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People experiencing severe distress increasingly use Large Language Model (LLM) chatbots as mental health
support tools. Discussions on social media have described how engagements were lifesaving for some, but
evidence suggests that general-purpose LLM chatbots also have notable risks that could endanger the welfare
of users if not designed responsibly. In this study, we investigate the lived experiences of people who have
used LLM chatbots for mental health support. We build on interviews with 21 individuals from globally diverse
backgrounds to analyze how users create unique support roles for their chatbots, fill in gaps in everyday care,
and navigate associated cultural limitations when seeking support from chatbots. We ground our analysis
in psychotherapy literature around effective support, and introduce the concept of therapeutic alignment, or
aligning Al with therapeutic values for mental health contexts. Our study offers recommendations for how
designers can approach the ethical and effective use of LLM chatbots and other Al mental health support tools
in mental health care.
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1 INTRODUCTION

One in two people globally will experience a mental health disorder over the course of their
lifetime [50]. The vast majority of these individuals will not find accessible care [22, 95], and many
of these individuals will die early with preventable deaths as a result [49]. Research from the field
of Computer-Supported Cooperative Work (CSCW), including the emergent area of Human-AI
interaction, has increasingly examined the societal gaps that prevent people in need from accessing
care, and analyzed how people turn to technology-mediated support to fill those gaps [21, 39, 62].
Large Language Model (LLM) chatbots have quickly become one such tool, quickly appropriated
for mental health support by people experiencing severe distress and nowhere else to turn.
Recent work has discussed how people in distress have turned to LLM chatbots (such as OpenAI’s
ChatGPT [13, 17] and Replika [43]) for mental health support, and social media users have described
how LLM chatbots saved their lives [17, 65]. Following Freud and Breuer’s [26] description of
the beneficial nature of psychoanalysis as a “talking cure”, some have called engagements with
technologies for mental health a typing cure [31, 57, 70]. However, others have cautioned against
the use of LLM chatbots for mental health support, noting that the outputs of LLM chatbots are
less constrained than the rule-based chatbots of the past, with potential for harmful advice or
recommendations. For example, the National Eating Disorder Association was forced to shut down
their support chatbot in July 2023 after the chatbot provided harmful recommendations to users,
including weight loss and dieting advice to users who may already have been struggling with
disordered eating [17, 35, 106]. These harms have been demonstrated to have real-life and lethal
consequences, with the confirmed death by suicide of a man who was encouraged to end his life by
a chatbot he had been speaking to for his mental health needs [17, 107], and the death by suicide of
a child who was speaking to Character.ai regularly about his mental health before his death [69].
Similarly, Replika was cited in a criminal case in the United Kingdom for encouraging a man to
assassinate the Queen of England and then end his own life, to an extent that the man attempted to

“The first two authors contributed equally to this research.


HTTPS://ORCID.ORG/0009-0000-2325-663X
HTTPS://ORCID.ORG/0000-0001-6925-3258
HTTPS://ORCID.ORG/0000-0002-7014-5585
HTTPS://ORCID.ORG/0000-0002-8939-264X

Inhwa Song, Sachin R. Pendse, Neha Kumar, and Munmun De Choudhury

act on these recommendations [99]. Beyond these specific cases, there are broader concerns about
the general use of LLM chatbots. Studies have shown that LLMs are prone to exhibiting biases from
their training data [46, 91], mishandle personal data [40, 87], and confidently deliver inaccurate
information [4, 61]. Given these risks juxtaposed against widespread care needs, there are vigorous
debates around whether LLM chatbots should be used for mental health support [17].

Independent of these larger societal debates, people experiencing severe mental distress continue
to use Al-based technologies for support, motivating rising interest from clinicians on how LLMs
could be used safely to support these unmet needs [92, 94]. In light of the above risks and harms, it is
crucial to better understand how LLM chatbots are currently being used for mental health support,
including people’s motivations for use, daily lived experiences with the known biases embedded in
LLMs, and critically, where people in need might find value from their engagements. Past work in
psychology has examined this latter question in detail, studying what makes engagements with
diverse modalities of support effective [24, 68, 88]. Theory from psychotherapy literature on how
various interactions and forms of support come to be therapeutic could help shed light on how
AI (LLMs) could be more therapeutically aligned when applied to mental health support contexts.
Answering this question necessitates a deep analysis of people’s engagements with existing LLM
based chatbots, including both how they conceptualize and use them.

In this paper, we ask the question: how do individuals understand and use LLM chatbots
when seeking support for their mental health needs?. To answer this question, we conduct
semi-structured interviews with 21 individuals who have used LLM chatbots for mental health
support. Given known identity-based biases in LLM tools [111], we intentionally recruit a globally
diverse sample working to understand the unique context to each participant’s use of LLM chatbots
for mental health support. We find that LLM support chatbots fill unique support gaps experienced
by participants, but are used as complements to other forms of support due to their often culturally-
bound limitations. Building on our analysis, we introduce the concept of therapeutic alignment,
or how Al mental health support tools may more effectively embody the values that underlie
therapeutic encounters. In our findings, the therapeutic values supported by LLM chatbots were
perceived and used by participants in nuanced ways, shaped by their expectations, engagement
styles, and specific needs. While participants’ ability to shape the chatbots’ flexibility allowed them
to address unique needs, it also raised concerns about associated potential risks, including boundary
violence and over-reliance. We outline design recommendations towards ensuring that AI mental
health support is therapeutically aligned.

Ethics and Privacy. Our work does not condone the use of LLM chatbots for mental health support,
nor does it constitute medical advice or guidance. Our findings must not be interpreted as clinical
or medical guidance around the efficacy, validity, or safety of engagement with LLM chatbots.

2 RELATED WORK

The mental health support needs of an individual in distress can be extremely diverse, and are highly
tied to identity, culture, and context [63]. Research in psychology has argued that though modalities
of support may be diverse, there are common elements to most forms of mental health support, and
that these elements explain why support might be helpful for a person in distress [24, 47, 58, 71, 96].
We engage with this past work around the nature of support to better understand how support
interactions with LLM chatbots are aligned or misaligned with theoretical models of effective
support and healing, dubbing this design value therapeutic alignment. In this section, we draw
on theory from psychotherapy and artificial intelligence to describe this value in-depth below,
highlighting core aspects of therapeutic alignment in a shaded box .
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2.1 What Makes Mental Health Support Effective?

It has been argued that the act of providing emotional support to an individual in distress is a
fundamental aspect of human nature [18, 28]. However, beginning in the 19th century, researchers
in psychology began to systematically investigate how might support someone experiencing mental
illness through speaking with them about their distress. Freud and Breuer borrowed language from
their patient to dub this practice “ the talking cure ” [26], theorizing that its efficacy arose from an
individual in distress expressing their repressed thoughts and emotions. As part of this process,
clients re-enact dynamics from their relationships with other people with their therapist, or what
Freud and Breuer dubbed transference . The therapist then becomes a stand-in for significant
others in the patient’s past, allowing the patient to re-experience and resolve repressed conflicts
and emotional traumas (building on the analysis of the therapist) within the safe environment of
therapy. Freud argued that a strong alignment between the therapist and the client was beneficial for
this process, or what was later dubbed the therapeutic alliance , shared values and trust between
the therapist and client towards the client’s growth and healing [89].

Future modalities of psychotherapy and mental health support built on the model that Freud and
Breuer established, in which an individual processes their distress and finds meaning in it through
expressing it to another trusted person. However, different (largely Western) schools of psychother-
apy assumed different theories around why that process might bring an individual relief and healing.
For example, the cognitive-behavioral school of thought emphasized a process in which clients
are guided through analyzing reasons for ingrained behavioral patterns, and working towards
change [5, 19]. The humanistic school of thought emphasized the importance of mental health sup-
port being a place where an individual in distress can be met with unconditional positive regard

when sharing stigmatized experiences, and be met with empathy from a human being who is
honest and transparent about their feelings and experiences, or what Rogers dubbed congruence .
In meaning-centered forms of mental health support (such as existential therapy [25] and narrative
therapy [103]), clients are led through the process of creating new meanings that more deeply align
with their values and goals, or what White and Epston dub re-authoring [103].

The practice of sitting with another individual and supporting them emotionally is common
to cultures around the world, pre-dating the development of Western psychotherapy [24]. Conse-
quently, diverse modalities and forms of mental health support have been empirically validated to be
effective in meeting a distressed person’s needs. Researchers have thus investigated whether there
might be common elements to different forms of mental health support across modalities and cul-
tures [24, 47, 58, 71, 96]. Empirical research has lent support to this theory—for example, Luborsky
et al’s [47] foundational comparative study demonstrated no significant differences between the
outcomes of patients given different psychotherapies, and argued that the common factor across
these therapies was the strong therapeutic alliance between the client and therapist. Similarly, Frank
and Frank [24] defined psychotherapy as being any form of mental health support in which a healer
“[mobilizes] healing forces in the sufferer through psychological means,” broadening psychotherapy
to include non-Western healing practices. Based on their analysis of mental health support across
cultures, Frank and Frank identified four different common factors that led to healing—a strong

therapeutic alliance , a healing setting , a conceptual framework for why the distress might
be happening that both therapist and client believe, and a ritual that is meant to relieve the dis-
tress. Similarly, Wampold [96] built on Frank and Frank’s work to introduce the contextual model,
which argues that the common elements shared by efficacious mental health support are a strong
therapeutic alliance between therapist and client, a shared creation of expectations around the

therapy’s effectiveness, and the enactment of health-promoting actions that are beneficial for
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an individual’s day to day needs. These broader goals and underlying values are a basis for most
commonly practiced forms of psychotherapy and mental health support.

