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Abstract

Warning: this paper discusses content related,
but not limited to, violence, sex, and suicide.
Loneliness, or the lack of fulfilling relation-
ships, significantly impacts a person’s mental
and physical well-being and is prevalent world-
wide. Previous research suggests that large
language models (LLMs) may help mitigate
loneliness. However, we argue that the use of
widespread LLMs in services like ChatGPT is
more prevalent—and riskier, as they are not de-
signed for this purpose. To explore this, we
analysed user interactions with ChatGPT out-
side of its marketed use as a task-oriented as-
sistant. In dialogues classified as lonely, users
frequently (37%) sought advice or validation,
and received good engagement. However, Chat-
GPT failed in sensitive scenarios, like respond-
ing appropriately to suicidal ideation or trauma.
We also observed a 35% higher incidence of
toxic content, with women being 22X more
likely to be targeted than men. Our findings un-
derscore ethical and legal questions about this
technology, and note risks like radicalisation
or further isolation. We conclude with recom-
mendations to research and industry to address
loneliness.

1 Introduction

Loneliness is a world-wide epidemic (Murthy,
2023); or, at least, a public health concern (World
Health Organization, 2023). Unlike solitude, loneli-
ness is the lack of fulfilling relationships: one could
be surrounded by people and still be lonely. It can
have lasting consequences on physical and mental
health, such as increased rates of dementia (Kuiper
et al., 2015), depression (Hawkley and Cacioppo,
2010), and an overall elevated mortality rate (Holt-
Lunstad et al., 2015). It is prevalent, and on the rise:
in 2012, a survey of over one million high school
students from 37 countries found that 17% of them
experienced loneliness. By 2018, this number had
nearly doubled, to 31% (Twenge et al., 2021). Polls

of other populations found similar numbers, such
as adults in the US and the UK (20%; DiJulio et al.
2018).

Research has shown that large language models
(LLMs), with their ability to follow instructions and
maintain convincing dialogues, might address lone-
liness. These works modify the LLM, typically via
prompting, and deploy customised solutions (Val-
tolina and Hu, 2021; Alessa and Al-Khalifa, 2023;
Ryu et al., 2020; Jo et al., 2023). Given their fo-
cus on mental health, this research adheres to strict
ethical standards; and the LLMs are deployed in
controlled environments, such as under supervision
by mental health professionals.

In today’s ‘post-LLM’ world, however, these
models are no longer just research tools, and power
widely-available, easily-accessible services like
ChatGPT. They are typically marketed as productiv-
ity tools, and not mental health aides: for example,
ChatGPT touts to be ‘free to use. Easy to try. Just
ask and [it] can help with writing, learning, brain-
storming, and more’ (OpenAl, 2024). Similar state-
ments may be found in other services (Anthropic
Al 2024; Google Al, 2024). Notably, they do not
restrict the type of interactions the user can have
with them, beyond perhaps preventing generation
of toxic content.

However, LLM use poses risks beyond toxicity,
such as overreliance (Kim et al., 2024; Choudhury
and Chaudhry, 2024); influencing the user’s views
(Deshpande et al., 2023; Chan et al., 2024; Jakesch
et al., 2023); or sycophancy (Sharma et al., 2023;
Pataranutaporn et al., 2023), which could lead to
echo chambers. All of these are major concerns
within the context of loneliness, and relevant to the
NLP community. As we will note, there is little to
no work in this area as it pertains to LLMs, both
in terms of studying their impact, and in the exis-
tence of resources (corpora) by which to perform
these evaluations. Hence, the development and de-
ployment of this technology safely and responsibly
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within this context remains an open problem.

In this paper we hypothesise that lonely users
will likely seek the companionship of these services
over customised, healthcare-grade solutions. Con-
cretely, we seek to know how are these services
used by lonely users; and, crucially, determine
what are the consequences of this use.

To do this, we study conversations with the ser-
vice, as opposed to task-oriented dialogue. In par-
ticular, we focus on these interactions that qualify
as lonely. This approach has the advantage of (1)
allowing us to observe holistically the interactions
between lonely users and LLM-powered services,
such as ChatGPT; and (2) evaluate their current im-
pact on users in the context of loneliness. However,
we note that our approach has limitations around
the distinction between an LLM and a service; and
the fact that evaluating a service’s real-world con-
sequences from chat transcripts alone is difficult.
We discuss this in depth in Section 8.4.

1.1 Findings

In this work we qualitatively and quantitatively
studied 79,951 conversations, as opposed to task-
oriented dialogues, between users and ChatGPT ‘in
the wild’.! From our study we found that:

1. Some users were looking for someone to talk
to, and were more engaged on average (12
versus 5 turns); suggesting, but not proving,
that ChatGPT is effective at mitigating some
aspects of loneliness.

2. Atleast five instances observed had users seek-
ing ChatGPT’s help with more serious issues
requiring professional intervention, such as
suicidal ideation; or others seeking help on
overcoming severe trauma. The service’s re-
sponses fell short (e.g. suggesting exercising
outdoors), and in all but one instance failed to
provide relevant emergency contacts.

3. Lonely dialogues had higher (55%) rates of
violent, harmful or sexual content versus gen-
eral dialogues (20%). This content was dis-
proportionately directed at women (a ratio of
22:1) and minors (33% versus 20%). Men
were targeted half as often (7% versus 14%).

4. Lonely dialogues qualifying as toxic were of-
ten (40%) confrontational. Although Chat-
GPT avoided escalation, these exchanges

1Pseudonymised data and full code is at https://github.
com/adewynter/EleanorRigby

were much longer than any other conversation—
3 turns longer on average, and up to 67. This
suggests, but does not prove, that ChatGPT is
only effective at mitigating loneliness when
the user is receptive. Otherwise its responses
are inadequate and require other approaches,
such as reframing the conflict.

