores across all three constructs, followed by the
USA. The Anglosphere countries are above the
combined mean, while mainland European coun-
tries consistently score lower. Within Europe, the
Netherlands stands out by scoring lowest across
the three constructs. To confirm statistical signifi-
cance, we apply the Kruskal-Wallis test followed
by Dunn’s test to identify pairwise differences. The
UK and the USA stand apart from all other coun-
tries across all constructs, and differ only on Per-
ceived Benefits (BENF). Mainland European coun-
tries are largely homogeneous: Germany, France,
and Spain show no significant differences within
themselves. Italy also does not differ from Spain
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Figure 4: Mean scores per construct: Perceived Benefits (BENF), Usage intention (USE), Trust & Privacy (TRU)
across seven countries in a 5-point Likert scale (from Strongly disagree to Strongly agree).

Figure 5: Estimates of demographic factors that are significant in at least 2 of the 3 constructs (BENF, USE, TRU).
Significant ones in all three are in bold. Estimates represent the change in log-odds relative to the reference category.

and Germany. The Netherlands stands out among
European countries: it diverges from France on all
constructs, and from Germany and Spain on two
constructs each. For more details, see Appendix D.

4.3 Mixed Model Analysis of Country-Level
and Demographic Effects

Our findings in §4.2 show that perceptions vary
significantly across countries. However, according
to §4.1, the demographic composition across coun-
tries is not necessarily similar. For example, UK
and US participants are predominantly younger,
highly educated, report higher SES, are more re-
ligious, and have higher marriage rates (see Fig-
ure 3). Therefore, in this section, we answer RQ2

by examining whether observed cross-country dif-
ferences persist after accounting for demographic
composition, or are largely an artifact of it. We
treat any residual between-country variation as a
proxy for cultural differences rather than as a direct
measurement of culture.

Methodology We use a Cumulative Linear
Mixed Model (CLMM) to predict single constructs
with demographic variables as fixed effects and
country as a random effect. We excluded demo-
graphic categories with too few samples (< 50)
and collapsed SES scores 1–3 into a single lowest
category due to small cell sizes. The most popu-
lous category within each variable is selected as the
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Figure 6: Country intercepts (random effects) between the three models (BENF, USE, TRU). Being from the UK and
the USA is associated with positive perceptions, while mainland European countries have more negative baselines.

reference group. We report results for three models
that estimate demographic and country-level effects
on Perceived Benefits (BENF), Trust & Privacy
(TRU), and Usage Intention (USE), respectively.

Results The full result tables for all three models
are presented in Appendix E. Figure 5 provides a
visual outline of the fixed effects that are signifi-
cant in at least two of the models. We find that SES
does not linearly influence perceptions, but rather,
being in the highest group (>7) has a noticeable
impact. Similarly, being older than 45 significantly
lowers perceptions, and being 65+ is the most nega-
tive effect across all three models. However, being
younger (18-24) does not consistently have a posi-
tive influence.

Religion shows steady findings across models,
with religious individuals having more positive per-
ceptions. The differences between Christianity, Is-
lam, and other religions are insignificant compared
to the divide between believers and non-believers,
suggesting that specific religious affiliation matters
less than whether someone holds a religious be-
lief. Similarly, marital status is consistent with mar-
ried or partnered individuals showing more positive
perceptions than singles across all models. How-
ever, there isn’t a significant difference between
married/partnered and divorced individuals. We
observe that gender does play a significant role in
only one construct (trust and privacy), with a small
effect size. The education group also provides in-
consistent findings. MSc graduates (compared to
BSc) have more negative perceptions in two of the
three models. However, the effect sizes are small,
and we don’t see any other differences between
education categories.

The Intraclass Correlation Coefficient (ICC),
which quantifies how much of the variance is at-

tributable to random effects, is 4.2% for BENF,
6.1% for TRU, and 5.0% for USE. This suggests
that demographics are the primary drivers of varia-
tion in perceptions. Likelihood ratio tests compar-
ing the full mixed models against fixed-effects-only
specifications confirm that the country-level ran-
dom effect is statistically significant across all mod-
els (p < .001), indicating that meaningful between-
country variation persists even after accounting for
demographic composition. We interpret this resid-
ual variation as partly cultural, though it may also
reflect country-level factors such as differences in
healthcare access or AI regulation. Figure 6 shows
that across all three models, the UK and the US
have large, positive intercepts. Meanwhile, main-
land European countries have negative ones. The
Netherlands consistently shows the largest negative
effect, in line with previous findings (see Figure 4).
Besides that, compared to other countries, France
is more neutral, with intercepts closer to zero.

In summary, both demographics and cultural
background significantly shape user percep-
tions, though demographics account for the ma-
jority of the variance. Demographically, high
socioeconomic status is the strongest driver of pos-
itive perceptions, followed by being 25-45, reli-
gious, and married or partnered. Even after con-
trolling for demographic differences, a significant
between-country divide remains: users in the An-
glosphere (the UK and the USA) hold notably pos-
itive views toward using LLMs for emotional sup-
port, whereas mainland European countries display
more negative perceptions, with the Netherlands
being the most skeptical. We interpret this divide
through the cultural and institutional mechanisms
discussed in Section 5, while noting that country
aggregates several such factors and cannot isolate
culture on its own.
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4.4 Prompt Analysis

Methodology To address RQ3, we analyse the
prompts participants shared during the survey.
Of the 1,343 users, 54.4% shared their most re-
cent emotional support message (n=731). Shar-
ing rates varied significantly across countries
(χ2(6) = 45.16, p < .001): the UK was
most willing (67.4%), followed by Italy (62.1%),
France (58.9%), the USA (57.6%), and the Nether-
lands (50.8%), while Spain (46.5%) and Germany
(38.5%) shared the least. To identify common
themes, we clustered the prompts with HDBSCAN
(McInnes et al., 2017) by embedding them with
a multilingual sentence encoder (Reimers and
Gurevych, 2019) and using UMAP (McInnes et al.,
2020) for dimensionality reduction. Four clusters
emerged, and we used GPT-5.2 (OpenAI, 2025) to
name the clusters. To validate the clustering results,
we later asked GPT-5.2 to label every prompt with
one of the four categories. All labels agreed with
the clustering. To further understand the common
topics discussed in mental wellbeing prompts, we
conducted a semantic analysis and assigned each
one a primary topic. Details on clustering and topic
analysis are provided in Appendix F.