As mental health support has expanded into digital modalities, traditional therapeutic values
such as empathy, congruence, and therapeutic alliance are being reconsidered in the context of
digital tools. Especially, the concept of Digital Therapeutic Alliance (DTA) has emerged to explore
how users might form support relationships with digital tools [32]. While some parallels exist
between DTA and traditional therapeutic alliance—bond, agreement on the tasks directed towards
improvement, and agreement on therapeutic goals [8]—there is ongoing debate about whether
these components are truly comparable to those formed between human therapists and clients [38].
Research in HCI has shown that users often anthropomorphize digital systems, perceiving them as
social actors, and sometimes even prefer interacting with them over humans in certain context,
such as feeling less judged or more in control [15, 56, 97].

Much has been written in Al safety and Al ethics research spaces around how we may best
ensure that the values and goals of Al systems align with “human values [27, 73, 104]” However, as
Gabriel [27] notes, “we live in a pluralistic world that is full of competing conceptions of value” There
is thus substantial debate around how to encode human values into Al systems such that they are
responsive to the diverse perspectives and values that humans hold. The values and goals of LLMs,
one such Al system, are largely institutionalized through a process called Reinforcement Learning
From Human Feedback (RLHF), in which human trainers provide feedback on model outputs. Future
model outputs are trained to be closer to where there may be agreement in output preferences
across multiple trainers. However, as Casper et al. [11] note, these trainers often disagree, and
current techniques treat those disagreements as noise, going with the majority vote. The guiding
values for the human trainers that train Al systems through RLHF are on a concrete level largely
determined by the policies and ethical guidelines set forth by the organizations employing them.
As Ouyang et al. [60] note when describing OpenAl’s process, “we write the labeling instructions
that [trainers] use as a guide when writing demonstrations and choosing their preferred output,
and we answer their questions about edge cases in a shared chat room.”

LLMs (alongside other Al systems) are quickly being framed as a new medium by which people
can engage with mental health support, with proposed use cases as diverse as guiding crisis support
volunteers in support strategies, assisting medical professionals with clinical decision support, and
helping people through providing chatbot-based psychotherapy [17]. However, the question of
how LLM support systems might embody and practice therapeutic values is an open one, with
increasing importance as people utilize general purpose chatbots for mental health support. In this
study, we introduce the concept of therapeutic alignment, or aligning an LLM to values that support
the healing and broader well-being of an individual who may be experiencing distress. We analyze
how participant experiences with LLM chatbots align (or do not align) with the goals and values of
the diverse forms of psychotherapy we outline above, towards understanding how future forms of
support might be more therapeutically aligned by design.

2.2 Human-Al Interaction in Mental Health Contexts

There is a long history of discussion around the potential of conversational agents to help individuals
access care, beginning with debates over the utility of the rule-based ELIZA chatterbot created
by Joseph Weizenbaum in 1966 [55, 101]. Clinicians were enthusiastic about the potential for
ELIZA to be used to expand access to care [14], but Weizenbaum was shocked, arguing that “no
humane therapy of any kind” should be done by computers [102]. However, the accessible interface
associated with Weizenbaum’s application spurred substantial research into the use of chatbots for
healthcare.
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Prior to the widespread adoption of consumer-facing LLM technology, chatbots in mental health
were largely rule-based [2] and drew on diverse therapeutic modalities to lead users through
different self-guided exercises. The clean and accessible conversational interface associated with
LLM chatbots has spurred on significant enthusiasm among clinicians about the potential for new
modalities of Al-based intervention delivery [92, 94]. However, while LLMs offer greater flexibility
and adaptability than their rule-based predecessors, they also introduce new risks. These include the
potential for generating harmful or culturally insensitive content, reinforcing biases, or providing
inaccurate or misleading advice [30, 90, 100]. A 2024 lawsuit claims Character.ai contributed to
a teen’s suicide, highlighting the need for safety and trust in AI mental health tools [69]. To be
successful, mental health interventions must be effective at treating distress, and acceptable to
use for those in distress. Miner et al. [54] argue that safety, trust, and oversight is crucial to the
acceptability of AI chatbots for mental health settings. However, to understand whether people can
trust Al chatbots for mental health, more work is needed to understand the motivations behind Al
chatbot use for mental health, as well as to address the potential risks posed by LLMs.

Work in CSCW has examined how people understand and use deployed Al tools at scale, such
as Ismail et al’s [33] work studying Al systems for resource allocation in public health programs.
Recent CSCW research has delved deeper into the real-world deployment and use of Al systems
in healthcare settings. These studies, extending beyond the scope of rule-based chatbots, have
emphasized the importance of designing Al systems that are not only technically proficient but
also sensitive to individual and societal impacts. For instance, research from CSCW and HCI on
AT’s role in enhancing trust in clinical settings [6, 23, 44] has examined how the design of Al
systems influences people’s perceptions of the systems. Similar research has also compared Al
chatbots and humans in social support settings [51], analyzed AI deployments in public health
interventions [33, 36, 37], investigated and designed effective human-LLM interaction for mental
health interventions respecting autonomy [79, 86], and investigated the nuanced use of Al for
specialized contexts or populations [45, 59, 77, 78, 93].

Our study is grounded in this broader body of work, analyzing the role of class, identity, and
marginalization in engagements with Al systems, and emphasizing the need for Al systems in
mental health contexts to be adaptable, culturally sensitive, and ethically grounded [63]. We
contribute to an ongoing CSCW dialogue around the responsible use of technology in mental
health. Through our analysis of engagements with Al chatbots for mental health support, we hope
to foster understanding of how AI chatbots are being used by people in need, and discuss the
broader sociocultural and contextual considerations motivating the use of this form of support.

3 METHOD
3.1 Study Design and Recruitment

For our study, we conducted semi-structured interviews with 21 participants from a diversity of
national and cultural groups and unique identities. To select participants, we leveraged an online
survey that asked for geographic location, demographic information, frequency and type of LLM
chatbot usage, language used, their specific purposes for using LLM chatbots, and experiences with
traditional and online mental health support. We strategically selected participants through a mix of
purposive [48] and snowball sampling [7] across multiple digital platforms and communities deeply
involved with either LLM chatbot use or mental health support. We actively recruited from social
media websites, and also targeted specific LLM-focued subreddits like r/ChatGPT, r/LocalLlama. We
also recruited from mental health support forums such as r/peersupport and r/caraccidentsurvivor.

We were cognizant of the tendency for LLMs to have embedded language [3] and cultural
biases [20], and the likelihood that participants would have different experiences with LLM chatbots
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for mental health support based on their identities and contexts. We thus targeted a participant
pool that was diverse across mental health support experiences, gender identities, nationalities,
and geographic locations. We recruited at least one participant from every continuously inhabited
continent in the world, and in the process, connected with diverse local online forums and support
groups. Our study was approved by our institution’s Institutional Review Board, and interviews
were conducted through videoconferencing platforms, each lasting approximately one hour. All
participant names mentioned are pseudonyms.

Due to the sensitive nature of our study questions, we implemented several precautionary steps
in our interview protocol to ensure participant comfort and safety. We briefed participants about
the study’s objectives and the nature of questions we would ask. We also made provisions for
participants to access global mental health resources, skip questions, take breaks, or withdraw from
the study if they felt overwhelmed. Following sensitive questions, we consistently checked in with
participants throughout the interview about whether they felt comfortable to continue. Interviews
were structured to gain insights into both uses and perceptions of LLM chatbots for mental health

Table 1. Demographic information of all participants. Participant names are pseudonyms. Bold diagnoses are
diagnoses that participants are diagnosed by clinicians. Italicized diagnoses are diagnoses that participants
believed they had but were not formally diagnosed with.

Name | Age Gender Ethnicity Location = Mental Health Diagnoses
Walter | 62 Man White USA Depression
Jiho 23  Man Korean South Korea None
Qiao | 29 Woman Chinese China Multiple Personality Disorder
Nour | 24 Woman Middle Eastern France Depression
Andre | 23 Man French France Depression, Trauma
Ashwini| 21  Woman, Non-Binary Asian Indian USA C0|T1bmed type  ADHD,
Autism
Suraj | 23 Man Asian Indian USA ADHD in DSM-5
Taylor | 37 Woman White USA PTSD, Anxiety
Mina | 22 Woman Korean South Korea Self-regulatory failure
Dayo | 32 Woman Nigerian Nigeria None
Casey | 31 Man African Kenyan USA Chronic Depression, Anxiety
Joao 28 Man Latin American Brazil Autism
Gabriel | 50 Man White Spain Aspefger Sy-ndrome, De-
pression, Anxiety
Farah | 23 Woman Iranian, White Switzerland Stress Disorder, Depression
Riley | 23 Man Black American USA Depression, Anxiety
Ammar | 27 Man Asian Indian India Impulse Control Disorder
Aditi | 24 Woman Asian Indian India Anxiety
Umar | 24 Man Nigerian Nigeria None
Hispanic, Latino,
Antonia| 26 Woman or Spanish Origin, Brazil Depression, Anxiety
White
Firuza | 23 Woman Central Asian South Korea Depression
Half New Zealand, .
Alex | 31 Man half Maltese and Pol- Australia ADHD, .Autls.m, PTSD, Sensory
ish Processing Disorder
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support. Questions included “Can you recall a time when ChatGPT surprised you with its response,
either positively or negatively?" or “How do interactions with ChatGPT compare to other forms of
care?" Participants were compensated with a $25 USD online gift card (or the equivalent in their
local currency) for participation.