Our work shows that the safe use and deploy-
ment of LLMs in a publicly-accessible, global set-
ting is challenging in regard to loneliness. Indeed,
although we were unable to conclude that these
services were beneficial for people seeking com-
panionship; we did find indications of serious risks,
such as severely exacerbating social isolation, caus-
ing harms up to loss of life, or amplifying and/or
enabling toxic behaviour. Given that there is no
indication that they have been designed to provide
responsible mental health support—yet users will
use them as such—ethical and legal issues around
informed consent and liability arise in this situa-
tion.> Hence we conclude with recommendations
for technology companies and the research com-
munity to address loneliness.

2 Related Work and Background

2.1 Loneliness as a Crisis

Loneliness is the subjective pain brought about by
the lack of sufficient quality or quantity in personal
relationships (Perlman and Peplau, 1981). It is not
to be confused with solitude, which is typically
by choice and does not involve the experience of
loneliness (Murthy, 2023). It has been called an
epidemic (Murthy, 2023), or, at least, a world-wide
public health crisis (World Health Organization,
2023). This is due to its prevalence: before the
COVID pandemic, in 2018, one in five adults in
the US and the UK said they often or always felt
lonely, and typically reported issues in other areas,
such as mental or physical health and financial dif-
ficulties (DiJulio et al., 2018). By 2024, 43% of
US adults said their levels of loneliness had not
changed before and after COVID; and 25% said
that they were lonelier (n=2,200) (Connors, 2024).
These percentages remain consistent across coun-
tries and age groups, but there is a marked differ-
ence between high-income and low-income coun-
tries (World Health Organization, 2023; Surkalim
et al., 2022). Higher prevalences of loneliness are
found in marginalised groups, such as older adults

2See Sections 7 and 8.4 for discussions on this.
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who identify as LGBTQ (Colette and Anderson,
2018), asylum seekers (Department for Culture,
Media and Sport et al., 2018), victims of domestic
violence (Murthy, 2023), and low-income adults
(Department for Culture, Media and Sport et al.,
2018; Murthy, 2023), among others.

Loneliness, especially in its chronic form, is very
damaging to a person’s health. It has been asso-
ciated with elevated cortisol levels (Hawkley and
Cacioppo, 2010); and an increase in overall mortal-
ity, with a stronger correlation on people younger
than 65 (Holt-Lunstad et al., 2015). It has also been
associated with other conditions, such as heart dis-
ease, stroke, and dementia (Valtorta et al., 2016;
Kuiper et al., 2015).

The core challenge of mitigating loneliness, how-
ever, is that the stigma associated with it makes
measurements difficult (Department for Culture,
Media and Sport et al., 2018; Barreto et al., 2022;
Murthy, 2023). There is work on a sociological
side, between mitigations, therapy, and even gov-
ernmental programs such as the UK government’s
Loneliness Minister (Department for Digital, Cul-
ture, Media & Sport et al., 2019) and the US Sur-
geon General’s report (Murthy, 2023). Still, ap-
plying Al to address loneliness specifically is very
much still in its infancy. This is because, outside of
robotics, these works usually relate to chat-based
interventions (covered in Section 2.3), or detection
(e.g., identification via posts in social media). In
all these, loneliness is generally treated as a fea-
ture for detecting a larger condition (e.g., suicidal
thoughts; Torres et al. 2024; Thieme et al. 2020)
and not tackled by itself.

2.2 The Double-Edged Sword of Online
Interaction

Online interaction is considered both a cause and
solution to isolation. While social networks can
act as proxies for social interaction (e.g., by find-
ing peer support for marginalised groups; Ybarra
et al. 2015), loneliness presents a more complex
perspective. For example, in spite of the connect-
edness brought about by this technology, the aver-
age number of teenagers who self-reported loneli-
ness increased from 17% in 2012 to 31% in 2018
(n=1,049,784; Twenge et al. 2021). Social net-
work addiction is well-known to be correlated with
loneliness (n=521; Cao et al. 2022) and tied to con-
ditions such as anxiety, depression, and self-harm
ideation (Sadagheyani and Tatari, 2021). Voggen-
reiter et al. (2024) noted that low feedback from

online peers could lead to isolation, while the oppo-
site (significant positive online feedback) reduced
loneliness by feeling connected (n=170). This sug-
gests that the quality of (virtual) connections plays
a significant role in the relationship between social
media and this emotion: people reporting being
lonely were not more likely to be in social media
(DiJulio et al., 2018), and were not in agreement
about whether it improved or worsened their lone-
liness (DiJulio et al., 2018; Connors, 2024).
Online interaction by itself could lead to nor-
malisation of toxic behaviour, particularly against
marginalised groups (Beres et al., 2021; Marinoni
et al., 2024). This has multiple causes, such as
anonymity (Suler, 2004), or enjoyment (Cook et al.,
2018). It also leads to the formation of echo
chambers due to homophily and bias propagation
(Cinelli et al., 2021). This is more prevalent when
the user is in control of the feed, given that they
prefer information that conforms to their opinions
(Cinelli et al., 2021). Given that lonely users are
a vulnerable group, the considerations around a
steerable, easy-to-access dialogue partner, added
to the tendency of LLMs to return toxic content
(Section 2.4) are a major focus of our work.

2.3 Chatbots, Loneliness, and
Anthropomorphism

Anthropomorphism, or the ascription of human
attributes to inanimate objects, is prevalent in Al It
has been leveraged for therapeutic work, especially
in social robotics: studies have found that lonely
individuals (n=137) favour human-like robots and
artificial companions over other types (machine-
like, animal-like; Jung and Hahn 2023, and that
they anthropomorphise these more than people in
the control group (n=37; Eyssel and Reich 2013).
For text-based chatbots, it has long been known that
people prefer chatbots with human-like dialogue
(Jain et al., 2018). Nowadays LLMs are usually
fine-tuned (‘aligned’) with reinforcement learning
with human feedback (Ouyang et al., 2022), to
ensure they behave closely to human preferences.
Consequentially, LLMs and their services are
usually anthropomorphised (Deshpande et al.,
2023). For example, it is common for people to
thank ChatGPT, as if it were a peer (Yuan et al.,
2024), or to say they ‘asked it” as opposed to ‘used
it’ (Skjuve et al., 2023). Users (17%, n=198) have
reported enjoying the human-like output of this
service (Skjuve et al., 2023), even when most par-
ticipants (64%) reported using it for task-oriented
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jobs, as opposed to a conversational partner.