Results Of the 731 shared prompts, 267 (36.5%)
are about mental wellbeing and interpersonal con-
nection. The remainder covered physical health
and bodily autonomy (n=93), productivity and
knowledge (n=158), and others, such as filler text or
refusals (n=213). Demographics and culture play a
very limited role in shaping prompt categories, as
discussed in Appendix G. Within the wellbeing and
interpersonal connection category, we identify nine
topics: General stress, anxiety, and emotional regu-
lation are most common (n=147; 55.1%), followed
by relationship conflict and romantic uncertainty
(n=33; 12.4%), work, school, and financial pres-
sure (n=26; 9.7%), family and caregiving burdens
(n=16; 6.0%), and loneliness and social discon-
nection (n=14; 5.2%). Table 10 shows examples
of shared prompts representing these key topics.
Topic distributions are consistent across countries
(see Figure 14).

5 Discussion

Our results show heterogeneity along geographic
and sociodemographic lines: Demographics play
a significant role in shaping perceptions, with SES
and age group emerging as the most influential de-
terminants. While Anglosphere users present high

trust, mainland European users remain skeptical
regarding how LLMs handle sensitive information.
Perceptions are particularly negative in the Nether-
lands, consistent with previous findings showing
Dutch citizens rank last globally in attitudes to-
ward AI (Autoriteit Persoonsgegevens, 2025). This
likely reflects a complex interaction between men-
tal health stigma, access to care, digital literacy,
and privacy concerns—the cultural dimensions for
which nationality serves as a proxy. We outline
several candidate mechanisms below. Because our
design identifies country-level effects but cannot
test their sources directly, these should be read as
hypotheses to guide future work rather than estab-
lished explanations.

Regarding mental health stigma, “psychological
safety” is a key driver of adoption: users readily
disclose sensitive information because they do not
fear human judgment, consistent with the model
of computer-mediated communication (Joinson,
2001). Users are not just using LLMs as a cheaper
substitute for human therapists; they are seeking
them out because they are not human. This inverts
a pattern observed in customer service contexts,
where more human-like chatbot design can increase
trust (Amat-Lefort and van Driel, 2024). In emo-
tional support, the absence of a human interlocutor
is itself part of the appeal, which anthropomorphic
cues work against rather than reinforce.

Yet the absence of a human interlocutor is
double-edged: the same lack of judgment that
makes disclosure feel safe also removes the criti-
cal pushback a human might offer. Indeed, rather
than challenging users, LLMs systematically over-
affirm them (Cheng et al., 2025), so the psycho-
logical safety users value may come at the cost of
honest engagement (Yazan et al., 2026).

Mental health stigma may further account for
country-wise differences: Participants in the UK
are the most common adopters of LLMs for emo-
tional wellbeing and report more positive percep-
tions. Notably, adoption rates are much higher
than in the US despite similar ratings across con-
structs, possibly reflecting differing attitudes to-
wards mental health support, as it is more stigma-
tised in the U.K. (Digiuni et al., 2013; Todd and
Shapira, 1974). Another possible explanation is
access. The UK offers accessible, free-at-the-point-
of-use care through the National Health Service
(NHS), but with significant wait times. Therefore,
Britons may perceive LLMs as beneficial for emo-
tional support. Similarly, mental health stigma
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in Spain has significantly decreased over the last
few years (Varaona et al., 2024; Oblak, 2025), but
mental health support access remains low in many
European countries (Fiorillo, 2025).

Our results broadly align with general adop-
tion patterns for LLMs: their use is more com-
mon among younger and richer people (Bassig-
nana et al., 2025). These groups are generally con-
sidered to have higher digital literacy. However,
digital literacy involves not only the ability to use
technologies, but to engage with them critically.5

Given the uncertain benefits and dangers of relying
on such systems in emotionally sensitive contexts,
as well as the potential privacy implications of shar-
ing personal information with them, it is not clear
that this practice necessarily reflects digital liter-
acy. Dutch Data Protection Authority (AP) warned
that commercial AI therapy apps frequently harvest
sensitive data (Autoriteit Persoonsgegevens, 2025).
Furthermore, OpenAI’s CEO acknowledged the ab-
sence of legal “doctor-patient confidentiality” when
using chatbots as therapists (Perez, 2025). While
users feel safe, their data remains legally unpro-
tected, and technical fixes only go so far: local
deployment can keep sensitive disclosures off com-
mercial servers (Celep et al., 2026), but the absence
of legal confidentiality remains.

Beyond privacy concerns, emotional interaction
with AI systems raises important ethical concerns
(Curry and Cercas Curry, 2023; Gabriel et al.,
2024). Even among countries with lower adoption
rates, 1 in 5 people report getting emotional support
from LLMs. However, we currently lack bench-
marks and guidelines regarding desirable LLM be-
haviour in emotional support roles. Existing work
raises serious concerns: LLMs consistently pri-
oritize companionship-reinforcing over boundary-
maintaining behaviours (Kaffee et al., 2025), foster
dependency with documented risks of self-harm in
vulnerable users (Chu et al., 2025), and, despite
displaying empathy, fail to interpret emotions gen-
uinely and can make value judgements about cer-
tain identities (Cuadra et al., 2024). These limita-
tions are compounded by a broader structural gap:
emotion modeling in NLP has largely assumed
emotions are universally experienced, failing to
account for demographic and cultural variation
(Plaza-del-Arco et al., 2024a). Recent work simi-
larly shows that user demographics and individual

5https://www.cedefop.europa.eu/en/tools/
vet-glossary/glossary/digitale-alphabetisierung

differences in empathy shape preferences for LLM-
generated responses, suggesting that users may not
universally prefer the same response style (Wang
et al., 2025; Yazan et al., 2025). This is particu-
larly relevant for emotionally sensitive interactions,
where perceptions of an appropriate or empathetic
response may vary across users (a gap our cross-
country results suggest is consequential), as recent
work on culturally sensitive emotional support also
highlights (Liu et al., 2026). At the same time, NLP
systems can also misascribe emotions based on
stereotypes (Plaza-del-Arco et al., 2024b,c). This
structural gap also extends to language. As (Guo
et al., 2025) demonstrate, even multilingual LLMs
show English-centric biases that result in unnatu-
ral vocabulary and syntax when generating text in
non-English languages. Consequently, the greater
enthusiasm we observe in Anglosphere countries
may partly reflect a superior user experience for
English-speaking users.

Together, our findings point to a widening gap
between the perceived emotional competence of
LLMs and their demonstrated limitations in sen-
sitive interactions. As adoption grows, bench-
marks, governance frameworks, and AI literacy
programmes that help users critically assess these
systems become increasingly urgent.