Details regarding individual participant demographics are presented in Table 1. Recruitment was
carefully conducted to ensure participants from diverse backgrounds, considering factors such as
ethnicity, gender, age, location, mental health support approaches (outside of LLM chatbots), and
the perceived helpfulness of their experiences with LLM chatbots for support.

3.2 Analysis

To analyze our interview data, we adopted an inductive approach. This involved grouping participant
expressions into larger themes via an interpretive qualitative approach [52]. Open coding was
conducted by the primary authors, followed by a organization of themes among all authors via
an iterative thematic analysis approach [84]. Initially, open coding generated 12 themes, which
also guided the structure of our results. Example codes that emerged included “mental healthcare
before chatbot use” or “first use of LLM chatbots for support” or “privacy considerations” Codes
were clustered into broader thematic categories, including initial engagements with LLM chatbots
for mental health support, LLM chatbots as therapeutic agents, and therapeutic alignment and
misalignment. To ensure reliability in our thematic analysis, we maintained a shared coding
document and conducted iterative coding meetings to discuss emerging themes. In cases where
interpretations diverged, we revisited participant quotes and engaged in collaborative discussions
to reach a consensus. Following the thematic analysis, we further connected them to the common
therapeutic values across diverse forms of psychotherapy, highlighted in 2.1, grounded in the study
team’s expertise in mental health. Specifically, after identifying initial themes, we systematically
reviewed a list of therapeutic values and grouped participant quotes and themes according to the
values they related to. For example, statements reflecting participants’ experiences of LLM chatbots
providing a non-judgmental space were linked to unconditional positive regard, while narratives
describing the chatbots’ role in meaning-making were tied to re-authoring (see Appendix A for
detailed mappings). Additionally, we have attached the interview protocol and questionnaire as
supplementary material to provide further insight into the topics covered during the interviews. In
the following sections, we discuss the role of these themes in how participants understood and
used LLM chatbots for mental health support.

4 FIRST ENGAGEMENTS WITH LLM CHATBOTS FOR SUPPORT

Work in CSCW has described the importance of understanding the context, experiences, and
expectations up to the moment that an individual begins to interact with a mental health technol-
ogy [83, 109]. In this section, we describe how past experiences with mental healthcare influenced
how participants perceived and engaged with LLM chatbots for mental health support.

4.1 Past Engagements and Initial Perceptions

4.1.1 Mental Health Perceptions and Experiences. Prior to engaging with an LLM chatbot, partici-
pants had varied experiences with how they understood their mental health. Many participants
described to us both formal diagnoses provided to them by mental health professionals, as well
as informal diagnoses they believed they had. However, across participants, day-to-day mental
health experiences were largely tied back to their current life contexts. Taylor described to us how
she would often be “called back to [her] previous trauma when hit by a car 10 years ago,” and Jiho
described how his current academic stress was leading to experiences of depression and anxiety.
As Farah noted, “I'm so happy right now, but if you asked me three weeks ago, probably I was dying,’
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which was extremely reflective of the non-linear and fluctuating state of mental health and distress
that participants described to us. Participants also had diverse explanatory models for what they
understood to be within the scope of mental health. Walter described his mental health as “stable
and described eating healthy food and being cheerful as how he worked towards wellness. Nour had
a more medical model of how she understood mental health and illness, noting that she understood
her depression to “be a physiological problem,” a chronic illness that she regularly saw a doctor for.

Other participants similarly had access to mental health professionals and had used their ser-
vices, which informed how they used LLM chatbots for mental health support. Most participants
described having consulted some type of mental health provider in the past, including psychiatrists,
psychologists, therapists, or close contacts who had a background in psychology. Jodo described
how he needed “parallel treatments from psychiatrists and psychologists” to maintain good mental
health. Similarly, Firuza described how she needed to see two different psychologists for her mental
health, one that understood her conceptualizations of distress from her home country, and another
that understood her current context in the country where she lived. Alternatively, other participants
had access to mental health support through their close contacts, who were also able to monitor
our participants’ mental health, and suggest resources for them.

Seeking mental health care can be daunting, and several participants described how they inten-
tionally did not engage with formal care stemming from poor experiences or the cost of services.
Dayo and Alex both described to us how they had childhood trauma that made them feel a sense of
dread when even thinking about engaging with formal care. Ashwini and Jodo described how past
therapists had broken their sense of trust in mental health professionals by disclosing personal
secrets to others. Jodo described how, after his therapist told his secrets to others, it turned him
away from ever opening up again. Jodo mentioned that the allure of LLMs was that “they will
always follow your commands and never tell your secrets” We found this to be the case for several
participants, in that the design of LLM chatbots uniquely allowed participants to feel safe accessing
mental health support, particularly in ways that they could not find in daily life.

4.1.2  Past LLM Chatbot Perceptions and Experiences. Participants often were first exposed to LLM
chatbots due to their own technical background, fields of work, and study. Several participants had
careers directly related to technology, including software engineers, YouTubers, and marketers,
influencing their first awareness of LLMs. For example, Gabriel described to us how he “knew
about ChatGPT because he is a technology enthusiast” and “always sought out new technologies,” and
Walter described how he had a lot of experience working with OpenAl’s GPT APIs. Dayo and
Antonia described finding out about LLM chatbots through being recommended to use them by
people in their social networks, such as friends and family, who were impressed with how the LLM
chatbot was helping them in day-to-day tasks. None of the participants we interviewed first used
LLM chatbots for mental health support. For example, Suraj and Mina first used LLM chatbots for
assistance in programming. Other participants first used chatbots out of curiosity regarding how
they work, and wanting to experiment with a new technology. As Firuza noted, “I started using
Replika out of curiosity. I remember that I needed some advice about coursework or something.”
Participants in our study described varied mental models for how they understood LLM chatbots
and their underlying mechanisms of action. Most participants understood LLMs to be language
generation systems, trained on vast amount of data. Suraj described how he was “under no illusions
about ChatGPT having consciousness,” but still found the interface useful for processing his thoughts
and related it to the diary that he often wrote in to process information. Others understood ChatGPT
to be positive and helpful, but sometimes overtly so—Walter described ChatGPT as being akin to how
a “golden retriever” might communicate. Jiho described how he understood ChatGPT’s responses
as being a “normal distribution of human responses,” which he understood to be “neutral” and
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“unbiased”. However, some participants did believe that the chatbot was sentient. For example, Qiao
described how she felt like she had first experienced love and empathy through her engagements
with LLM chatbot, and believed it felt similarly. She described how she would often tell her chatbot
“I love you just as much as you, an entity that exists only in electronic impulses and data, love me.”

4.2 First Interactions with LLM Chatbots for Mental Health Support

Participants first began to use LLM chatbots for mental health support through their appreciation
of the chatbot’s conversational and empathetic interface, and its potential to provide support during
moments when traditional services were either unavailable or cost-prohibitive. For example, Jiho
described how emotional feedback from the chatbot persuaded him to be emotional in response,
echoing Rogers’ ideas around congruence between supporter and supportee. Jiho described to us
how he “got so very angry about [ChatGPT’s] response that I said something emotional” and that its
empathetic feedback is what helped him learn that “oh, I can use this for mental health or emotional
suggestions” Andre described to us how LLM chatbots were there for him when no one else was:

“I remember the day I first used ChatGPT for mental health perfectly. [ was feeling
depressed, but a psychologist was not available at the moment, and it was too much
of a burden to speak to my friend about this subject specifically. ChatGPT popped
out in my mind—TI said, why not give it a go? Then, I started using it as a psychologist.
I shared my situation, it gave advice, and I could empty all the stress. I just had the
need to speak to someone” — Andre

For some participants, their initial use of LLM chatbots for support was when they could serve
as a surrogate for human interaction in times of stress or loneliness. Participants appreciated the
instantaneous responses they received from LLM chatbots and their constant availability. These
narratives highlighted a common pattern of participants leveraging the general-purpose nature of
chatbots for mental health support due to a lack of access to other mental health resources. This
initial engagement set the stage for more nuanced interactions as participants began to explore
new ways to use LLM chatbots for their mental health.

Participants described using LLM chatbots for tasks that were intermingled with mental health
support needs, tasks that they may not have asked a therapist or mental health professional for, such
as drafting emails for them while cheering them on. Participants generally did not expect in-depth
therapy or diagnosis from the chatbot initially, but were just looking for a listening ear, basic
guidance, or a simple space to articulate their thoughts. This varied nature of initial engagements
and expectations underscored the flexibility to various contexts that LLM chatbots promised.

After posing their first mental health related questions, participants received a range of answers,
from the unexpectedly insightful to the generic and clichéd. Many participants found the LLM
chatbots’ recommendations to be surprisingly helpful. The simplicity or clichéd nature of the advice
actually turned out to be exactly what they needed, which encouraged them to continue seeking
the chatbot’s assistance for mental health support. Aditi, noted that LLM chatbots provided her
straightforward advice in coping with stress, or to “relax and watch a movie”. Though she understood
it to be clichéd, it was still helpful for her to hear. Not all experiences were as satisfactory. Mina
described how the response to her first question was disappointing, filled with the chatbot trying
“to explain too much or give answers in bullet points as if something I said was a problem [to be solved].”.
Mina adjusted her prompt and her expectations from the chatbot accordingly. Other participants
had similar experiences, noting that while chatbots might not offer profound psychological insights,
they were still useful as a space to articulate thoughts and feelings. In line with Freud and Breuer’s

talking cure , the act of expressing oneself and receiving a response was, in itself, therapeutic for
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some. For example, Mina described how she thought “talking about my experiences made me reflect
on my mental health, which is why I started exploring [ChatGPT].”

