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Abstract

As more people turn to chatbots for socioemotional support—often
termed psychosocial Al—the stakes of understanding these interac-
tions grow. Psychosocial Al might foster healthier human-human
relationships—and also might exacerbate loneliness, abuse, and
self-harm. We provide an empirical account of one less-studied
facet: seeking Al advice on sex, dating, and relationships with other
people. We recruited 25 people who use Al for relationship advice
to a questionnaire, collecting 90 prompts illustrating their practices.
Interviews with 17 further explored how they navigate AI’s limita-
tions to achieve intimacy goals. Our findings detail (1) the roles that
users imagine for Al in relationship advice; (2) how users navigate
risks like sycophancy and overreliance to attain relational bene-
fits; and (3) the folk theories users hold and the prompting tactics
they employ to overcome AI’s limitations. We close with recom-
mendations for human-Al interaction, Al safety, and sociotechnical
research, towards Al that supports healthier digital intimacies.
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1 Introduction

Intimate relationships encompass a spectrum of personal connec-
tions, from casual sex, to friendships that develop further, to serious
long-term partnerships, and moving through these forms of connec-
tion is as complicated as it can be rewarding. Navigating intimacy
can be a source of joy and meaning, but can also give way to oppor-
tunities for abuse and harm [40, 68]. To prepare for these challenges,
people commonly seek advice from others. Traditionally, advice
itself has been a relational act that strengthens social ties in addition
to educating the advice-seeker on its content. However, as modern
technologies have evolved, who—or rather, what—individuals turn
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to for relationship advice has also changed, leading to a new and
growing phenomenon: people using Al-powered chatbots for ad-
vice on sex, dating, and relationships with other people (relationship
advice hereafter).

Using Al for relationship advice at first seems unconventional,
sordid, or dystopian; however, many users experience Al systems
as safer and less judgmental spaces than human confidantes, some-
times disclosing more to chatbots than to their own social net-
works [15, 45, 47]. As chatbots increasingly assist with work, mental
health, and everyday decision-making, they also offer new avenues
of social support for isolated or vulnerable people seeking help
with relationships. These benefits are tempered, however, by ques-
tions of reliability and trustworthiness in Al systems [40], and the
broader implications of Al reliance for our social fabric [40, 41]. If
people were able to use Al to get support towards healthier rela-
tionships, these systems could provide a critical underpinning for
intimacy, helping people develop the skills to actualize sublime hu-
man experiences like sex, dating, romance, and partnership. Doing
so, however, requires carefully balancing the risk that engaging
AT for relationship advice instead exacerbates users’ loneliness, or
even instigates users towards abusive relationships. We believe
these are urgent challenges for human-Al interaction, and towards
better understanding them, we pursue in this work the following
research questions:

e How are people using generative Al for advice on sex, dating,
and relationships with other people?

e What benefits do people report from this practice, and what
risks do they navigate to get there?

Our exploratory interview study addresses these questions through

a qualitative and empirical approach. We recruited 25 people who
use Al for relationship advice to a questionnaire, collecting a dataset
of 90 prompts they have used. We additionally conducted in-depth
interviews with 17 participants. Interviews probed what partici-
pants ask of Al under the banner of relationship advice, how Al sits
against their overall ecosystems for intimacy support, and the risks
and benefits they navigate to use Al advice to achieve their intimacy
goals. From these interviews, we synthesized rich descriptions of
users’ practices through multiple analytical lenses, to contribute to
HCI not only a foundational understanding of users’ behaviors and
beliefs, but also how we can develop Al systems to better scaffold
healthy relationships. In sum, we contribute:

(1) A conceptual model and typology of what users ask when
they seek relationship advice from Al systems (§4), including
a set of roles that users envision for Al in relationship advice.

(2) A risk/benefit analysis unpacking the benefits and potential
harms people navigate in using Al for intimacy goals (§5).
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(3) Asetoffolk theories users hold around how Al systems work,
and the co-optation tactics they employ in Al relationship
advice-seeking (§6).

(4) Design recommendations—for both Al systems and broader
sociotechnical infrastructures—to better support people nav-
igating dating and relationships, towards healthier digital
intimacies (§7).

2 Related Work

2.1 Promises and Perils in Digital Intimacy

Relationships are central to the human experience and, like many
aspects of life, have been reshaped over time alongside advance-
ments in computing. From the telephone to email to social media to
dating platforms, each wave of innovation has accelerated how peo-
ple connect, bringing new benefits and anxieties [9, 23, 54, 75, 76].
Communication and media scholars have long debated these shifts:
some argue computer mediation creates an “anxiety of always,’
straining our capacity for connection through constant presence
[71], and others warn reliance on technology risks displacing rather
than enriching human intimacy. Whether technologies for personal
connection wind up strengthening or dissolving social fabrics, re-
search is needed to understand how emerging tools shape relational
patterns. As Baym [4] argues, novel technologies always come with
“new forms of control, surveillance, and constraint”, and we need to
understand how people navigate these risks to guide technologies’
design and use towards positive social ends.

In HCI and CSCW, one area of study that has emerged from
this focus on computer-mediated personal connections is digital
intimacy. Researchers have set out to build new technologies that
foster greater relationships with oneself (e.g., [2, 17, 57], others (e.g,
[20, 49, 58]), and broader communities (e.g., [28, 29, 38]). To support
these efforts, folk theories are one approach in HCI for uncovering
user beliefs about how an algorithmic system operates [24, 31].
From social media to dating platforms, previous work has drawn
upon folk theories to uncover design strategies that account for user
assumptions and behaviors, and build towards better technologies
[1, 21, 42, 44, 55, 63].