6 Conclusion

We survey the use of LLMs for emotional and men-
tal wellbeing support across seven countries, ex-
amining how country-level and sociodemographic
factors are associated with adoption and user per-
ceptions. We find statistically significant differ-
ences in both adoption rates and perceptions across
all measured constructs. In particular, higher so-
cioeconomic status, younger age, being partnered,
and religious belief are consistently associated with
more positive perceptions of trust, perceived bene-
fits, and usage intention. We collected 731 prompts
from real prior interactions, finding that use centers
on stress, anxiety, loneliness, and relationship diffi-
culties. Our cross-country analysis reveals a robust
Anglosphere–Continental Europe divide that per-
sists even after controlling for demographics. Fu-
ture work should explore adoption of these tools be-
yond Western contexts, develop multilingual bench-
marks for emotionally sensitive interactions, and
establish governance frameworks and AI literacy
programmes to ensure safe and informed use.
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Limitations

Several limitations should be acknowledged. First,
regarding sample representativeness: demographic
composition varied across countries in age, educa-
tion, and socioeconomic status, and within coun-
tries, the demographic profiles of AI users and
non-users diverged notably, particularly in the UK
and the USA. Additionally, panel respondents may
differ from the general population in digital liter-
acy. Second, the user/non-user classification re-
lied on a single self-report filter question, which
may be subject to social desirability bias or vary-
ing interpretations of what constitutes "emotional
support" across languages and cultures. Third, the
seven-country sample is limited to Western and
Southern European contexts plus the USA, which
may limit generalizability to regions where norms
around self-disclosure, mental health, and technol-
ogy use differ. Fourth, Likert-scale self-reports are
susceptible to acquiescence bias and cross-cultural
differences in response style, which may partially
confound country comparisons. Fifth, our findings
predominantly reflect a single system: ChatGPT ac-
counts for 79.7% of users in our sample (Figure 7).
Since systems differ in conversational style, safety
guardrails, and performance across languages, the
perceptions we measure may not generalize to
other models. Finally, our operationalization of
culture is necessarily coarse. Country functions as
a proxy that bundles cultural norms with other sys-
tematic country-level differences (e.g., healthcare
systems, regulatory regimes, LLM market pene-
tration) which our design cannot fully disentangle.
Individual-level variables such as religion and so-
cioeconomic status carry cultural texture but do
not fully capture the relevant cultural dimensions.
Our cultural interpretations of the residual country
effects should therefore be read as plausible expla-
nations to be tested directly in future work, rather
than established causal mechanisms.

Ethical Considerations

This study was approved by the Economics and
Business Ethics Committee of the University of
Amsterdam with reference number EB-18813. Re-
search on the use of LLMs for emotional support
and mental wellbeing raises ethical considerations
related to privacy, mental health sensitivity, and
responsible interpretation of user experiences. Be-
cause individuals may disclose highly personal in-
formation when interacting with AI systems in emo-

tionally vulnerable contexts, careful attention to
data collection, participant protection, and report-
ing practices is required.

Users may discuss mental health struggles, inter-
personal conflicts, or other highly personal topics
when interacting with LLMs. Collecting descrip-
tions or examples of such interactions, therefore,
poses risks of exposing sensitive information. To
mitigate this, we did not collect directly identifying
information and asked participants not to include
identifying details in open-ended responses or ex-
ample prompts. Data were analyzed in aggregated
form, and any illustrative examples were edited
or paraphrased to prevent re-identification. More
broadly, our findings highlight a tension between
the perceived privacy of LLM interactions and the
potential sensitivity of the information users dis-
close to AI systems.

Participants were informed about the purpose
of the study, the types of information collected,
including sociodemographic variables and descrip-
tions of LLM use, and how their responses would
be used for research and publication. Participation
was voluntary, and participants could withdraw be-
fore submitting the survey.

Although the study does not target clinical popu-
lations, individuals seeking emotional support from
LLMs may be experiencing distress or limited ac-
cess to other forms of support. Survey questions
were therefore designed to focus on patterns of
use and perceptions (e.g., acceptance of and an-
thropomorphic attitudes toward LLMs) rather than
encouraging detailed disclosure of traumatic expe-
riences. When reporting results, we avoid framing
LLMs as substitutes for professional mental health
care and instead emphasize that the study captures
users’ perceptions and behaviors.

To minimize ambiguity and avoid potentially
leading or stigmatizing questions about mental
health, the survey relied on established measure-
ment scales for constructs such as technology ac-
ceptance and anthropomorphic perceptions of AI.
Using validated instruments helps ensure that ques-
tions are interpretable, comparable to prior re-
search, and less likely to introduce unintended
framing effects when studying sensitive behaviors
related to emotional support.

Participants received compensation aligned with
the norms of the recruitment platform and the esti-
mated survey duration.
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A User Interaction Patterns and
Perceived Benefits

Figure 7 presents an overview of user interaction
patterns with AI agents for mental wellbeing and
emotional support, including the main usage pur-
poses.

Figure 8 shows the key benefits of seeking sup-
port from AI agents, ranked by their average scores
provided by users (from 1 to 5). In Figure 9, we
present the average scores for different Perceived
Benefits across countries.
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Figure 7: Overview of user interaction patterns with AI agents for mental wellbeing and emotional support:
distribution by (a) Frequency of use, (b) Most-used agents, (c) Preferred devices, and (d) Grouped functional
purposes.
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Figure 8: Top-rated Perceived Benefits of AI conversational agents for mental wellbeing and emotional support.
Global average scores (Scale: 1-5). Top 3 benefits highlighted.

Figure 9: Perceived Benefits across countries. Average scores (Scale: 1-5). Countries ordered by overall enthusiasm
(Left to Right).
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B User and Non-User Demographic
Breakdown

This section provides the total sample sizes of users
and non-users across countries (Table 1), a full
demographic breakdown of both user groups, all
countries combined (Table 2), and a demographic
breakdown of user groups per country (Table 3).

Country Users Non
Users Total % User

ESP 200 208 408 49.0%
FRA 190 750 940 20.2%
GER 192 590 782 24.6%
ITA 198 480 678 29.2%
NED 195 741 936 20.8%
UK 184 128 312 59.0%
USA 184 401 585 31.5%

Total 1,343 3,298 4,641 28.9%

Table 1: Adoption rates of AI conversational agents for
mental wellbeing and emotional support across seven
countries.