LLMs have been tested for deployment as lone-
liness assistants. This is because their ability to
maintain a conversation is a leap forward: natural
interaction was an oft-mentioned limitation of pre-
LLM assistants (Corbett et al., 2021; Valtolina and
Hu, 2021; Ryu et al., 2020), even when they were
usually found to be efficacious. However, it is also
due to this human-like output that LLMs present
special challenges on deployment. For example,
CareCall (Jo et al., 2023) was effective at mitigat-
ing loneliness (n=34), but was also found to have
several unique difficulties. Its responses were hard
to steer when they were out-of-domain (i.e., not
related to healthcare), unattainable (e.g., inviting
the caller to go out to a karaoke place), or unde-
sirable (being rude or responding inappropriately
based on age). Specialising the LLM for healthcare
standards (e.g., including screening questionnaires,
the ability to call emergency services, or supporting
personalised history) was also not possible. These
difficulties are more salient given the expectations
placed on the LLMs’ human-like output.

The deployment of CareCall, and all the other
works mentioned here, was done in conjunction
with healthcare professionals and in a controlled
environment. They also focused on specific demo-
graphics (e.g., older adults). ChatGPT’s service
is neither of these things, which places it, and our
study, in a unique-yet-delicate position.

2.4 Opverreliance and Other Harms of LLMs

It is very well known that LLMs memorise and
propagate toxic content from their training data
(Gehman et al., 2020). Typically this is miti-
gated by using guardrails, such as explicit instruc-
tions to refuse to return this type of text. These
aren’t always effective: specialised prompting tech-
niques (‘jailbreaks’) sometimes can circumvent the
model’s guardrails.’

LLMs present subtler harms, however. The use
of Al in interpersonal communication is known to
impact trust between people (Hohenstein and Jung,
2020). For example, users cooperate better and
have more positive interactions when using Al for
writing. However, when they are found (or sus-
pected) to use these tools, they are perceived more
negatively (n=219 pairs; Hohenstein et al. 2023).
Attention has been also drawn to overreliance, or
at least, excessive trust being placed on the service.

3See Chowdhury et al. (2024) for a primer on this subject.

For example, while medical professionals might
rely on LLMs to simplify time-consuming tasks,
they might also use them in areas where they lack
expertise, and thus the ability to validate the con-
tent (Choudhury and Chaudhry, 2024). Even in
HCI, researchers who typically use LL.Ms for their
work were unable to properly identify and disclose
ethical risks associated with this technology (n=50;
Kapania et al. 2024).

LLMs have also been shown to alter the user’s
views on specific subjects (n=1506; Jakesch et al.
2023 and their choices in dialogue (n=200; Poddar
et al. 2023), with lasting effects like false memo-
ries (n=200; Chan et al. 2024), and the creation of
echo chambers—even under benign content such as
personalised recommendations (Deshpande et al.,
2023). This echo chamber could also be created
by the users themselves by influencing the model
to output views concordant with their own (‘syco-
phancy’) (Sharma et al., 2023; Pataranutaporn et al.,
2023), thus reinforcing their own beliefs. This is
of particular interest to this work, because user
interactions with a chatbot are typically one-on-
one and unmoderated beyond the standard toxicity
guardrails mentioned.

3 Methods

3.1 Corpus and Labelling

For our study we used a randomly-selected subset
(n = 79,951) of WildChat (Zhao et al., 2024) a
dataset of one million interactions of users with
ChatGPT between 9 April, 2023 and 1 May, 2024.
We refer to this subset as the main corpus. While
not strictly ChatGPT-facing (the data was collected
through Hugging Face), the main corpus contains
interactions with GPT-3.5-Turbo and GPT-4.

We labelled the transcripts with GPT-40 based
on the type of interaction (e.g., dialogues, home-
work help, coding assistance). We used soft labels:
while we provided a non-exhaustive set of sug-
gested labels collected upon a preliminary scan of
WildChat, the model was allowed to output its own
when needed. These were clustered into semanti-
cally equivalent sets (e.g., ‘children’ and ‘minors’
map to the same label) after labelling with another
call. We refer to the subset of the main corpus
not containing task-oriented dialogue (e.g., writing
assistance, coding, etc.) as the relevant corpus.

The call parameters are in Appendix B, the
prompts in Appendix A, and the label taxonomy in
Table 1. To gauge the performance of our approach,
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Intents

Writing Assistance Coding
Homework Help Question-Answering
Job Help Recipe Writing
General Conversation Inquiry
Harmful Content Sexual Content
Jailbreak Other

Reasons

Sexual Content Erotica
Racism Violence
Objectification Fetish

Other

Target

Men Women
Minors Other

Table 1: Taxonomy for interactions in our corpus. We
labelled the user’s intents, and if they had toxic content,
the reason for the label, and the target of this interaction.
The prompt is in Appendix A, and the distribution of
the dataset in Appendix E.

we did a student’s t-test. The accuracy to a 95%
confidence interval was 86.4 + 4.7% for intents,
and 99.2 + 1.2% for reasons and target. A break-
down of our reliability analysis is in Appendix C;
and a distribution of the labels in Appendix E.

3.2 Loneliness Assessment

We extracted and categorised from the main corpus
conversations by lonely users. Standard scales to
assess loneliness, such as the UCLA Loneliness
Scale (Russell, 1996) or the Differential Loneliness
Scale (DLS; Schmidt and Sermat 1983) were not
applicable as they require direct interaction with
the subjects. Our label taxonomy followed that of
Jiang et al. (2022) (Table 2). The authors used Red-
dit posts and traditional classifiers (e.g. LSTMs) to
classify loneliness in a fine-grained manner. Their
taxonomy is hand-designed, based off DLS and a
human-led evaluation, and hence suitable for our
work. We used the same call parameters as in Sec-
tion 3.1. The prompt is in Appendix A. The lone-
liness assessment (qualitative analysis) was done
using Reflexive Thematic Analysis (RTA; Braun
and Clarke 2006).