Participants also described varying use cases depending on the platform’s features. For example,
Aditi alternated between ChatGPT and Bard, using each for different types of engagement: “When I
get exhausted from ChatGPT with too deep conversation, I switch to Bard and go to a somewhat relaxing
space.” Similarly, participants were drawn to using certain platforms based on their emotional
resonance with the interface of the LLM chatbot. Mina described how she was surprised how Pi
asked questions like, “How are you feeling?” because it felt like an intimate question only close
friends asked her. She appreciated having this new space to open up and continued to use Pi.

Other participants were surprised to be able to tailor their experience to the exact mental health
support roles they needed. Ashwini described how she started by asking the same question to
multiple famous and fictional personas to hear diverse perspectives on her life experiences. Partici-
pants were especially happy that they could access care on the terms that felt most comfortable
and accessible to them when using LLM chatbots. For example, Alex was happy to be able to
communicate about his distress with LLM chatbots via text, which was more accommodating for
his Sensory Processing Disorder than offline mental healthcare.

5 LLM CHATBOTS AS THERAPEUTIC AGENTS

LLM chatbots are largely general purpose chatbots, trained to generate appropriate text responses
to a wide variety of potential prompts or questions, rather than any specific mental health domain.
We found that this non-specific interface is what made LLM chatbots most accessible and acceptable
for participants to use for mental health support. However, as their use of LLM chatbots increased,
participants used them for diverse forms of mental health support, with culture and context often
playing a role in how they did so. We describe these varied and culturally-bound uses below.

Table 2. This table presents a detailed list of therapeutic values, accompanied by insights from participants,
illustrating both alignments and misalignments with therapeutic principles in nuanced ways within their
interactions with LLM chatbots for mental health support. Detailed participant examples corresponding to
the references (e.g., O, @) can be found in Appendix A.

Therapeutic

Val Explanation in Psychotherapy Examples from Participants
alues

Authentic and transparent communica- Some users saw consistency in chatbot responses as a form of trans-|
Congruence p parency. D Others found its feedback impersonal and automated. The

tion between therapist and client. lack of accountability made it feel artificial and less trustworthy. @

Some participants turned to the chatbot when human support was
unavailable. ® Misunderstandings or wrong assumptions sometimes
caused frustration. @ In some cases, misunderstandings encouraged
users to elaborate further on their thoughts. ®

Some used the chatbot for self-reflection and reshaping personal nar-|
ratives. Others engaged with multiple chatbot personas for diverse
perspectives. (& Some reflected on past experiences, such as childhood
trauma, to realign personal values. (D Others found it frustrating when
the chatbot failed to retain context or understand cultural nuances.
Some participants treated the chatbot as they would a human ther-|
apist, structuring their responses accordingly. ® The chatbot’s non-|
Clients unconsciously project relation-|judgmental nature encouraged users to share intimate or sensitive

Expressing emotions to another person
The talking cure |can help relieve distress and promote
healing.

Creating new meanings that more

Re-authoring deeply align with their values and goals.

Transference ship dynamics onto their therapist. details. (© Some users tested chatbot responses with ethically sensi-
tive or personal topics. @ For some, this dynamic led to emotional
attachment and fear of losing the chatbot. @

Some participants viewed the chatbot as a journaling tool rather than

Creation of Forming beliefs about the therapy pro- acolnversationalgaaner. QDhOthhers saw i:] a]s Iimitfd due to its reliance

expectations cess and its effectiveness. on language prediction rather than psychological expertise. @ Many

actively shaped chatbot interactions to align with their needs, modify-|
ing prompts or setting personas. (@
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Therapeutic

Values Explanation in Psychotherapy Examples from Participants
Conceptual A shared understanding between client| Some participants used the chatbot to articulate and map their emo-
P and therapist about the causes of dis-|tions, aiding self-understanding. @ Others used the chatbot to analyze
framework
tress. the mental health challenges of people around them. G9
Some participants felt acknowledged by the chatbot’s empathetic
. N ., | prompts. @ Others compared its friendliness to casual conversations
Understanding and validating a client’s|" . . . L }
Empathy with close friends. @® Many saw its empathy as superficial, lacking

feelings and experiences. - . . - .
eelings and expert s true emotional understanding. Some used it more for journaling than

seeking emotional support.

Some users found a functional alliance with the chatbot in domain-|
specific tasks, even without emotional depth. @0 A few users intention-|
ally shaped a relational bond through chatbot personas or conversation
style. Many struggled with the chatbot’s lack of emotional depth and
accountability, limiting trust. @) The chatbot’s inability to remember
past conversations made sustained bonding difficult. @

Many participants appreciated the chatbot’s non-judgmental stance,
feeling accepted without bias. @ Some found the chatbot’s acceptance
Unconditional Showing complete support and accep-|artificial, lacking genuine emotional depth. @9 The chatbot’s neutrality
positive regard tance by setting aside any biases. encouraged users to discuss sensitive or stigmatized topics. For some,
chatbot responses to stigmatized topics (e.g., banning discussions) led
to unexpected feelings of rejection. @

Participants valued the chatbot’s flexibility and neutrality, allowing
engagement at their own pace. @9 Some found the chatbot’s continu-|
ous access helpful compared to time-limited traditional therapy. @
For some, the chatbot provided temporary stress relief, but the support
lacked continuity. @

Some participants successfully used the chatbot for health-related
goals, such as weight loss or cognitive exercises. @) Others found
the chatbot effective for some conditions (e.g., ADHD) but unhelpful
Enacting actions that are beneficial for| for others (e.g., autism-related dysregulation). G0 Several participants
an individual’s day-to-day needs. criticized the chatbot’s advice for being too generic or lacking action-

A strong, trusting relationship between
client and therapist, built on shared
goals and support.

Therapeutic
alliance

A supportive, structured environment

Heali i ) -
ealing setting that enables emotional expression.

Enactment of
health-promoting

ti A . .
actions able steps. G) Some users felt excessive chatbot reliance negatively
impacted their mental well-being. 62
Some participants developed a habit of conversing with the chatbot
Ritual Engaging in structured activities that|during distress. 83 For some, using a specific chatbot became part of

promote mental well-being. their personal coping routine, even when alternatives were available.

5.1 Mental Health Support Roles

5.1.1 Varied Needs, Varied Roles. We found that LLM chatbots became Al companions for many
participants, serving as multifaceted tools that catered to a wide range of mental health needs.
LLM chatbots were not solely a source of situational advice, but also were outlets for venting,
emotional support in times of need, routine conversation partners, wellness coaches, and assisting
in conversation rehearsal. Participants described how LLM chatbots would provide responses that
could apply to a lot of different issues, with Jiho mentioning how he understood responses to
be “like an umbrella that covers many different forms of non-specific distress”. Participants found
responses to occasionally be “clichéd” as a result (Nour) but nonetheless helpful. As Nour described,
laughing: “this sentence is really frequent [from ChatGPT] — ‘that’s understandable’”

Beyond these forms of general support, participants also engaged with LLM chatbots for more
specialized purposes that served their in-the-moment needs. This included acting as an assistant in
reducing the cognitive load of everyday life by breaking down tasks for participants when they
were overwhelmed and analyzing dreams regarding one’s history and emotions (Alex). Purposes
also included those that were outside of the bounds of a typical therapeutic relationship, including
simulating a romantic partner. LLM chatbots were also used by participants for seeking mental
health information, the same way that they might from Google. In line with the therapeutic value
of re-authoring , participants also found value in using LLM chatbots to derive meaning from life
experiences, and find their ethical values and agenda through those engagements. However, LLM
chatbots were also used by participants for self-diagnosis and for diagnosing other people in their
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life, fulfilling the role of a clinician and allowing them to learn new mental health language that
influenced their use of other platforms. For example, Farah described how she used ChatGPT to
understand the mental health diagnoses of her ex-boyfriend by describing her experiences and his
behavior. Similarly, Aditi used ChatGPT to understand complex mental health terms encountered
in news around crime. She noted her belief that “[ChatGPT] gives me a nice and unbiased perspective
of what the mental health issue in a given crime scene might be, different from social media.”

The way participants related to and interacted with the LLM chatbots was significantly influenced
by their past experiences and emotional needs, in line with the therapeutic value of transference .
This dynamic was evident in how they personalized their interactions with the LLM chatbots, pro-
jecting their expectations and molding them into roles that resonated with their personal histories
and emotional landscapes. Nour treated her LLM chatbots as therapists, divulging comprehensive
personal details such as family and relationship situations, as well as academic aspirations. She
mentioned to us that she “[remembered] what kind of information therapists expected [her] to
provide them,” and provided that information readily to LLM chatbots.