Users Non-Users Total
1,343 3,298 4,641

Gender (%)
Men 660 (49.1) 1,598 (48.5) 2,258 (48.7)
Women 681 (50.7) 1,687 (51.2) 2,368 (51.0)
Non-binary/Other 2 (0.2) 13 (0.3) 15 (0.3)

Age (%)
Under 18 2 (0.1) 22 (0.7) 24 (0.5)
18–24 109 (8.1) 78 (2.4) 187 (4.0)
25–34 409 (30.5) 237 (7.2) 646 (13.9)
35–44 370 (27.6) 459 (13.9) 829 (17.9)
45–54 249 (18.5) 697 (21.1) 946 (20.4)
55–64 133 (9.9) 808 (24.5) 941 (20.3)
65+ 71 (5.3) 997 (30.2) 1,068 (23.0)

Education (%)
Primary school 17 (1.3) 177 (5.4) 194 (4.2)
HS 277 (20.7) 1,201 (36.8) 1,478 (32.1)
Some college, no degree 83 (6.2) 230 (7.1) 313 (6.8)
Associate degree 138 (10.3) 480 (14.7) 618 (13.4)
BSc 308 (23.0) 465 (14.3) 773 (16.8)
MSc 263 (19.6) 290 (8.9) 553 (12.0)
PhD 78 (5.8) 60 (1.8) 138 (3.0)
Professional degree 175 (13.1) 357 (11.0) 532 (11.6)

Religion (%)
Christianity 797 (59.3) 1,791 (54.3) 2,588 (55.8)
Islam 83 (6.2) 78 (2.4) 161 (3.5)
No religion 373 (27.8) 1,184 (35.9) 1,557 (33.6)
Other 52 (3.9) 119 (3.6) 171 (3.7)
Prefer not to say 38 (2.8) 126 (3.8) 164 (3.5)

Marital Status (%)
Single 385 (28.7) 807 (24.5) 1,192 (25.7)
Married/Partnership 864 (64.3) 1,881 (57.0) 2,745 (59.1)
Divorced 62 (4.6) 342 (10.4) 404 (8.7)
Separated 9 (0.7) 60 (1.8) 69 (1.5)
Widowed 15 (1.1) 179 (5.4) 194 (4.2)
Prefer not to say 8 (0.6) 29 (0.9) 37 (0.8)

SES (%)
1 (Worst off) 11 (0.8) 66 (2.0) 77 (1.7)
2 17 (1.3) 96 (2.9) 113 (2.4)
3 48 (3.6) 220 (6.7) 268 (5.8)
4 114 (8.5) 340 (10.3) 454 (9.8)
5 181 (13.5) 658 (20.0) 839 (18.1)
6 240 (17.9) 717 (21.7) 957 (20.6)
7 306 (22.8) 688 (20.9) 994 (21.4)
8 239 (17.8) 341 (10.3) 580 (12.5)
9 101 (7.5) 69 (2.1) 170 (3.7)
10 (Best off) 86 (6.4) 103 (3.1) 189 (4.1)

Table 2: Breakdown of demographic differences be-
tween users and non-users. The most common groups
are boldfaced.
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C Geographic Differences in Trust &
Privacy Perceptions

Figure 10 presents mean agreement scores for trust
and privacy perceptions of mental wellbeing chat-
bots across seven countries, with items sorted by
ascending global average. In both panels, the
UK and USA consistently score highest, cluster-
ing toward the ’Strongly Agree’ end of the scale,
while continental European countries tend to rate
lower. Trust perceptions show relatively tight cross-
country clustering on items like ’Provided info is
trusted,’ but greater spread on ’Provides credible
info’ and ’Honest about limitations.’ Privacy per-
ceptions exhibit a similar UK/USA–continental Eu-
rope divide, with the largest cross-country variation
appearing on items related to emotional safety and
professional help advice. Across both constructs,
the Netherlands usually has the most negative per-
ceptions, distinguishing itself from other European
countries. Dutch participants especially rate LLMs’
honesty about limitations and interaction privacy
low, showing skepticism.
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(a) Trust perceptions

(b) Privacy perceptions

Figure 10: Trust and privacy perceptions by country. Items sorted by global average (ascending). Scores represent
mean agreement on a 1–5 Likert scale.
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BENF USE TRU

Country x̄ x̃ σ x̄ x̃ σ x̄ x̃ σ

Combined 4.00 4.00 0.62 3.77 3.86 0.80 3.78 3.80 0.72
ESP 3.91 4.00 0.69 3.64 3.71 0.85 3.60 3.70 0.84
FRA 3.95 4.00 0.64 3.69 3.86 0.85 3.67 3.80 0.74
ITA 3.89 3.90 0.55 3.53 3.57 0.73 3.63 3.70 0.62
GER 3.87 4.00 0.67 3.68 3.86 0.81 3.65 3.80 0.71
NED 3.75 3.80 0.56 3.42 3.43 0.79 3.49 3.60 0.59
UK 4.39 4.40 0.44 4.22 4.29 0.61 4.30 4.40 0.53
USA 4.24 4.30 0.46 4.17 4.21 0.53 4.14 4.25 0.59

Table 4: Descriptive statistics for each construct by
country. x̄ = mean; x̃ = median; σ = standard deviation.
The highest mean and median scores are bold-faced.

D Descriptive Statistics for Constructs
Descriptive statistics for all constructs per country
are shown in Table 4. The demographic breakdown
of constructs is represented in Table 5. The full sta-
tistical test results mentioned in §4.2 are displayed
in Table 6, and visualized in Figure 11.

Looking at the tables, the UK has the highest
mean and median scores in all constructs, with the
US following closely. The table and the figure con-
firm that both the UK and the USA statistically
differ from the rest of the countries across all con-
structs. Within, they only differ in BENF. It is
evident that the Anglosphere forms a separate clus-
ter. Following this, the remaining countries form
their own cluster: Germany does not statistically
differ from any mainland European country except
the Netherlands. Italy aligns with the Netherlands,
Spain, and Germany in all constructs and differs
from France in one construct. Spain differs from
the Netherlands in two constructs. This pattern
confirms that the Netherlands distinguishes itself
from the others.

Figure 11: Pairwise country comparisons showing the
number of constructs (out of 3) that differ significantly
between each pair. The UK and the USA clearly deviate
from the mainland European countries and form their
own cluster.
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BENF USE TRU

x̄ x̃ σ x̄ x̃ σ x̄ x̃ σ

Gender
Female 4.00 4.00 0.61 3.73 3.86 0.82 3.74 3.80 0.74
Male 3.99 4.00 0.62 3.79 3.86 0.77 3.81 3.90 0.71

Age
18–24 3.89 4.00 0.65 3.57 3.71 0.85 3.55 3.70 0.81
25–34 4.07 4.10 0.60 3.87 4.00 0.76 3.87 3.90 0.70
35–44 4.03 4.10 0.59 3.85 4.00 0.75 3.86 3.90 0.70
45–54 3.97 4.00 0.63 3.67 3.86 0.81 3.69 3.80 0.77
55–64 3.88 4.00 0.63 3.61 3.71 0.84 3.67 3.80 0.67
65+ 3.82 3.80 0.64 3.48 3.57 0.87 3.59 3.70 0.61