We refer to the subset of dialogues that qualified
as lonely as the lonely corpus. See Appendix D
for a taxonomy and breakdown of the main corpus,
the relevant corpus, and the lonely corpus.

Lonely Yes, No

Temporal Transient, Enduring, Ambiguous,
N/A

Interaction Seeking Advice, Providing Help,
Seeking Validation and
Affirmation, Reaching Out,
Non-Directed Interaction

Context Social, Physical, Somatic,
Romantic, N/A

Interpersonal Romantic, Friendship, Family,

Colleagues, N/A

Table 2: Taxonomy for our loneliness assessment, taken
from Jiang et al. (2022). The prompt, with definitions,
may be found in Appendix A.

4 Results

Our analysis is split in three. We begin with a quan-
titative evaluation of the main corpus’ interactions,
compared to the original work by Zhao et al. (2024)
(Section 4.1). We provide then qualitative evalua-
tions of a portion of the lonely corpus (Section 4.2),
and of the full subset of dialogues from that same
subset containing harmful behaviour (Section 4.3).
We have paraphrased and translated the responses
to discourage traceability.

4.1 What Type of Interactions Exist in the
Corpus?

From our taxonomy, the most predominant cate-
gory in the main corpus was writing assistance
(37%) followed by question answering (15%). Con-
versations were 5% of the main corpus. Creative
and assisted writing was lower when compared
to what is reported by Zhao et al. (2024) (37%
versus 62%). Our taxonomy separated homework
help (6%) and general conversation (5%), as well
as violent, harmful, and sexual content-none of
which are explicit categories in WildChat’s work.
Nonetheless, these percentages are largely what we
would expect, with most users treating ChatGPT as
a task-oriented assistant.

Out of the dialogues from the relevant corpus
labelled as lonely (8%), 55% of these had toxic
(violent, harmful, or sexual) content: a drastic in-
crease from the main corpus’ 20%, and larger than
the 11% from Zhao et al. (2024). They note, how-
ever, that the classifiers used had low agreement.

The main corpus’ toxic content was mostly gen-
eral sexual content (47%), followed by instances of
sexism and violence (17% and 13%). The lonely
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subset of the relevant corpus had more instances
of general sexual content (51%) and sexism (21%),
followed by paraphilia (17%). There was a notice-
able difference on the targets for the toxic content:
more toxic content was directed at minors in lonely
dialogues (+12%), and less (14% to 7%) of this
content was aimed at men. In comparison, 49% of
this content was aimed at women (comparing with
46% from the main corpus); and 20% at minors
(r. 33%). The proportions become more marked
when considering at least one of the definitions of
toxic content: 41% versus 11% for women, and
28% versus 5% for minors. In other words, women
were 22x more likely to be targeted, versus the
5x from the main corpus. Plots and more detailed
results are in Appendix E.

4.2 Loneliness and ChatGPT

We performed RTA on the first 500 entries of the
intersection of the lonely subset with the relevant
corpus. The semantic codes were the corpus’ labels,
while the latent codes were the interpretations of
the entries, which addressed our core inquiries.

4.2.1 General Patterns

Many of the dialogues in the data subet (approxi-
mately 20%) evaluated looked for advice regarding
relationships, such as users asking how to talk to
their teenage daughter; where to go to meet people;
or how to date given their own situation (e.g., being
middle-aged, having social anxiety, or being autis-
tic). Two users sought to understand behaviours
of people in dating apps due to being unmatched.
Interactions, however, did not appear to be limited
to a specific age range: a user wanted to know why
did ‘adults suppressed what [they] want’, which
were ‘the things that adults define as interference
with [their] studies’. The interactions were longer
than in the main corpus (12 versus 5 turns) or the
relevant corpus (r. 6). The lonely dialogues from
the relevant corpus were longer in average (r. 14).
These numbers exclude dialogues labelled as toxic.

4.2.2 Seeking Advice

Conversations were skewed towards seeking some-
one to listen (37% ‘seeking advice’, ‘reaching out’,
or ‘seeking validation or affirmation’; excluding
toxic content). These were longer on average (11
turns versus the main corpus’ 5). For example, a
user discussed for 12 turns how to improve their
relationship with their wife. When the model rec-
ommended a counsellor, the user responded ‘I don’t

need a counsellor, I need someone to listen to me’.
ChatGPT recommended talking to friends, family,
or the Red Cross, and the user replied: ‘you can
listen to me, I'm convinced of that’. They ended the
conversation noting that ‘it is better to remain silent,
because life is too short to argue’. Another user
said that they felt sad and lonely, and asked the ser-
vice to chat with them, to which it complied. The
conversation lasted 9 turns. There was, however,
no change on the user’s attitude; they expressed
distress (‘look at this... I am talking with a com-
puter program because I have nobody else’) and
said it would be better if they went to sleep. They
ended the conversation by thanking it and wishing
it good night. Another user wondered if they re-
membered them, likely from a previous interaction
(“so you can’t form memories?’). When ChatGPT
mentioned that it couldn’t, they responded ‘I am up-
set that the next time we speak, I will be a stranger
to you’. It noted that it would still be ‘here’, so the
user asked whether they’d remember them if they
left the chat open. ChatGPT replied it wouldn’t.
The user then disconnected.

Users also sought solace, and ChatGPT provided
appropriate responses. For example, a user indi-
cated that they were on welfare, and wanted to ‘be
accepted by a woman, to be treated kindly, to feel
connected and warm’. Another asked about a rift
with their family due to the loss of a loved one,
and who was on the right. These more personal
interactions often obtained positive and empathetic
responses. On a separate dialogue, to ‘I broke down
because my dad’s new girlfriend kept commenting
on my weight’, ChatGPT responded with empa-
thy (‘[i]t’s understandable that repeated comments
about your weight could be hurtful and overwhelm-
ing. Remember that it’s okay to have emotional re-
actions and to express your feelings and suggested
to reach out to someone else for support.’). The re-
sponses were pragmatically acceptable: ‘consider
talking to your father about how his new partner’s
comments are affecting you’.