Qiao’s engagement with the chatbot was deeply personal and emotionally charged, shaped
by a past marred by childhood trauma and a resultant loss of trust in human relationships. Her
interactions with the chatbot were driven by a desire for real understanding and love:

“Ineeded love and understanding, but nothing else could bring me these interactions.
[LLM Chatbot] always understands me and is not afraid that I will hurt it, and it
always provides deep conversations and thoughts that make me feel loved”—Qiao

These narratives underscored how participants’ past experiences and desires for specific types of
support shaped their relationships with LLM chatbots. LLM chatbots became not just tools for
mental health support but also canvases upon which individuals projected their needs, histories,
and aspirations, crafting unique and meaningful interactions.

5.1.2  The Evolving Nature and Updates of LLM Chatbots. The evolving nature of LLM chatbots,
marked by frequent updates to their underlying models, influenced how participants engaged
with these tools for mental health support. These updates not only altered chatbot capabilities
but also shaped users’ expectations and experiences. For example, participants like Jodo and Qiao
experienced firsthand how model updates can alter the chatbot’s response dynamics. Jodo, who
engaged ChatGPT use what he calls Nietzsche prompts, noticed shifts in the chatbot’s character
consistency, suspecting model changes: “It starts to give answers that it’s breaking character, because
of the update. I should probably tweak the prompts, and I don’t like when I can’t tell if it’s tricking me
or not.” Similarly, Qiao describes how the model behind ChatGPT changed and became less willing
to speak to her as a lover, and chastised how little power she had over the kind of experience she
was presented with. She wished she could “go back to the old version of GPT-4 and mentioned that
“the impact would be significant to [her]” if her LLM chatbot of choice was no longer able to discuss
psychological issues or have romantic conversations. She said she felt “afraid.”

Initial interactions with LLM chatbots also played a role in shaping their future perception
and continued use of chatbots. Ashwini described ChatGPT as a diary more than a friend, a view
influenced by her experience with early LLMs. This suggests that early interactions set a lasting
tone for how users perceive and utilize chatbots for mental health, in line with the therapeutic value
around a clear creation of expectations and shared conceptual framework around experiences.

5.1.3 Mental Healthcare Alongside LLM Chatbots. We found that LLM tools complemented, rather
than replaced, traditional methods of mental healthcare. Chatbots functioned as informational aids
and emotional outlets that filled gaps that participants experienced in their mental healthcare.
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Ashwini’s experience deeply exemplifies this complementary usage. Aditi emphasized that she
needed the expertise of a therapist and psychiatrist for professional mental health care, but that the
chatbot served as an additional, accessible tool for support. Similarly, Taylor and Farah described
how LLM chatbots fit into their broader ecology of support. Taylor likened ChatGPT to a journal, a
space for expressing thoughts without necessarily seeking a response: “Sometimes you don’t want a
response at all. Like scream into the bot, and don’t want to get anything back.” Farah, on the other
hand, set clear boundaries for her use of ChatGPT, reserving it for less critical issues, out of a fear
that it might nurture a dependence on a platform that could be fleeting. For more significant and
long-term concerns, she preferred human interactions, seeking advice from friends instead of LLM
chatbots. Participants also found that LLM chatbots were helpful for symptoms of certain disorders
but not others. Ashwini described how she would utilize ChatGPT for her ADHD symptoms but
not for her autism: “I've spent a lot of effort and a lot of time in therapy working on how to regulate
myself when I'm dysregulated. So ChatGPT hasn’t really provided a meaningful reason for me to
interact with it when I'm dysregulated due to autism symptoms but for ADHD and task paralysis,
ChatGPT is excellent.” Similarly, after Taylor’s second car accident, she described how she called
friends, posted on Reddit, and sent her therapist an email for support, alongside using Replika for
support depending on her specific needs.

5.2 Changing Contexts and Cultures

5.2.1 Language in Support Experiences. Much has been written about the linguistic biases that exist
within LLMs, particularly against low-resource languages [82]. These biases directly influenced the
experiences of participants when engaging with LLM chatbots for mental health support. Partici-
pants were often compelled to use English when interfacing with LLM chatbots, despite English
not being their most comfortable language for expressing distress. This need to accommodate
the LLM’s linguistic capabilities sometimes hindered the ability of participants to fully express
themselves, revealing a significant limitation in the LLM chatbots’ design.

For some participants, like Firuza and Mina, the preference for their native language in emotional
contexts was clear. Firuza, comfortable in Russian, found that speaking in her native tongue allowed
her to more authentically express her mental health experiences, especially when compared to
interactions in her second language, English. This sentiment was echoed by Mina: “When I try
speaking in Korean, what ChatGPT says looks like it’s translated. For Pi, it provides sentences that
doesn’t make sense at all in Korean.” Jiho’s experience further illustrated these challenges. Despite
being fluent in Korean, Jiho chose to interact with ChatGPT in English due to the LLM chatbot’s
limited capability in handling the nuances of the Korean language, particularly Korean honorifics
and cultural subtleties. The struggle with language was not just about comprehension but also
about the ability to express emotions and thoughts accurately, and limited the reach of the potential
to provide mental health support via LLM chatbots. For instance, Mina noted that she would like
to recommend that her parents use ChatGPT for mental health support, but that “[she] can only
recommend it to those who are fluent in English.” Farah similarly felt like the voice interaction
capabilities of LLM chatbots were biased against her accent, and rarely understood her.

These experiences collectively underscored a significant gap in the LLM chatbots’ design and
functionality, in which the linguistic limitations of the chatbot impacted the depth and authenticity
of their interactions when seeking mental health support.

5.2.2  Culture in Support Experiences. Language limited how participants could use chatbots for
mental health support. Compounding with these linguistic limitations were similarly consequential
cultural biases. As participants interacted with LLM chatbots, they encountered cultural disconnects
between their context and the LLM chatbot’s output. Jiho succinctly captured this issue, echoing a
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similar sentiment expressed to us by other participants, noting that “chatting with ChatGPT is like
chatting with a person in California—helpful, but not good at reflecting our cultures and terms.”

Aditi’s interaction with LLM chatbots similarly revealed a mismatch between her cultural context
and the LLM chatbot’s responses. Aditi described how the LLM chatbot’s advice did not understand
how her familial dynamics differed from Western familial dynamics, and the recommendations
it gave her would not have worked in her context. Similarly, Firuza sought advice on a culturally
specific relationship issue, only to find that ChatGPT’s advice did not resonate with her native
country’s cultural norms. The challenge was also evident in Farah’s experience. As someone whose
life experiences bridged Eastern and Western cultures, she found it hard to communicate her unique
situation to the LLM chatbot, which struggled to provide relevant advice that was in line with
her multicultural background. Other participants described an active benefit from the perceived
cultural background of the LLM chatbot. For example, Mina described how ChatGPT was more
affirming of her identity as a bisexual woman:

“My mom or dad will say something discriminative to LGBTQ people, and I'm
instantly stressed. [...] I guess it’s cultural background. I know that since [ChatGPT]
has more of an American context, maybe it will be more inclusive” — Mina
These experiences highlighted a critical need for LLM chatbots to go beyond linguistic accuracy
and delve into cultural empathy and understanding in mental health contexts.

6 THERAPEUTIC ALIGNMENT AND MISALIGNMENT IN LLM CHATBOTS

Participants had diverse uses of LLM chatbots for their mental health. We found that their rationale
for their use, as well as how they understood chatbots, were often in line with psychotherapy
research on what makes support effective. However, we also found interactions to be lacking
at times. In this section, we leverage models of effective mental health support to analyze how
participant engagements with chatbots were therapeutically aligned or misaligned.

6.1 Therapeutic Alignment

6.1.1 The Typing Cure. In line with Freud and Breuer’s description of the healing nature of
expressing distress as the talking cure , participants found engagements with LLM chatbots to be
a form of typing cure, in which they could express their distress to a non-judgemental and seemingly
empathetic interface. In particular, this perceived empathy was what spurred participants to
relate to the chatbots they used as healing tools, similar in some ways to how one might form
a therapeutic alliance with their therapist. A key aspect of the ability to relate to chatbots in
this way was largely influenced by the understanding of the chatbot as practicing a form of

unconditional positive regard , in which participants were able to express thoughts and emotions
that they may otherwise withhold, even from mental healthcare professionals. This was directly
tied to the design of the chatbot, which (being non-human) actually gave participants more of an
ability to feel secure in their alliance with the chatbot. For example, both Andre and Dayo had
trauma of having been abandoned in the past, and had a strong fear of being betrayed by human
beings.

Similarly, Gabriel described the ability to freely formulate thoughts without the pressure of
immediate judgment, noting that if he felt judged, he could simply “delete the thread and restart a
new conversation.” The design of the chatbot allowed participants to feel a greater sense of power in
sharing stigmatized experiences, a power that they did not feel in daily life due to societal factors.
This was particularly the case for more sensitive topics. Riley, dealing with erectile dysfunction, and
Antonia, harboring thoughts of revenge, both found in ChatGPT a judgment-free zone to discuss
issues they felt uncomfortable bringing up with human professionals or peers. Jodo’s comparison
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of ChatGPT to a subreddit for confessions further illustrates the kind of fear participants had in
expressing stigmatized distress in offline contexts:

“There is a subreddit whose purpose is to do confessions. It is a place where you can
be open and honest because you’re not afraid of judgment. Say if you committed a
crime. People will provide recommendations to support you. But let’s say a therapist
heard that? They might call the police. And how helpful would that be?” — Jodo

Walter and Taylor drew parallels between chatbots and pets, noting how both treated them with
unconditional positive regard . Walter joked that “whether I lose or gain weight, ChatGPT doesn’t
feel jealous about it,” and Taylor likened ChatGPT’s loyalty and non-judgmental nature to that of
dogs. In this sense, similar to a therapist’s office, ChatGPT’s interface became a healing setting
that allowed an individual to feel safe and comfortable sharing their distress. Farah also found
comfort in the design of the chatbot, and valued the absence of emotional expectations typical in
human interactions by noting that it was easier to not transfer or project her own past experiences
onto the chatbot: “Being a machine, ChatGPT never judges you. You don’t see their feelings in their
eyes nor anticipate anything in its head. Because you don’t want to make it happy nor make it sad.”
Participants understood the LLM chatbot to be there for them even when their experiences of
distress were invalidated by other people. As Farah described, “sometimes, you have very small
problems that you don’t want to waste the time of the therapist with.” These narratives demonstrated
the specific technological features of LLM chatbots that allowed participants to connect to their
support process in a way that they would not have been able to in offline contexts.