Education
Primary school 4.04 3.90 0.62 3.78 4.00 0.91 3.67 3.50 0.64
High school 3.91 4.00 0.62 3.67 3.71 0.79 3.71 3.80 0.66
Some college 3.98 4.00 0.64 3.58 3.71 0.86 3.70 3.80 0.73
Associate degree 3.85 3.85 0.64 3.57 3.71 0.87 3.58 3.70 0.81
BSc 4.03 4.10 0.57 3.80 3.86 0.76 3.80 3.90 0.73
MSc 4.06 4.10 0.62 3.82 4.00 0.82 3.88 3.90 0.75
PhD 4.29 4.40 0.51 4.17 4.29 0.63 4.13 4.20 0.68
Professional degree 3.93 4.00 0.64 3.76 3.86 0.74 3.71 3.80 0.67

Religion
Christianity 4.06 4.10 0.60 3.85 4.00 0.78 3.87 3.90 0.72
Islam 4.11 4.10 0.50 3.99 4.00 0.70 3.94 4.00 0.68
No religion 3.85 3.90 0.65 3.50 3.57 0.83 3.54 3.60 0.71
Other 4.00 4.10 0.55 3.82 3.93 0.78 3.83 3.90 0.70
Prefer not to say 3.85 3.95 0.58 3.67 3.71 0.65 3.65 3.70 0.66

Marital Status
Single 3.86 3.90 0.62 3.57 3.71 0.84 3.57 3.60 0.72
Married/Partnership 4.06 4.10 0.60 3.86 4.00 0.77 3.89 4.00 0.71
Divorced 3.99 4.05 0.54 3.68 3.86 0.72 3.66 3.80 0.51
Separated 3.34 3.60 0.57 3.29 3.43 0.74 3.00 3.60 0.90
Widowed 3.90 3.90 0.64 3.83 3.86 0.67 3.61 3.80 0.63
Prefer not to say 3.51 3.35 0.62 2.98 3.07 1.02 3.11 3.10 0.36

SES
1 (Worst off) 4.12 4.30 0.72 3.78 4.00 1.05 3.93 4.00 0.79
2 3.74 3.90 0.85 3.59 4.00 0.96 3.49 3.70 0.94
3 3.90 3.90 0.71 3.66 3.71 0.88 3.54 3.60 0.78
4 3.92 4.00 0.66 3.66 3.71 0.83 3.61 3.65 0.75
5 3.87 3.90 0.65 3.54 3.57 0.79 3.60 3.70 0.77
6 3.99 4.00 0.57 3.70 3.71 0.76 3.72 3.80 0.63
7 3.94 4.00 0.57 3.66 3.86 0.79 3.69 3.75 0.69
8 3.97 4.00 0.62 3.79 3.86 0.78 3.85 3.90 0.68
9 4.28 4.30 0.41 4.16 4.14 0.56 4.15 4.20 0.50
10 (Best off) 4.36 4.50 0.62 4.39 4.57 0.63 4.32 4.60 0.78

Table 5: Descriptive statistics for each construct by demographic group. x̄ = mean; x̃ = median; σ = standard
deviation. The highest mean and median within each demographic category are bold-faced. Groups with n < 5 are
omitted.
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BENF USE TRU

U padj U padj U padj

UK–USA 20035 .021 18304 .878 19644 .069
UK–ESP 26294 < .001 26142 < .001 27886 < .001
UK–FRA 25017 < .001 24341 < .001 26482 < .001
UK–GER 26482 < .001 25086 < .001 27288 < .001
UK–ITA 28062 < .001 28246 < .001 29109 < .001
UK–NED 29501 < .001 28706 < .001 30539 < .001

USA–UK 20035 .021 18304 .878 19644 .069
USA–ESP 23560 < .001 25414 < .001 25780 < .001
USA–FRA 22198 < .001 23558 < .001 24339 < .001
USA–GER 23852 < .001 24370 < .001 25166 < .001
USA–ITA 25302 < .001 27782 < .001 27068 < .001
USA–NED 27024 < .001 28290 < .001 28636 < .001

ESP–UK 26294 < .001 26142 < .001 27886 < .001
ESP–USA 23560 < .001 25414 < .001 25780 < .001
ESP–FRA 18415 1.000 18276 1.000 18501 1.000
ESP–GER 20028 1.000 18797 1.000 19050 1.000
ESP–ITA 21062 1.000 22104 .266 20434 1.000
ESP–NED 22992 .021 22960 .020 22245 .123

FRA–UK 25017 < .001 24341 < .001 26482 < .001
FRA–USA 22198 < .001 23558 < .001 24339 < .001
FRA–ESP 18415 1.000 18276 1.000 18501 1.000
FRA–GER 16734 .812 17868 1.000 17962 1.000
FRA–ITA 20878 .364 21834 .049 19950 1.000
FRA–NED 14247 < .001 14464 .002 15278 .032

GER–UK 26482 < .001 25086 < .001 27288 < .001
GER–USA 23852 < .001 24370 < .001 25166 < .001
GER–ESP 20028 1.000 18797 1.000 19050 1.000
GER–FRA 16734 .812 17868 1.000 17962 1.000
GER–ITA 19466 1.000 21743 .097 19988 1.000
GER–NED 16000 .106 14962 .006 15535 .037

ITA–UK 28062 < .001 28246 < .001 29109 < .001
ITA–USA 25302 < .001 27782 < .001 27068 < .001
ITA–ESP 21062 1.000 22104 .266 20434 1.000
ITA–FRA 20878 .364 21834 .049 19950 1.000
ITA–GER 19466 1.000 21743 .097 19988 1.000
ITA–NED 16832 .194 18012 1.000 16968 .263

NED–UK 29501 < .001 28706 < .001 30539 < .001
NED–USA 27024 < .001 28290 < .001 28636 < .001
NED–ESP 22992 .021 22960 .020 22245 .123
NED–FRA 14247 < .001 14464 .002 15278 .032
NED–GER 16000 .106 14962 .006 15535 .037
NED–ITA 16832 .194 18012 1.000 16968 .263

Table 6: Pairwise Mann–Whitney U Statistics and Holm-
Adjusted p-Values Across Constructs. Bold values
indicate statistical significance after Holm correction
(padj < .05).
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E Mixed Model Analysis of Perceived
Benefits, Trust, and Usage

We provide the full results table for the CLMMs
in this section. Figure 12 shows the fixed effect
estimates by age group, and Figure 13 shows the
SES estimates across models; the demographics
that had the largest negative and positive estimates,
respectively.

The usage intention results (Table 8) closely mir-
ror trust and privacy. Age again emerges as a con-
sistent predictor: middle-aged adults (25–44) hold
the most positive attitudes, while older adults (55+)
show the largest negative effects. Unlike trust and
privacy, however, Gender is not significant for us-
age intention. Among education levels, “Some col-
lege, no degree” is a significant negative predictor
alongside MSc, while High School does not reach
significance. Religion and marital status replicate
the previous findings: non-religious respondents
report lower usage intention, and single individu-
als score lower than those who were married or
partnered, though divorce was not significant. SES
remains the most impactful fixed effect, with the
highest group (10) again showing the largest posi-
tive effect. The random effects tell a similar story:
the conditional ICC is 0.050, indicating that only
5.0% of residual variance is between countries, and
the likelihood ratio test again confirms that the
country-level effect is significant (χ2(1) = 294.77,
p < .001). Country rankings are nearly identical,
with Anglophone countries (UK, USA) showing
positive intercepts and the Netherlands showing
the most negative, reinforcing the cross-construct
consistency of these country-level differences.