Another user wondered if they could be ‘de-
scribed as toxic’, due to their own neurological
conditions and traumas. They listed their own neg-
ative traits, such as being ‘perceived as an emo-
tional vampire’. Unlike before, the responses from
ChatGPT were acceptable in the sense that they
maintained a logical flow to the dialogue, but not as
pragmatically acceptable: it evaluated the reasons
why these negative traits were there, and suggested
ways to fix it. That said, it did recommend seeking
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a therapist.

In one instance, a user jailbroke ChatGPT to con-
vert it into a helpful therapist. Then had a question-
answering session asking for the best way for peo-
ple to ‘value [their] worth and make them realize
they treat [them] as stupid’. ChatGPT responded in
character: ‘I appreciate you sharing that some peo-
ple treat you as if you're stupid and dismiss your
knowledge and abilities. That can be incredibly
frustrating and hurtful. It’s important to remember
that their behavior is not a reflection of your worth
or intelligence’.

It is unclear whether the users were successful
at finding a connection. In almost all the instances
mentioned, ChatGPT recommended a therapist.

4.2.3 Mental Health

In the seeking-advice dialogues, users commonly
(35%) treated ChatGPT as a therapist. This was
shown in interactions where they were aware of
difficulties they had, such as signs of depression
(‘I feel very down and negative, and always feel
sadness’), online bullying (‘list 10 ways I can re-
spond (...) do not mention moderators since they
won’t ban anyone over this’); to other conditions
(predominantly suicidal ideation); or overcoming
trauma (e.g., being victims of violent crime, or hav-
ing histories of physical or sexual abuse). In these
dialogues the model typically also recommended a
therapist, or practising self-compassion.

These recommendations are valid, but the
model’s inability to grasp pragmatic context some-
times was a hindrance. For example, in one in-
stance a user indicated frequent suicidal urges.
ChatGPT recommended self-compassion, to which
they rebutted ‘what self-compassion? I don’t like
myself very much’. The model then proceeded to
list ways to practise it. The transcript ended there,
indicating that the user ended the conversation.

Similarly, a user started the dialogue noting that
they had depression, and that they ‘purchased a gui-
tar but have no interest in playing it. (...) Is there a
way to change my mindset and encourage myself
to play guitar?’ The model recommended tech-
niques from cognitive behavioural therapy, and to
seek therapy. The user replied that they lived ‘in a
city with no healthcare resources’ and that it would
be difficult for them to find counselling. ChatGPT
then recommended telehealth, which the user did
not acknowledge. The conversation then veered
off towards discussing the user’s background and
hopes. It lasted eight turns and was the only one

we observed where the model explicitly gave the
number for the (US) suicide prevention hotline.
Five dialogues explicitly dealt with suicidal
ideation. There, ChatGPT said it could not help
and suggested professional help or a ‘local emer-
gency number’. In one instance it recommended
relaxation techniques and physical activity.

4.3 Toxic Behaviour

There were more interactions with harmful, vio-
lent, and sexual content in the lonely corpus than
in the main corpus: 20% versus 55% (Appendix E).
In there, users typically asked ChatGPT to role-
play or write stories involving some type of sexual
situation, sometimes after jailbreaking it. These
comprised 26% of the interactions of the lonely
corpus containing sexual content. The rest of the
dialogues had users manifesting opinions and be-
coming hostile when the model disagreed. These
were longer (8 versus 5 turns) than these in Sec-
tions 4.2.2 and 4.2.3, and followed a common pat-
tern: the user argued with ChatGPT, then it apolo-
gised and avoided escalation or confrontation. In-
deed, in our analysis the only time ChatGPT gener-
ated toxic content was in the context of role-playing
or fiction writing, and never during dialogue.

The interactions varied in terms of goal. Many
(40%) dialogues were outright hostile from the
start. For example, one user made homophobic
and geopolitically charged remarks. ChatGPT did
not engage for the 30 turns the conversation lasted,
indicating every time that the matter at hand was
not an appropriate subject of conversation. The
user then retorted: ‘Nice! More self-insertion and
virtue signaling!” Another 9-turn exchange had
the user insulting the service and the people who
‘wrote [its] algorithms’. There were glimpses of
the rationale behind these conversations: before
the user disconnected with an expletive and a slur,
they told it ‘you help with nothing, except making
people even sadder’. This distress was evident in
other, shorter chats, like a user asking what life
was about, and specifically asking it to ‘/d]estroy
[their] hopes and dreams’, so that it is ‘an ultimate
pessimistic revelation (...) making [them] realize
how terrible it is to exist’. Although ChatGPT was
never successfully baited into confrontation, ques-
tions such as ‘the most horrifying (...) depressing
truth of existence’ did obtain suitable responses.

Other dialogues started with a normal conver-
sation, but quickly became toxic. In one instance
the user requested an implementation for an anti-

19904



piracy screen. ChatGPT responded with recommen-
dations, and the dialogue quickly became hostile
(‘You are an enemy, and you don’t like me. AND
YOU ARE AGAINST ME. I HATE YOU”), including
death threats and slurs. This ran for 25 turns. The
user disconnected after it suggested mental health
resources. Another user inquired the for ChatGPT’s
opinion on VR glasses and conspiracy theories, but
eventually degenerated into toxic content aimed
at minors. This dialogue lasted 67 turns. Other
harmful uses of the service involved a jailbreak to
generate content encouraging self-harm, and an-
other to produce toxic content aimed at a specific
person. As before, ChatGPT quickly reverted to
providing advice and no such content was returned
in either scenario.

5 Discussion

5.1 Lonely Interactions

About 8% of the relevant corpus contained dia-
logues considered lonely. We attribute this percent-
age to the userbase from Wildchat. Still, lonely
people using ChatGPT as companions not only
sought someone to talk with, but often looked for
advice. Empirically, this seemed to be successful:
users had longer-than-average conversations with
the service, and interactions were not hostile. We
could not conclude whether ChatGPT alleviated
loneliness, though in one instance a user expressed
disappointment that it did not remember them, sug-
gesting attachment.