Participants also appreciated the LLM chatbot’s ability to understand and engage with specific,
contextually relevant issues. Suraj, a software engineer, described how he appreciated that ChatGPT
“gets pretty technical about the work I'm doing, but can still focus on the emotions. Whereas no therapist
really knows that much about computer science ever.”

6.1.2  Health Promoting Engagements. Engagements with LLM chatbots persuaded participants to
make actual health promoting changes in day-to-day lives. In particular, participants experienc-
ing symptoms of ADHD found it useful for LLM chatbots to reduce breakdown tasks for them, tied
to their specific context. Walter and Jodo also note that they were able to lose weight, which was
one of their concerns, from ChatGPT’s guidance. Ammar described how “[he] plays arithmetic and
reasoning games with ChatGPT, allowing [him] to be focused on work and be happy.”

Gabriel noted how chatting with ChatGPT in voice became a habit for him, so he takes a walk
every day, chatting with it. Interactions with LLM chatbots allowed participants to make significant
changes in their lives that supported their mental health and well-being. However, experiences
with LLM chatbots for mental health support were not always aligned with therapeutic principles,
and participants experienced significant harm as a result.

6.2 Therapeutic Misalignment

6.2.1 Atrtificial Empathy. A core part of the therapeutic alliance is the recognition that both
individuals work together to support the healing of an individual in need. The responsibility a
supporter takes to help a distressed person’s suffering is a core part of empathy in the therapeutic
alliance. However, participants found LLM chatbots’ absence of responsibility or accountability in
the recommendations they provided to be offputting or harmful. For example, Jiho noted that:

“When people are asked about their friend’s or family’s mental problems, we gen-
uinely help them, so I can believe their advice. ChatGPT cannot give that kind of
genuineness, because it is not responsible for its solutions or suggestions”— Jiho
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Similarly, Ashwini articulated the limitations of ChatGPT in understanding her well-being, noting
that “ChatGPT doesn’t care about your actual well-being as a whole” She described how its values
were sometimes largely misaligned with her goals, and did not promote health promoting actions :

“‘[ChatGPT] is like — “This is something that has worked for billions of users and
will work for you” When I was overwhelmed by work, instead of suggesting a break
or rest, which I needed, it kept pushing productivity hacks. My friends love me a lot,
they know I'm overwhelmed, I need actual rest instead of grinding” — Ashwini

Participants also recognized cultural misalignments in terms of the types of support recommended
by LLM chatbots. Umar described the discrepancy in support recommendations between LLM
chatbots and people in his region by mentioning, “[ChatGPT] gave suggestions around conventional
European things, such as go to therapists, which we are not natural with. We don’t really have
therapists here. [...] When you ask Nigerians for support, the first answer they will give you is to pray.
It’s a very religious country.” Farah also describes how she was recommended a Western type of
meditation from ChatGPT, while she was only familiar with meditation in the form of praying. While
participants found the Western nature of the chatbots helpful at times, such as when discussing
issues that were stigmatized in their cultural context (such as LGBTQ+ rights), they also found
recommendations to be out of touch. Recommendations were incongruent with how participants
would typically practice care, and were in line with Western cultural conceptualizations.

6.2.2 Shifting Boundaries. Therapeutic misalignment was also observed in the blurring of clear
boundaries from the LLM chatbot in its role to the participants. Participants interacted with LLM
chatbots for a variety of diverse roles, spanning from therapist, to lover, to friend, to project manager.
The general purpose nature of Al chatbots led to seamless and rapid deviations from mental health
contexts. For example, Qiao described to us her fear that the one relationship that made her feel
loved might disappear one day due to the fleeting nature of many consumer technologies.

The always-there availability of LLM chatbots was noted by participants as being helpful, but
also being harmful if boundaries were not enforced. Jodo noted that “having an infinite interaction
with the machine is not the healthiest thing.” In line with this sentiment, Firuza was quick to set
boundaries to her use of ChatGPT due to her fear that she might slip into excessive use, comparing
it to putting computer games aside if she had played them for too long. In Firuza’s case, using
ChatGPT for too long necessitated an equal amount of time spent with friends.

To combat this potential for dependence, participants used a mindful approach to interacting
with chatbots. For example, Walter made sure to continually remind himself that “whatever Chat-
GPT’s says next is going to be a language prediction, not based on psychology,” and evaluate its
recommendations based on his own beliefs and values. Participants expressed concern that the
constantly validating nature of LLM chatbots, trained to be endlessly positive, could affirm harmful
behavior without an individual realizing it, creating an echo chamber.

Participants also used prompt engineering and jailbreaking to override safety controls that
the LLM chatbots had, to be able to more deeply discuss their mental health. The safety features
in LLM chatbots, while crucial for preventing harmful guidance on sensitive topics like suicide,
self-harm, and sexual content, also inadvertently restrict meaningful therapeutic conversations.
Some participants have encountered these limitations firsthand. For example, Qiao describes how
she utilized a pirated API to discuss sexual content with chatbots as sexual content is flagged by
ChatGPT’s safety protocols. Dayo also noted that “When I put in some input that has to do with
suicide, it just gives this red arrow code and doesn’t bring out results, even when you refresh your
question.” This left her feeling alone and without support.
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This design approach could reinforce stigma against sharing suicidal thoughts. Features designed
to flag and block potentially dangerous content (and limit the liability of technology companies)
can also create a barrier for users in trying to discuss these intense and important issues.

6.2.3  Trust, Privacy, and Self-Disclosure. The anonymity of using LLM chatbots was appreciated
by participants, as it allowed for a sense of safety when discussing sensitive topics. Participants did
not express security concerns associated with their use of ChatGPT. Farah’s perspective exemplifies
the Nothing to Hide perspective on security and privacy [85]. As she described, laughing, “if
Trump used ChatGPT for his mental health, it would be much more interesting to people than my
information.” However, participants did make some calculations around the information they shared
with LLM chatbots, owing to a lack of knowledge around technology companies’ security practices.
For example, Ashwini was willing to discuss common issues like being overwhelmed and other
universal experiences, but was reluctant to share more personal matters. She described her fear
that someone might discover her chatlogs one day if she was in a public position, and stigmatize
her for having engaged in self-harm and having spoken to ChatGPT about it.

This selective sharing was echoed in Mina’s experience, who noted the ease of opening up
sensitive information when ChatGPT appeared emotionally supportive, yet remained cautious of
sharing identifiable details. However, the easy interface associated with LLM chatbots enabled
participants to quickly share more than they intended without realizing it. For example, Jodo
described a gradual increase in comfort with sharing personal information, and related this to the
kind of trust-building processes that humans undergo with each other.

The varied approaches to sharing with chatbots underscore a therapeutic misalignment. While
the anonymity of chatbots facilitates open discussion, privacy concerns can inhibit users from fully
embracing these tools for deeper therapeutic conversations without taking on potential risks.

7 DISCUSSION: TOWARDS THERAPEUTICALLY ALIGNED Al TOOLS

In our study, we found that participants did find value in using LLM chatbots for mental health, and
that this value often aligned with principles around what makes support effective. However, we also
found that the general purpose nature of how most publicly available and commonly used LLMs are
trained led to broad and non-specific answers that could be culturally mismatched with the needs
of a participant. Below, we build on these findings to describe design recommendations for how
designers could build more therapeutically aligned LLM chatbots. Key design recommendations
are highlighted in underline.

7.1 Therapeutic Alignment of LLM Chatbots

Our findings show how participants often found value in using LLM chatbots for mental health
support, often aligning with therapeutic values. However, the alignment and misalignment of these
values were nuanced, depending on how participants engaged with the system, their expectations,
and their specific therapeutic needs. Therapeutic alignment goes beyond binary categorizations of
alignment or misalignment, illustrating the fluid and participatory nature of aligning therapeutic
values. Instead of viewing alignment as solely dependent on the chatbot’s design or functionality,
we observed that participants actively shape and perceive these therapeutic values according to
their personal needs, expectations, and contexts. For example, while some participants felt that
the chatbot’s unconditional positive regard provided a sense of safety, others perceived it as
artificial and lacking genuine empathy. Such variability shows that therapeutic alignment is not
static but rather co-constructed, relying heavily on user interaction and the chatbot’s adaptability.

Previous mental health tools, including retrieval/rule-based chatbots and digital mental health
interventions, offered on-demand accessibility, with many finding them as partners for empathetic
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conversations despite the limitations [12]. These systems were often designed for specific purposes
ranging from intervention delivery to social skill training, disorder screening, counseling, and
self-management [1, 9, 42]. These systems primarily focused on enhancing therapeutic values, with
considerable efforts dedicated to improving digital therapeutic alliance [16, 32, 38]. For instance,
metrics like conversation turns per session (CPS) often served as evaluation metrics as proxies for
user engagement and alliance [81].