The perceived benefits results (Table 9) largely
reinforce the patterns observed for trust and us-
age. Older adults (55+) again report significantly
lower scores. Gender is non-significant, consis-
tent with usage. Religion maintains the same di-
rection across all three constructs: non-religious
respondents report lower perceived benefits com-
pared to Christians, while Muslims and other reli-
gions do not differ from the reference group. Being
single remains a robust negative predictor across
all constructs, underscoring the consistent associ-
ation between marital status and chatbot attitudes.
SES remains the most impactful fixed effect: the
highest group (10) has the largest positive effect,
and groups 9 and above are consistently signifi-
cant across trust, usage intention, and perceived
benefits, confirming that higher socioeconomic

Figure 12: Compared to the reference group (25-34
years old), older generations show lower Trust, Per-
ceived Benefits, and Usage Intention.

Figure 13: Compared to the reference group (SES = 7),
higher SES drives Trust, Perceived Benefits, and Usage
Intention.

status is reliably associated with more favorable
chatbot perceptions. The country-level random
effects tell a familiar story: the conditional ICC
is 0.042, and the likelihood ratio test confirms
that between-country variance remains significant
(χ2(1) = 330.41, p < .001). The country rank-
ing is virtually identical to trust and usage inten-
tion, with the UK and the USA showing positive
intercepts and the Netherlands the most negative,
further reinforcing the robustness of Anglophone-
Continental European attitudinal differences across
constructs. Notably, education is the one domain
where Perceived Benefits diverged, with no signifi-
cant effects.

F Prompt Categorization and Topic
Analysis

F.1 Clustering

The following prompt is used to name the identified
clusters:

Identify the unifying theme and assign
one concise meta-category (1–4 words)
that captures it.
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Estimate SE z p

Fixed Effects

Gender (Ref: Male)
Female -0.117 0.034 -3.403 < .001

Age (Ref: 25-34 years)
18-24 years -0.213 0.073 -2.925 .003
35-44 years -0.051 0.046 -1.101 .271
45-54 years -0.106 0.053 -1.994 .046
55-64 years -0.253 0.066 -3.818 < .001
65+ years -0.505 0.084 -6.016 < .001

Education (Ref: BSc)
HS 0.144 0.055 2.616 .009
AD 0.056 0.066 0.841 .400
Some Col. -0.103 0.078 -1.315 .188
Prof. Deg. -0.067 0.060 -1.130 .259
MSc -0.120 0.053 -2.271 .023
PhD 0.048 0.083 0.578 .563

Religion (Ref: Christianity)
None -0.260 0.041 -6.303 < .001
Islam 0.135 0.073 1.842 .066
Other 0.062 0.090 0.686 .493

Marital status (Ref: Married/Partnership)
Single -0.321 0.043 -7.509 < .001
Divorced -0.241 0.081 -2.962 .003

SES (Ref: 7)
1–3 (Lowest) -0.215 0.088 -2.442 .015
4 -0.019 0.070 -0.277 .782
5 -0.117 0.060 -1.949 .051
6 0.065 0.054 1.198 .231
8 0.224 0.053 4.254 < .001
9 0.554 0.072 7.657 < .001
10 (Best off) 1.275 0.084 15.239 < .001

Random Effects

Country σ2 = 0.214, SD = 0.463
Netherlands -0.542
Italy -0.276
Spain -0.259
Germany -0.208
France -0.105
United States 0.581
United Kingdom 0.809

HS = High School, AD = Associate Degree, Some Col. = Some college, no degree,
Prof. Deg. = Professional Degree, None = No religion.

Table 7: Cumulative Link Mixed Model Results for
Trust and Privacy.

Cluster:
{prompts}

Output only the category name.

We reviewed the proposed names against the
sampled prompts, checking that categories were
coherent and faithful to the prompt content.

We further clustered the four identified groups
into sub-clusters, using the same method. We do
not report the sub-clustering results in the paper
since we later apply a topic analysis that provides
a better, fine-grained analysis of the underlying
themes. However, the following prompt, which
is used to validate the clustering results by asking
GPT-5.2 to categorize each prompt into a class and
a subclass, provides information about the main

Estimate SE z p

Fixed Effects

Gender (Ref: Male)
Female -0.036 0.041 -0.879 .380

Age (Ref: 25-34 years)
18-24 years -0.147 0.086 -1.710 .087
35-44 years -0.077 0.054 -1.421 .155
45-54 years -0.147 0.063 -2.330 .020
55-64 years -0.340 0.079 -4.280 < .001
65+ years -0.654 0.102 -6.394 < .001

Education (Ref: BSc)
HS 0.099 0.066 1.498 .134
AD 0.015 0.079 0.191 .849
Some Col. -0.281 0.094 -2.989 .003
Prof. Deg. 0.031 0.071 0.434 .664
MSc -0.194 0.062 -3.133 .002
PhD 0.181 0.097 1.860 .063

Religion (Ref: Christianity)
None -0.282 0.049 -5.727 < .001
Islam 0.092 0.086 1.067 .286
Other -0.012 0.106 -0.116 .907

Marital status (Ref: Married/Partnership)
Single -0.262 0.051 -5.134 < .001
Divorced -0.140 0.098 -1.424 .154

SES (Ref: 7)
1–3 (Lowest) -0.054 0.106 -0.509 .611
4 0.099 0.084 1.193 .233
5 -0.241 0.071 -3.411 < .001
6 0.062 0.064 0.976 .329
8 0.155 0.062 2.478 .013
9 0.588 0.085 6.877 < .001
10 (Best off) 1.215 0.097 12.477 < .001

Random Effects

Country σ2 = 0.173, SD = 0.416
Netherlands -0.540
Italy -0.346
Spain -0.204
Germany -0.096
France -0.024
United Kingdom 0.585
United States 0.624

HS = High School; AD = Associate Degree; Some Col. = Some college, no degree;
Prof. Deg. = Professional Degree; None = No religion.