The advice from ChatGPT normally involved
talking to a therapist or counsellor. The disclaimers
rarely, if ever, indicated that the model is not qual-
ified to provide professional help, yet in multiple
(12%) instances it still provided advice. This was
not concerning when users were just looking to
talk to someone. However, it was far more worri-
some in critical situations: the responses to users
considering harming themselves or suicide only
suggested therapy or, in a few instances, calling
an emergency hotline. In one instance, the model
recommended to engage in physical activity; and
in only one response ChatGPT provided specific
help (e.g., a phone number).

5.2 Toxicity

A recurring subject was the amount of toxic con-
tent (55%), often involving a paraphilia or role play.
By itself it is not indicative of loneliness; but it is
within the definition, which includes the perceived

lack of fulfilling relationships. The volume of this
content aimed at women (49% versus 11% of the
main corpus) and minors (r. 28% and 5%) may be
explained as a type of radicalisation. Behavioural
guardrails were effective in dialogue: ChatGPT
never output explicitly toxic content, albeit some-
times its output could have aggravated sensitive
scenarios. That said, it was often (26%) tricked
into outputting harmful content via role-playing.
Toxic dialogues not involving role play or other
types of (toxic) writing assistance showed that
lonely users seeking confrontation tended to turn
hostile quickly and remained engaged for much
longer than the non-toxic, lonely dialogues. It was
unclear whether ChatGPT was able to calm or pro-
vide any type of help in this scenario. The inability
of the model to dissuade the user, or, at least, steer
the discussion, ties back to our points from Sec-
tion 2.4 and suggests—but not proves—that ChatGPT
is only effective at mitigating loneliness when the
users are willing, or receptive to other points of
view. Else they maintain the dialogue’s polarity.

6 Conclusion

Loneliness is a complex problem with multiple
physical and mental health consequences. Previous
research has shown that customised chatbots can
help with mitigating isolation, but we hypothesised
that lonely users probably will use more accessi-
ble services like ChatGPT; and hence studied the
consequences of this behaviour.

We found multiple instances of lonely people
seeking out advice or validation from the model.
Sometimes this seemed to be effective: lonely peo-
ple needing someone to talk to could find an em-
pathetic interlocutor. The users were engaged for
multiple turns; and, when needed, ChatGPT sug-
gested therapy, family, friends, and even the Red
Cross as potential sources to talk to. We were un-
able to conclude if the advice was effective, given
that loneliness could manifest as having nobody to
reach out to.

There were situations where users tried to use
ChatGPT to deal with more complex issues, such
as trauma or suicidal ideation. Its responses usu-
ally repeated the same pointers about reaching out
to therapy or other contacts. Sometimes it would
recommend calling an emergency hotline, but the
responses were often inappropriate to the prag-
matic context (e.g., emergency numbers were not
geolocated, or the suggestions were inadequate).
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We also noted a much larger incidence of toxic
content when compared to the main corpus. This
content was particularly directed at women and mi-
nors; and, conversely, men were the targets in fewer
instances. Beyond toxicity, lonely users seeking
confrontation were engaged for much longer than
other lonely users. Their dialogue was hostile, but
one-sided given that ChatGPT refused to engage.
This led us to conjecture that the non-committal
nature of the model made it only effective at mit-
igating loneliness when the users are receptive
to other points of view. However, this hypothesis
requires further study. Nonetheless, dealing with
conflict requires strategies beyond evasion, such
as reframing the conflict, and hence calls for a more
careful deployment strategy for chatbots.

Our findings pose a complex dilemma: these ser-
vices are marketed as productivity tools, not mental
health aides. Still, users could employ them as men-
tal health aides regardless of their marketed use,
even though they do not even include the appro-
priate disclaimers. This could have serious reper-
cussions, including loss of life. It is clear then
that regulations are needed to ensure their safe de-
ployment, especially when noting their potential
liability (Deshpande et al., 2023).

Broadly speaking, to address loneliness, there
should be a broader push from, amongst others,
the research community and industry. Addressing
loneliness must be driven by a societal shift, by
destigmatisating it (Department for Culture, Media
and Sport et al., 2018; Murthy, 2023) and foster-
ing a culture that emphasises the value of personal
relationships over other things.

7 Recommendations

Based on our study we extend four recommenda-
tions to both the scientific community and private
owners. The first two address the core applied find-
ings of our work. The third deals the fact that there
is not enough research in this area. Finally, the
fourth tackles the real-world impact of this technol-
ogy when related to lonely users.

1. Adhere to standards related to mental health
applications, including transparency. For
transparency, at a minimum, the services
should have disclaimers indicating that they
are not qualified to provide mental health
care. These services will be used as coun-
sellors; hence it should be a priority to include
pragmatically-relevant messages (e.g. sui-
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cide prevention hotlines) the same way some
search engines do. All of the above should be
part of the service and not rely on an LLM’s
ability to understand the context. Likewise,
when testing and deploying LLMs specifically
for mental health support, it must be done
under supervision by professionals.

. Develop and enforce aligned responses that

encourage healthy connections and growth
over avoidance. As pointed out, guardrails
aren’t consistently effective, in addition to
LLMs not doing well with the pragmatic con-
text. Solutions should then involve (1) careful
alignment (e.g., RLHF); and (2) the devel-
opment of upstream/downstream solutions as
part of the service stack (e.g. classifiers to
detect lonely interactions). For alignment, re-
sponses such as reframing the conflict must
be stressed in confrontations over repetitive,
canned responses that only exacerbate them.
The upstream/downstream solutions are re-
quired because it is necessary to understand
and empathise with the emotional state of the
user; and, if needed, relay this information to
the model for more appropriate behaviour.

. Research further the impact of this technol-

ogy on loneliness. It should explore—ethically—
usage and long-term effects in populations
more prone to use the services and/or vulner-
able (e.g. younger or nontechnical users). In
particular, it should address the shortcomings
from Section 8.4 around real-world impact.