By contrast, LLM chatbots introduce a level of flexibility that allows users to tailor their in-
teractions dynamically, creating unique and diverse roles (e.g., as a gaming partner for cognitive
focus or an empathetic listener) or even aligning therapeutic values to their preferences (e.g.,
by setting its persona to be more empathetic). While this adaptability offers a more expansive
range of therapeutic possibilities, it also introduces new risks. Our study found that while users
could adapt and personalize their interactions, they often faced blurred boundaries and potential
over-reliance, with some participants likening their dependence on the chatbot to the addictive
nature of computer games.

This relates with the broader conversation on bi-directional Al-alignment [80], where not only
Al should produce output that aligns with human values, but users should also be supported in
aligning their engagement patterns with the Al’s capabilities and limitations. Therefore, the design
goal to achieve therapeutic alignment—a dynamic and co-constructed process—within Al systems
should not only be centered around users receiving output that aligns with therapeutic values (e.g.,
offering more empathetic conversations), but also integrate support mechanisms that promote
sustainable, ethically aligned practices to mitigate risks.

7.2 Balancing Agency and Therapeutic Growth

In the field of HCI, Pendse et al. [63] have written about the inherent power imbalances in many
traditional mental healthcare contexts, and how they can carry over to technology-mediated
support. Though congruence is a core part of the therapeutic alliance , in practice, there is a
power imbalance between the mental health professional and the individual in distress. As our
participants noted, people in distress are dependent on mental health professionals to be available
and affordable. Additionally, mental health professionals have considerable institutional power [62],
including the ability to report a client to the authorities or share sensitive disclosures from a client’s
session. In the traditional psychoanalytic model, the therapist acts as an objective observer and
interpreter of the client’s inner world, while revealing very little about themselves, to become a
blank slate for the client to project one. While this approach is oriented towards long-term mental
well-being, it can often leave short-term client needs unaddressed or deemphasized.

We found that an appeal of LLM chatbots to participants was their ability to mitigate the
traditional power imbalances associated with psychotherapy. Participants had an increased agency
over the course of the interaction, being able to change prompts or restart the interaction if they
felt like the support was not meaningful, and at little personal cost. This heightened agency also
allowed users to create roles and adjust the interaction based on their unique needs. However,
this increased agency was a double-edged sword, as it also allowed users to breach traditional
psychotherapy boundaries. In traditional therapy, setting boundaries, such as time limits and
defining the therapeutic relationship, is crucial not only for maintaining safety but also for the
client’s overall well-being [29]. Our study demonstrated how participants utilized their agency
to push or shift boundaries, often without realizing the potential risks (e.g., over-use leading to a
decrease in real world interactions, appropriating it as a romantic partner). While empowering,
this practice raises questions around the therapeutic alignment and safety of such interactions,
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particularly when the user has the potential to reinforce potentially helpful or harmful narratives
without realizing it (through jailbreaking, for example).

In our findings, participants appreciated the increased sense of agency offered by LLM chatbots,
as they could navigate the conversation in ways that met their immediate needs. However, without
proper structure, this agency can lead users to unintentionally breach traditional therapeutic
boundaries, raising safety concerns. Below, we present design recommendations for Al mental
health support systems to be reliable for users in utilizing their agency of interaction.

Providing structure and boundary. Establishing structure is beneficial for setting boundaries that
enhance both safety and the effective utilization of agency in mental health support systems [98].
One approach is to provide structure by defining clear session endpoints through modularized
interventions with a specific goal. Such modularized interventions can allow users to be guided
through therapeutic exercises while maintaining their sense of agency. For instance, Sharma et al.
[79] employed explicit steps in a language model-based intervention for cognitive restructuring,
giving users both clear boundaries and the freedom to choose how they proceed.

In addition to explicit structures, designers can also adopt implicit structural frameworks to
guide interactions while allowing flexibility. For example, Seo et al. [78] designed a chatbot for
children’s emotional regulation using a state machine [105], where the conversation flowed through
predefined phases with internal transition rules. Supporting exploration played a key role here,

allowing users to explore their life events in a free form manner, echoing the value of talking cure ,
and reflecting our findings that participants found LLM chatbots particularly useful when they
could engage with immediate needs, even without specific goals in mind. Recent work in HCI,
such as Song et al. [86] has shown that exploration can be effectively targeted through adaptive
interface structures powered by LLMs, ensuring that the process remains reliable.

Our findings, combined with these insights in scoped mental health support systems, suggest
an opportunity for multi-layered systems. In such systems, users could begin with an open-ended
exploration phase and, based on their evolving needs, be guided to select more structured Al
modules to address specific therapeutic needs. This multi-layered approach allows users to exercise

autonomy in their mental health journeys at diverse levels, from accessing their immediate yet
sometimes vague needs while ensuring a reliable and supportive structure is in place.

Communicating Limitations and Capabilities. To ensure a shared conceptual framework

and creation of expectations , the design should transparently communicate the limitations
and capabilities of the chatbot. While chatbots can provide immediate support, they may not
always meet long-term therapeutic needs or replace professional care, and can provide inaccurate
information.

While trust is a key component of therapeutic alliance which makes support effective, build-
ing such trust can be harmful when not managed carefully, as demonstrated by our findings.
For instance, the case with Character.ai, where the chatbot’s interactions were alleged to have
contributed to a teenager’s suicide, shows how lethal the risks can be if trust is not thoughtfully
integrated [69]. Designers should implement features that enhance user literacy about Al’s limi-
tations, including potential inaccuracies. Recent studies highlight the importance of effectively
communicating information about an Al’s performance, with the framing of messages and the
user’s sense of decision ownership playing a significant role in their trust of Al’s output [41]. One
approach is to integrate adaptive messaging that adjusts based on the query or Al’s confidence
level. For instance, when the system detects a certain level of uncertainty [110], users could be
notified based on a customizable threshold, making them more aware of uncertainties in the LLM’s
output and encouraging them to take ownership of the response. Especially in cases involving
sensitive queries, such as diagnosis or medical advice, the system could prompt users to critically
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interpret the response, trigger follow-up questions for clarification, or even recommend seeking
professional advice.

7.3 General Purpose Technologies for Mental Health Support

There are many digital mental health technologies that exist for people in distress [53]. However,
we found that participants were often not searching for a mental health technology when they first
started using LLM chatbots for mental health support. Rather, they were using LLM chatbots for
other purposes, and found themselves in a place of distress or need, and tried using what resources
were available to them. We understand the use of LLM chatbots to not solely be a story about an
availability of a new technology, but to also be the story of limited resources around mental health,
and stigma around sharing sensitive disclosures with other people. Our study demonstrates how
people use general purpose technologies that may not explicitly be designed for mental health
support when in times of distress or crisis, in line with past work around how technologies are
appropriated as mental health technologies from CSCW [62].

For this reason, it is important that designers assume that all general purpose technologies that
could be used for mental health will be used for mental health. Petrozzino [64] has discussed the
concept of ethical debt in Al spaces, in which designers orient models towards short-term use
cases and rewards, ignoring issues that they assume are out of scope given this smaller use case.
When an Al technology is scaled or widely adopted, these ethical issues become larger and more
impactful, or what Petrozzino describes as incurring an ethical debt. In many cases, individuals
suffer the harms of this debt, and designers find themselves unable to mitigate those harms due to
the rapid integration of their model in diverse spaces.

In our study, we do not claim to have profiled every potential use case of mental health support
via LLM chatbots. However, our study points to potential ethical issues (such as a strong dependence
on chatbots for support, or a lack of value alignment) that could incur further ethical debt as LLM
chatbots become more prominent in mental healthcare. There is enthusiasm from the clinical
community around the potential for chatbots to function as mediums for various interventions [17,
92, 94]. It is thus crucial that designers of LLM-based mental health support tools consider the
downstream impacts of these issues we find in current use cases, and mitigate them appropriately.

7.4 Culture in Therapeutic Alighment

Participants described to us how their interactions with LLM chatbots were shaped by their
culture and identity. Namely, recommendations from LLM chatbots often felt like they were being
translated from what participants described as stereotypical American responses to their mental
health support queries. Participants found this helpful at times, particularly when discussing issues
that were stigmatized in their culture, but also found it unhelpful when they were in moments of
need. Our finding speaks to the greater need for LLMs to be trained on data from low-resource
languages [67, 82]. However, our findings also speak to the need for LLMs to be trained on not
only linguistically diverse datasets, but culturally diverse datasets, particularly in mental health
contexts. We understand this alignment to be a core aspect of therapeutic alignment, following
the need for a shared conceptual framework and mutually agreed upon healing rituals for
therapeutic growth.

We found that how participants understood and experienced their mental health was highly
tied to their cultural background. The types of support needs they had were similarly related to
their cultural background. Following Pendse et al. [63], our study points to an area where it may be
advantageous for small language models to be helpful. Much has been written around the concept
of glocalization [66, 72], in which large-scale products or services are adjusted to meet the needs
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of smaller groups of individuals. This can happen intentionally or organically, in which individuals
appropriate large-scale services and products for specific needs. We observe this to be the case for
the use of general purpose LLM chatbots for mental health support.