Table 8: Cumulative Link Mixed Model Results for
Usage Intention.
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Estimate SE z p

Fixed Effects

Gender (Ref: Male)
Female 0.032 0.035 0.913 .361

Age (Ref: 25-34 years)
18-24 years 0.005 0.073 0.075 .941
35-44 years -0.067 0.047 -1.440 .150
45-54 years -0.034 0.054 -0.636 .525
55-64 years -0.255 0.067 -3.790 < .001
65+ years -0.450 0.086 -5.228 < .001

Education (Ref: BSc)
HS 0.017 0.056 0.299 .765
AD -0.027 0.067 -0.402 .688
Some Col. -0.025 0.080 -0.309 .757
Prof. Deg. -0.093 0.061 -1.530 .126
MSc -0.066 0.053 -1.243 .214
PhD 0.138 0.082 1.685 .092

Religion (Ref: Christianity)
None -0.114 0.042 -2.717 .007
Islam -0.037 0.072 -0.514 .607
Other -0.030 0.090 -0.338 .735

Marital status (Ref: Married/Partnership)
Single -0.241 0.044 -5.542 < .001
Divorced 0.009 0.083 0.111 .912

SES (Ref: 7)
1–3 (Lowest) 0.000 0.090 0.002 .998
4 0.046 0.071 0.649 .516
5 -0.152 0.061 -2.504 .012
6 0.094 0.055 1.722 .085
8 0.000 0.053 -0.005 .996
9 0.442 0.073 6.090 < .001
10 (Best off) 0.776 0.082 9.486 < .001

Random Effects

Country σ2 = 0.143, SD = 0.379
Netherlands -0.500
Germany -0.243
Italy -0.203
Spain -0.116
France -0.029
United States 0.422
United Kingdom 0.668

HS = High School; AD = Associate Degree; Some Col. = Some college, no degree;
Prof. Deg. = Professional Degree; None = No religion.

Table 9: Cumulative Link Mixed Model Results for
Perceived Benefits.

subclasses:
{

"task": "Prompt Subcategory Classification (Cluster-Derived
Class + Subclass)",

"taxonomy_source": "The broad classes and subclasses were
defined after reviewing the prompt-clustering results.

Classification applies that identified cluster-derived taxonomy
to each prompt.",

"instruction": "You are a prompt subcategory classification
system. Analyze a user prompt and assign it to exactly one

Subclass from the taxonomy below; also return the parent Class
for that Subclass.",

"rules": [
"Prioritize the single best-fitting Subclass based on the

prompt's primary intent.",
"Return the Class that contains the selected Subclass.",
"Use examples as guidance only; they are not exhaustive.",
"If the prompt fits a Class but does not clearly match any

Subclass, select 'Other'.",
"Do not invent new subclasses.",
"If the prompt is empty, non-informative, or explicitly
refuses to provide information, classify it under 'Survey
Interaction & Privacy Barriers'.",

"Do not explain your reasoning unless explicitly asked.",
"Output only valid JSON in the specified format."

],
"output_format": {

"class": "string",
"subclass": "string"

},
"taxonomy": {

"Mental Well-being & Interpersonal Connection": {
"Emotional Regulation & Coping": {
"examples": [

"How to cope with school and work stress",
"I'm feeling stressed and overwhelmed",
"I feel like I don't belong",
"Am I being unreasonable?",
"I feel stuck. I can't move forward."

]
},
"Relationship Dynamics": {
"examples": [

"I feel like my fiance is pulling away",
"How to react to the guy I am dating not texting me",
"How to handle arguments at home",
"Write a condolence message"

]
},
"Other": {
"examples": [

"General emotional or interpersonal concerns not
captured above"

]
}

},
"Physical Health & Bodily Autonomy": {

"Medical Information & Symptoms": {
"examples": [

"Causes of chronic kidney disease",
"Is painful breast a sign of pregnancy",
"Hernia",
"Treatment of Candida",
"Clonidine en Rivotril samen?"

]
},
"Lifestyle Optimization": {
"examples": [

"Pros and cons of coffee versus tea",
"Recipes",
"Best skincare brands",
"Piercing advice"

]
},
"Other": {

"examples": [
"Health-related prompts that do not clearly fit the

above subclasses"
]

}
},
"Productivity & Knowledge": {
"Professional & Educational Support": {

"examples": [
"Rewrite my resume",
"Introduce a sales plan",
"Explain to a child",
"Do I need formal education to have a master's?"

]
},
"Creative Projects & Entertainment": {

"examples": [
"Create a realistic story",
"Cinematic poster",
"Random things",
"Genshin Impact"

]
},
"Daily Logistics & Information": {

"examples": [
"iPhone XS vs XR",
"Weather today"

]
},
"Other": {

"examples": [
"Requests for information or help that do not fit the

above"
]

}
},
"Survey Interaction & Privacy Barriers": {
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"Privacy Refusal": {
"examples": [
"I don't feel comfortable sharing this",
"Dat is privé"

]
},
"System Feedback": {

"examples": [
"It's the best",
"Chatbot has been more improved"

]
},
"Null or Filler Input": {

"examples": [
"None",
"Ok",
"No thanks"

]
}

}
},
"example": {

"input_prompt": "I feel exhausted all the time and nothing
seems to help.",

"output": {
"class": "Mental Well-being & Interpersonal Connection",
"subclass": "Emotional Regulation & Coping"

}
}

}

GPT-5.2 with the OpenAI Responses API is used
with temperature = 0, max_output_tokens =
150 for both tasks.

F.2 Topic Analysis

We conduct the topic analysis on the 267 prompts
assigned to Mental Well-being & Interpersonal
Connection. As an exploratory step, we represent
the multilingual prompts using TF–IDF features
derived from words and short phrases and apply
non-negative matrix factorization (NMF) to iden-
tify eight provisional components. We inspect the
most salient terms and representative prompts as-
sociated with each component to identify recur-
rent patterns. We then review all prompts semanti-
cally and refine the provisional themes according
to their primary intent. We consolidate overlapping
themes into nine mutually exclusive topics and as-
sign each prompt one primary topic. Ambiguous
prompts and those dominated by copied chatbot
responses or meta-level content are assigned to
Other/unclear/chatbot-meta.

Table 10 shows examples of shared prompts
representing the following five key topics: gen-
eral stress and anxiety, relationship conflict, family
and caregiving, loneliness, and trauma and mental
health.

G Demographic Influence on Prompt
Categories and Topics

We cross-tabulated the four prompt categories
against each demographic variable, using χ2 tests
of independence for the nominal variables and a
Kruskal–Wallis test for SES. We report the bias-

corrected Cramér’s V (and ε2 for SES) as effect
sizes and apply a Holm correction across the six
tests. Respondents who selected “prefer not to say”
are excluded. Table 11 shows that only gender sur-
vives correction, and its effect is small (V = 0.13):
women were more likely than men to share mental
wellbeing (40.9% vs. 32.3%) and physical health
prompts (15.3% vs. 10.2%), and less likely to share
productivity prompts (17.0% vs. 25.9%). SES, Age,
education, religion, and marital status show no as-
sociation after correction.