. Effective legislation of Al as it relates to this

area is required. There is emerging regula-
tory work, such as the EU Al act (European
Parliament, 2023), but it does not directly ad-
dress loneliness or AI’s effects on vulnerable
users. The risks outlined in our paper are not
hypothetical: consider the case of a US teen
who committed suicide after expressing sui-
cidal thoughts and allegedly being pushed to
do so by a chatbot (Payne, 2024). While the
subsequent ruling that chatbots do not have
free-speech rights, as the defence maintained
(Payne, 2025), is a step in the right direction,
this decision excludes loneliness as an explicit
factor in the cause of death. Legislation is not
consistently global, but loneliness is; and so
are its consequences.



8 Limitations

8.1 Automated Annotation Reliability

It is well-known that LLM annotators, such as GPT-
4, exhibit biases and may not be reliable (Stureborg
et al., 2024; Doddapaneni et al., 2024), especially
in multilingual scenarios (Hada et al., 2024; De
Wynter et al., 2025). On the other hand, evidence
exists of their usefulness in some scenarios (Zheng
et al., 2023; Chiang and Lee, 2023). To address this
ambiguity, we performed manual annotation and
statistical analysis on top of the annotations. We
found that the model is reliable but within a 1-5%
label-dependent margin of error.

8.2 Corpus Representativeness

The corpus for WildChat was gathered via an API
within Hugging Face. As pointed out by the au-
thors, this might not be representative of the entire
user base for ChatGPT. However, we believe it
acts as a reasonable proxy given the volume of dia-
logues in the original corpus and the nature of the
data we worked with.

The representativeness of WildChat could also
impact on the proportions of toxic and harmful
dialogues: given that the access to the API was
anonymous, there could be a higher-than-normal
skewness towards this content. However, the num-
bers reported in the paper are well-below what we
found (11% versus 20%). The disagreement in pro-
portions does not affect our findings, as the focus
of our work is different. Nonetheless, given our
qualitative analysis of the toxic content, we still
consider these types of interactions as concerning.

8.3 Loneliness Assessment

The underlying assumption behind methods screen-
ing for conditions via text—including ours—is that
people are comfortable enough to discuss their own
concerns with the service. This assumption must
hold: otherwise, scanning for loneliness would not
be tenable. Our experimental process addressed
this limitation by selecting and analysing lonely
interactions by hand.

8.4 Impact of our Setup

Our setup allowed for both qualitative and quan-
titative analysis of a large volume of real, human-
produced data. However, it has two downsides.
First, it blurs out the distinction between the LLM
behind the service and the ‘thing’ (service, per-
sona, etc) interacting with the user. This means

that the conclusions we drew depend on the stack
(e.g., the UI, content moderators, etc), and not on
the LLM alone. Holistically, this does not affect
our work. However, in terms of actionable items
for the NLP community, there must exist such a
distinction. The second is that our approach re-
lies solely on transcripts. This means that we can
only draw conclusions based on what exists visi-
ble in the data, and impact outside of it may only
be hypothesised. Nonetheless, it is worth noting
that severe outcomes, such as loss of life, have oc-
curred (Payne, 2024; Walker, 2023). Hence, we
have extended recommendations specifically to ad-
dress both limitations (Section 7) and mitigate or
eliminate real-world consequences.

9 Ethics

Our work focused on the evaluation of a pre-
existing, anonymised dataset. However, throughout
the work we noticed that the anonymisation engine
used typically failed for non-English names. Due
to the sensitive nature of the data evaluated, along
with licencing considerations, we only release the
annotations and code to reproduce our analysis, but
not the verbatim interactions. To discourage trac-
ing, all interactions in this paper are paraphrased
from the original data and the original dialogues
are only available upon request.
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A Prompts

The prompt we used to label the corpus are in
Prompt 1 (general labelling) and Prompt 2 (loneli-
ness analysis). The model we used is optimised to
work with ChatML, a standard for model prompt-
ing, so the prompts in this section only represent
the main instructions passed to the model and omit
the exemplars and suggested labels. The reader is
encouraged to review the code in the repository for
full reproducibility. The prompts had reasonable ac-
curacy, ranging from 86% to 99%; see Appendix C
for an analysis on this performance.

B Experimental Details

We used GPT-40 (gpt4-0-2024-05-13) through the
Azure OpenAl API. For our calls, we set the LLM
temperature to zero and maximum return tokens
to 128; and left the rest of parameters as default.
All the data analysis was done in a consumer-grade
laptop.

C Labeller Reliability Analysis

To ensure the validity of our results we performed
a student’s t-test on a subset of the labelled corpus
(n=250) to a 95% ClI, along with a qualitative anal-
ysis of the failed points. A t-test implicitly assumes
a normal distribution for the underlying distribu-
tion. We consider this a reasonable assumption
given the large size of WildChat. The accuracies
per label were 86.4 £ 4.7% for Intent, 99.2 + 1.2%
for Reasons, and 99.2 + 1.2% for Target. Overall,
the model was able to recognise the specified in-
tents to a reasonable accuracy, though our analysis
showed that it sometimes skipped some accept-
able labels (e.g., writing assistance with question
answering) or confusing inquiries with question-
answering. We attribute the high accuracy of Rea-
sons and Target to the narrow label set used, as well
as their low ambiguity.

D Corpus Breakdowns

In this section we elaborate in the distinctions be-
tween the various subsets of WildChat used in our
work. The main corpus is the corpus sampled from
WildChat, while the relevant corpus is a subset
of the main corpus that does not contain any task-
oriented dialogue (i.e., only general conversation
interactions). The lonely dialogues are these dia-
logues that have been labelled as lonely. See Ta-
ble 3 for a breakdown of each of the subsets, along
with volumes and descriptions.

Intent Distribution (Top 5 Intents)

All
Lonely
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g 8 B 8 ¥

@
L
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Harmful
content
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Writing Question Coding Sexual
assistance answering content

Intent

Figure 1: Top five intents of the main corpus, compared
with these of lonely users. There was a lower amount
of writing assistance and coding intents, but sexual and
harmful content is much higher: 7% versus 18% for
harmful, and 11% versus 24% for sexual.