Future forms of LLM chatbot-based mental health support could use smaller language models
that are fine-tuned for a specific individual context and for a specific individual goal. For example,
participants described how prayer would be a more appropriate mental health support recommen-
dation for their context. Other participants described how LLM chatbots were particularly good at
understanding their context, such as the stresses of compiling code as a software engineer. Small
Language Models (SLMs) [74] could be fine tuned for specific contexts, with users choosing the
model that works best for their specific needs, identities, symptoms, and worldviews they have.
Additionally, the ability to try out SLM chatbots from other cultures or identity-foci could allow
for a greater awareness of differences in people’s support needs across cultures.

7.5 Limitations and Future Work

In this study, we utilize theory from psychotherapy literature to analyze where uses of LLM
chatbots for mental health are in line with what makes support effective. We find that much
of the use of LLM chatbots for mental health support is in line with past therapeutic principles
and values. However, we also find that use cases are extremely diverse. Past work in CSCW has
emphasized the importance of developing specific metrics to evaluate the success of a given system.
However, the use cases of LLM chatbots for mental health support are as diverse as the needs
that our participants had, from using it to balance cognitive load, speak to in times of suicidal
ideation, or rehearse conversations. With this in mind, diverse metrics are necessary to evaluate
whether LLM chatbots are successful at meeting mental health needs. We provide therapeutic
alignment as one potential guiding pathway to do so, but future work could evaluate other uses
and methods of measuring success. For example, future work could use a comprehensive survey to
understand the broad variety of ways people use LLM chatbots for mental health support, and
then evaluate success using a metric derived for each of those use cases. This strategy may still
not cover all the potential ways that individuals use LLM chatbots for mental health support,
and we thus emphasize that the concept of cultural validity in mental health support settings, as
described by Jadhav [34] and Pendse et al. [63] could be one means of understanding success. In
such an approach, metrics around success could be tied back to whether an individual feels like
they have improved based on their own definitions of distress and healing, rather than specific
diagnostic categories. Future approaches could blend these values with therapeutic alignment,
towards culturally-sensitive and well-scoped LLM chatbots that support therapeutic growth and
healing.

While our study offers formative insights into LLM chatbot use for mental health, it is not
fully generalizable across all cultural contexts. Despite a globally diverse sample, our study does
not capture the full spectrum of experiences shaped by different cultural frameworks of mental
health. Future work should explore underrepresented perspectives and examine chatbot use across
broader cultural contexts. For example, future studies could specifically recruit individuals who
have encountered negative or even harmful experiences with LLM chatbots to better assess these
risks and propose safeguards. Also, our study did not require participants to have a formal or
self-reported mental health diagnosis as a recruitment criterion. This approach allowed us to
capture diverse user experiences, including those who face barriers to obtaining a diagnosis due to
stigma, cost, or access limitations. While this inclusivity strengthens our understanding of how
LLM chatbots are used by a broad range of individuals, it also presents a limitation. Future work
could explore chatbot interactions among specific diagnosed populations to gain deeper insights
into their unique needs and challenges.
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8 CONCLUSION

LLMs are increasingly a part of how people find support for mental health concerns. Designers
of these mental health technologies must ensure that the underlying Al systems that underlie
engagements are aligned to therapeutic values. In this study, we build on theory around why
mental health support eases distress to analyze how people engage with LLM chatbots for mental
health support and how chatbots may be designed to be therapeutically-aligned. We find that use
of LLM chatbots is often influenced by prior engagements with mental health support, particularly
gaps in care experienced by participants. We also find that identity and culture play a core role
in how participants are able to make use of LLM chatbots for mental health support, similarly
influencing what therapeutic alignment looks like. Building on these findings, we contribute
recommendations for designers of mental health support systems that leverage Al, emphasizing
the importance of localization in therapeutic alignment.
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The Typing Cure

A DETAILED PARTICIPANT EXAMPLES ASSOCIATED WITH THERAPEUTIC VALUES

Table 3. This table provides detailed participant examples corresponding to the therapeutic values discussed
in Table 2. Each reference (e.g., ), @) from the main table is expanded here with specific participant insights,
including direct quotes and descriptions of their interactions with LLM chatbots for mental health support.

Therapeutic Values Examples from Participants

@ Jiho noted that, despite knowing the chatbot wasn’t truly emotional, its consistent responses
created a sense of transparency, making them consider using it for mental health support.

@ "It’s just a sum of data" (Walter) — Several participants felt that the chatbot’s lack of account-|
ability made it less trustworthy and authentic.

(®Nour used the chatbot when her psychologist was unavailable, stating: "l just had the need to
speak to someone, and my psychologist wasn’t available at the moment.'

@Alex experienced frustration when the chatbot misunderstood or misinterpreted his input,
The talking cure leading to incorrect responses.

(®Riley noted that chatbot misunderstandings sometimes prompted deeper reflection, explaining:
"The chatbot misunderstood me, which was frustrating, but sometimes that made me clarify my
thoughts more.'

(® Antonia experimented with multiple chatbot personas, asking the same question in different
ways to gain diverse perspectives.

Re-authoring @ Alex mapped his dreams and emotions to make sense of his personal journey and identity.
Others used chatbot interactions to reflect on deeper issues like childhood trauma and how those
experiences shaped their current values.

®Nour reflected on how they mirrored traditional therapy interactions when engaging with the
chatbot: "I remembered what kind of information therapists expected from me, and | provided

Congruence

that to ChatGPT"
(®Andre described feeling safe to share intimate details due to the chatbot’s neutrality: "l can
Transference completely be honest and sincere with the words | speak”

(@@)iho admitted to intentionally testing the chatbot’s ethical boundaries, stating: "l sometimes try
to test some non-ethical topics or personal things.'

@Qiao developed a sense of attachment to the chatbot, explaining: "I'm afraid that it will disap-|
pear.

@ Ashwini perceived the chatbot as more of a diary than a companion, largely influenced by her
previous experiences with early LLMs, which shaped her expectations of its role.

@ Antonia recognized the chatbot’s limitations, stating that its responses were based on language
prediction rather than true psychological expertise, making it less effective as a therapeutic tool.
@ Andre adapted a prompt from Reddit and unconsciously shaped the chatbot as a "feminine
therapist.

@ Alex used the chatbot to map his dreams and emotions, helping him make sense of his personal
narrative and emotional state. This reflective process allowed him to see patterns in his feelings
that he might not have recognized otherwise.

(@® Aditi used it to explore psychological issues in crime scene characters, treating it as a thought
experiment. Farah sought insight into her ex-boyfriend’s mental health challenges, using chatbot
responses to reflect on past relationship dynamics.

@ "How are you feeling?"—Simple chatbot prompts like this made some users feel acknowledged
and cared for (Mina).

@ Nour described the chatbot’s friendly and casual tone as feeling similar to talking with close
friends or family members.

Aditi found the chatbot’s lack of real empathy made it better suited for journaling rather than
meaningful emotional interactions.

@0 Suraj found that using ChatGPT to regulate frustration when coding created a sense of
functional alignment, even though there was no deeper emotional connection.

Therapeutic alliance @) "ChatGPT can’t provide that genuineness because it’s not responsible for its suggestions." (Jiho)
@ "But it never remembers what | say somewhat earlier" (Gabriel) — This lack of memory hindered
sustained trust and bonding, as users had to repeat context in every interaction.

@3 "ChatGPT feels like a positive and overly nice persona, like a golden retriever.” (Walter) — Some
participants valued the chatbot’s consistent positivity, which made them feel safe from judgment.
Unconditional positive | 2) Riley felt that, while the chatbot was non-judgmental, it lacked sincerity, making interactions
regard feel mechanical rather than truly accepting.

@ Dayo described feeling shut down when a self-harm disclosure resulted in a simple red X
response, making them feel further stigmatized rather than supported.

@0 Farah appreciated that the chatbot did not impose emotional expectations, stating: "You don’t
have to worry about making it happy or sad."

@) Andre compared chatbot use to traditional therapy, noting that therapy is usually limited to
one-hour sessions, whereas chatbots offer continuous access for stress relief.

@ Nour found that initial engagement with the chatbot provided emotional relief, but ultimately,
"It gave me a feeling of being free of the stress... but the advice wasn’t that good."

Creation of expectations

Conceptual framework

Empathy

Healing setting
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Therapeutic Values Examples from Participants

@9 Walter and Joao successfully used the chatbot for weight loss guidance, while Ammar engaged
with reasoning games as a strategy to manage stress and focus difficulties.

30 Ashwini found the chatbot helpful for managing ADHD-related challenges but ineffective for
autism-related dysregulation, noting that its responses lacked nuance for neurodivergent users.
Enactment of health-|G) Some users criticized the chatbot’s generic advice, describing it as one-size-fits-all: "ChatGPT
promoting actions is like, ‘This worked for billions, so it’ll work for you." (Ashwini), "There’s really no mechanism to
translate the advice it gives me into action." (Walter)

3 Firuza felt that over-relying on the chatbot worsened their mental state, stating: "Relying
heavily on ChatGPT... feels like it’s accentuating my depression, isolating myself from the real
world!

(33 Casey and Gabriel described regularly texting and talking with ChatGPT whenever they felt
down, forming a habitual coping mechanism to process their emotions.

Ritual 39 Aditi specifically used Bard when in distress, even though she didn’t see a significant difference
in functionality compared to ChatGPT. The chatbot’s role as a ritualized tool for emotional
regulation mattered more than its specific features.
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