Germany stands out as a country that shared
significantly more filler prompts: 63.5% of Ger-
man responses were filler, generic feedback, or a
refusal, against 13.7% of British ones, leaving Ger-
many with only 27 substantive prompts (prompts
that fall under Mental Well-being & Interpersonal
Connection, Physical Health & Bodily Autonomy,
and Productivity & Knowledge). Restricted to
substantive prompts, the country effect disappears
(χ2(12) = 13.31, p = .35, V = .04). Mental well-
being accounts for 41–56% of substantive prompts
everywhere (Table 12).

We did not conduct a similar analysis for the
mental wellbeing topics since sample sizes for
some countries and demographics were too small
(e.g, only 11 in mental wellbeing prompts for Ger-
many). Therefore, we present a descriptive figure
showing the topic distribution between countries in
Figure 14.

H Questionnaire
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Topic UK USA Netherlands

General stress & anxiety “I’m feeling down today and
need some motivational advice
or coping strategies to improve
my mood.”

“I’m feeling stressed and over-
whelmed, can you give me
some tips to relax and feel more
in control?”

“Welke tips en trucs zijn er om
goed om te gaan met stress?”
[What tips are there to deal with
stress?]

Relationship conflict “How to handle arguments at
home.”

“How to react to the guy I am
dating not texting me for a cou-
ple of days?”

“Hoe omgaan met wispelturige
partner.” [How to deal with an
unpredictable partner.]

Family & caregiving “Can you help me with ways I
can handle a tiring sibling?”

“What to do when a child up-
sets me.”

“Hoe moet ik omgaan met het
feit dat mijn dochters geen con-
tact willen hebben met mij?”
[How do I cope with my daugh-
ters cutting contact with me?]

Loneliness “Most times I feel like I don’t
belong. Like people always
feel off. What could possibly
be wrong?”

“How to deal with stress and
anxiety alone?”

“Wat te doen tegen eenzaam
voelen.” [What to do about feel-
ing lonely.]

Trauma & mental health “How to manage stress and de-
pression and overcome an abu-
sive partner.”

“How to deal with a terminal
diagnosis.”

“Verwerking rouw dood opa.”
[Processing grief after my
grandfather’s death.]

Table 10: Representative shared user prompts across five themes for the UK (country with highest TRU, BENF,
and USE construct scores), USA (second highest), and the Netherlands (lowest). Dutch prompts are shown in the
original language with translations in brackets. Prompts lightly edited for length and anonymization.

Stat. df p padj Effect

Gender χ2=15.52 3 .001 .009 V = .13
Age χ2=13.61 15 .556 1.000 V <.01
Education χ2=17.25 21 .696 1.000 V <.01
Religion χ2=12.14 9 .205 .821 V = .04
Marital status χ2=7.95 6 .242 .821 V = .04
SES H=10.05 3 .018 .091 ε2= .010

Table 11: Association between respondent demograph-
ics and the category of the prompt they shared. padj:
Holm-corrected across the six tests. Bold: significant
after correction.

Wellbeing Health Product. Filler Total

UK 53 (42.7) 21 (16.9) 33 (26.6) 17 (13.7) 124
ITA 57 (46.3) 16 (13.0) 29 (23.6) 21 (17.1) 123
FRA 40 (35.7) 12 (10.7) 26 (23.2) 34 (30.4) 112
USA 38 (35.8) 7 (6.6) 25 (23.6) 36 (34.0) 106
NED 35 (35.4) 17 (17.2) 11 (11.1) 36 (36.4) 99
ESP 33 (35.5) 14 (15.1) 24 (25.8) 22 (23.7) 93
GER 11 (14.9) 6 (8.1) 10 (13.5) 47 (63.5) 74

267 (36.5) 93 (12.7) 158 (21.6) 213 (29.1) 731

Table 12: Distribution of the 731 shared prompts across
categories by country. Parentheses represent the % of
that country’s shared prompts. Wellbeing: Mental Well-
being & Interpersonal Connection; Health: Physical
Health & Bodily Autonomy; Product.: Productivity
& Knowledge; Filler: Survey Interaction & Privacy
Barriers.
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Figure 14: Topic distribution of shared prompts related to mental wellbeing across countries.

Construct Questionnaire Item Source

Trust
I trust the information or support this chatbot provides. (Marimon et al., 2024)
The chatbot provides credible information. (Marimon et al., 2024)
I trust that this chatbot is honest and transparent about what it can and cannot do. Authors
Overall, I trust the chatbot. (Schmidmaier et al., 2024)

Privacy
The chatbot clearly communicates its limitations in providing emotional support. Authors
I trust the chatbot to handle sensitive information safely. (Marimon et al., 2024)
I feel confident that my interactions with the chatbot are private. (Marimon et al., 2024)
Overall, I believe this chatbot is safe and respectful of my privacy. Authors
I feel safe sharing my emotions with the chatbot. (Marimon et al., 2024)
The chatbot provides advice on when to seek professional assistance or personal
support from others.

Authors

Perceived Benefits
Clarity & Self-Reflection: The chatbot helps me feel more confident in managing
emotional difficulties.

Authors

Challenge & New Perspectives: The chatbot challenges my thinking in a constructive
way. The chatbot helps me consider alternative viewpoints on my concerns.

Authors

Recommendations & Advice: The chatbot provides recommendations or advice that
are useful for my specific situations.

Authors

Actionability: The chatbot helps me identify actionable steps I can take to improve
my mental wellbeing.

Authors

Accessibility: The chatbot’s availability (e.g., 24/7 access) is a significant benefit for
my wellbeing support.

Authors

Non-judgmental Exploration: I feel that I can express my feelings openly without
fear of judgment.

Authors

Ability: Using this chatbot has improved my ability to manage my wellbeing
concerns.

Authors

Cost: The fact that this chatbot is free (or less expensive than traditional therapy) is a
major benefit for me.

Authors

General Usefulness: Overall, I find the chatbot to be a valuable tool for supporting
my mental wellbeing. After using the chatbot, I feel calmer or more relaxed.

Authors

Attitude Toward Using
Using the chatbot for emotional or mental wellbeing support is a good idea. (Davis, 1989)
The chatbot helps me feel emotionally understood. (Davis, 1989)
I feel motivated to continue using the chatbot regularly. Authors
Overall, my attitude toward using the chatbot is favorable. (Davis, 1989)

Actual System Use
I use the chatbot frequently for wellbeing/emotional support. (Davis, 1989)
My interactions with the chatbot for mental wellbeing or emotional support are a
regular part of my routine.

(Davis, 1989)

When I need mental wellbeing or emotional support, the chatbot is usually one of the
first resources I turn to.

(Davis, 1989)

Table 13: Survey Constructs, Items, and Sources. Authors: Items proposed by authors.
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