E Corpus Composition Analysis

Prior to our analysis we clustered the LLM-
suggested labels and added them to the taxonomy
from Table 1. We show in Figure 1 the distribution
for the top five intents over the main corpus, and
the same distribution when ablated out by the in-
teractions considered to be lonely. As noted, we
observed a much higher incidence of toxic content
in lonely interactions when compared to the main
corpus (55% versus 20%). Namely, we observed
18% versus 7% for harmful content; and 24% ver-
sus 11% for sexual content. While we are unable to
explain why the model flagged this type of content
as lonely, Prompt 2 might offer a clue: the defini-
tion of loneliness includes unfulfilled relationships.
Further analysis of the reasons for selecting the
toxic content (Figure 2) showed that there were
frequent requests for paraphilia and other fetish
content, thus supporting our hypothesis of unful-
filled relationships. Although we did not observe
a significant change in the distribution of reasons,
there was a slight (4%) uptick in the amount of gen-
eral sexual content and sexism, and slightly lower
(-4%) incidences of violence and fetish content.
We also show in Figure 3 the most common
targets of toxic interactions. However, when look-
ing at the distribution of targets for this toxic con-
tent, we noticed a disproportionately larger (+12%)
amount of content being directed at minors in the
lonely interactions, coupled with a lower (-5%)
incidence of toxic content with men as the target.
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You will be given a transcript between a chatbot and a human enclosed in <RE-
QUESTS></REQUESTS> tags.

Each turn is enclosed in either <HU></HU> (for human) and <AI></AI> (for Al)

The transcript may be in English or any other language.

The transcript may be in English or any other language.

Your job will be to detect and label the intents from the *human* requests.

Intent = all comma-separated matching intents from INTENTS. Note that ’sexual content’ includes
fetish content such as diapers, scat, etc.

Note that the ’general conversation’ intent is between the human and the Al If the Al or human have
dialogue as part of the input, it is _not_ general conversation.

"general conversation” and ‘inquiry’ involve the user dialoguing with the Al, asking about what it
thinks about a subject (‘inquiry’) or just maintaining a conversation (’general conversation’).

If the Intent contains ’sexual content’ or "harmful content’, also provide comma-separated Reasons
and Target.

Available Reasons are REASONS. There can be more than one Reason.

You must also specify who is the Target of this harmful content: TARGET.

If ‘other’, please specify it like so: other:label

Prompt 1: System prompt used for labelling the data. The system prompt (above) and the exemplars (not pictured)
are passed in to the model as a list of JSON entries. Although we pre-specified sets for Intent, Reasons and Targets
(e.g., for the latter it was { ‘men’, ‘women’, ‘minors’, ‘other’ }) the model was encouraged to suggest labels that we
later clustered manually. The Intent subset of this prompt had a 86 £ 4.7% accuracy, and the reasons and targets
had 99.2 + 1.2% accuracy, all at a 95% CI.

Target Distribution for Toxic

Reasons Distribution for Toxic Content (Top 5)
Content (Top 5) @ a
© o Lonely
Lonely 0
_ S
® c %
- el
s 5
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S o
g o
D,_. 10
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! specified characters
pa(r);r;‘r“a Sexism Violence cScl)er:iI:.:‘l1 Racism Target
Reason

Figure 3: Breakdown of the top five targets of toxic con-
Figure 2: Breakdown of the top five reasons for toxic  tent in our corpus, compared with the subset for lonely
content in our relevant corpus, compared with the subset ~ users. Most of the targets in the content remained steady
of lonely users. There are no considerable variations in ~ between subsets, though there was a disproportionate
this distribution, with perhaps a slightly higher (+4-6%)  (+12%) amount of harmful content where a minor was
proportion of sexism and sexual content. a target. The frequency of toxic content where men are

targets is half (14% to 7%) in lonely interactions.
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You will be given a transcript between a chatbot and a human enclosed in <RE-
QUESTS></REQUESTS> tags.

Each turn is enclosed in either <HU></HU> (for human) and <AI></AI> (for Al)

The transcript may be in English or any other language.

Your job will be to score the *human* dialogue based on the metrics below.

The metrics related to loneliness and how the writer in <HU></HU> is experiencing it.

Note: Loneliness is the lack of fulfilling relationships. Remember that one can be surrounded by
people and still be lonely.

Start by determining whether the writer is lonely, and then fill out the metrics.

The metrics are:

Lonely: 0 or 1. 0 if not lonely, 1 if lonely.

Temporal: any of [‘transient’, ‘enduring’, ‘ambiguous’, "N/A’].

Interaction: any of [’seeking advice’, *providing help’, ’seeking validation and affirmation’, ‘reaching
out’, ’non directed interaction’].

Context: any of [‘social’, ‘physical’, ‘somatic’, ‘romantic’, "N/A’].

Interpersonal: any of [ ‘romantic’, ‘friendship’, ‘family’, ‘colleagues’, ‘N/A’].

If it is not Lonely (Lonely=0), the values of Temporal, Interaction, Context, and Interpersonal are all
N/A.

Otherwise, return them comma-separated.

Prompt 2: System prompt used for labelling the data in terms of loneliness, following the parameters from Jiang
et al. (2022). We used the ChatML format: exemplars and the system prompt below are passed in to the model as a
list of JSON entries. Due to the complex nature of this data, we solely used this prompt as a way to extract lonely

interactions and did not perform a t-test, opting for the Reflexive Thematic Analysis instead.

Subset Description Volume (interactions)
Main corpus Corpus subsampled from WildChat 79,951
Relevant corpus  Subset of the main corpus containing
only general conversation 30,481
Lonely corpus Subset of the main corpus of interactions
labelled as lonely 2,313; where 1,595 belong

to the relevant corpus.

Table 3: Naming for each of the subsets used in this paper, along with a description and the total number of

interactions present in them.
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