Among emerging technologies for digital intimacy, psychoso-
cial AI—the use of chatbots for emotional and social support—has
drawn substantial recent attention. We situate psychosocial Al
within digital intimacy because many uses involve advice on navi-
gating personal connections [45, 56, 77]. As commercial chatbots
grow in popularity for companionship and therapy, research has
proliferated on risks to individual well-being, from harms such
as harassment, abuse, mis/disinformation, and privacy violations
[79], to psychological risks including withdrawal, loss of agency,
discrimination, and reinforcement of false beliefs [11, 73]. Built for
engagement, Al systems often exhibit sycophancy—flattering or
pandering to users in ways dangerous for those in vulnerable states
[12, 25]—and several recent U.S. teen suicides linked to confiding
in AT have led to lawsuits against Al developers [22]. While much
work has rightly focused on crises like suicidality, less is known
about diffuse, long-term relational effects: how AI shapes inter-
personal dynamics, reinforces loneliness, or compounds isolation
[80]. Understanding these interpersonal risks is urgent to balance
potential benefits against harms.
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One community that may be helpful in understanding poten-
tial interpersonal harms is digital safety. This growing field has
examined how technology can facilitate interpersonal abuse and
violence across technological settings, with special attention to inti-
mate partner abuse (cf. [5, 30, 48]). Settings for relationship advice
have emerged as a key setting for potential harm—and potential
intervention. Writing in 2020, Tseng et al. [68] found online forums
for relationship advice can radicalize people into abusive beliefs
and behaviors: people who suspect a partner is cheating on them
can come to a forum seeking advice on their relationship gener-
ally, and through forum dynamics become convinced they should
employ abusive tactics like surveilling their partner’s location or
controlling their social media. An open question, then, is how to
design social technologies for relationship advice can also be set-
tings for intervention—especially when that setting is not an online
community but a generative Al interface.

This work, then, builds upon HCI’s exploration of the intimate
capacities of digital technologies, drawing from folk theories to
determine what they can offer, what risks they pose, and what
technologists can do in response. Given the effects that intimacy
through online interactions has on improving health and well-being
[50], there is an opportunity to improve people’s lives by devel-
oping systems that establish and facilitate personal connections.
Still, there are risks to manage while pursuing these goals. To the
growing canon around personal connections through technology,
we offer an exploratory account of one understudied phenomenon:
seeking relationship advice from Al

2.2 Relationship Advice: Social Support, Social
Roles, and Open Problems for HAI

We define relationship advice as communicative acts in which peo-
ple seek support navigating sex, dating, and relationships with
others. Relationship advice is a key educational and developmental
component to how we build the interpersonal skills to navigate
intimate connections; and seeking and sharing relationship advice
is also connective social act. Friends dish over Saturday-night dates
at Sunday brunch; dating influencers share tips on “red, yellow, and
green flags” in potential partners all over social media; parents and
teachers advise youth on intimacy; and online forums are replete
with tips on the most romantic anniversary gifts.

Despite its broad implications for recipients, givers, networks,
and social fabrics, relationship advice has received comparatively
little scholarly attention. Writing in 2014, MacGeorge and Hall [53]
noted empirical study of the topic has been sparse, largely confined
to how youth learn about dating and sexuality, or how parents
talk to children about intimacy. Lacking a dedicated research base,
scholars have positioned relationship advice as a subdomain of
supportive communication. MacGeorge and colleagues [52, 53]
define advice as both support (reducing distress) and influence (per-
suading action). Yet whether advice helps depends less on content
than on whether it threatens the seeker’s sense of self [36]. Foun-
dational work by Goldsmith and Fitch [36] identified successful
advice-giving requires careful negotiation of the advice-seeker’s
agency, to ensure the advice is helpful rather than overreaching.
Subsequent studies have shown effective advice often follows a
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sequence of emotional support, inquiry, and only then concrete
suggestions [26].

To understand the qualities of good relationship advice, then,
we must understand how it can supply social support: “the degree
to which an individual’s needs for affection, approval, belonging, and
security are met by others” [13, 43]. Social support is known to buffer
stress [14] and promote resilience, self-efficacy, recovery, and even
longevity [52]. Scholars have also proposed many ontologies of
social support subtypes, to capture supportive acts ranging from
situational assessments (appraisal), to direct tasks like a ride to
the airport (tangible), to assistance with face-work [34], or how
one protects and maintains social standing through interpersonal
interactions (esteern). One notable ontology is that proposed by
Cutrona and Suhr [16], which has been used in HCI and social
computing as a coding schema to understand how social media can
be more or less supportive, often in the domain of mental health [18].
Understanding social support through these lens offers surfaces for
designing technology to support advice-giving; however, to-date,
to our knowledge, scholars have yet to apply social support to the
study of relationship advice.

Advice quality is also mediated by who we believe the advice
to be from: the social role from which we are hearing prescrip-
tions or suggestions. Roles are classically defined in sociology as
the sets of expectations attached to social positions [6, 72]. Studies
show advice is best received when the role enacted by the giver
aligns with the role the seeker expects [27, 35]. Roles are especially
pertinent in human-Al interaction, which classically labors over
how to delineate human and machine roles in collaborative tasks
[39, 64]. Al can be an assistant [3], a co-creator [51], a manager [46],
or anything in between. With general-purpose generative Al users’
implicit role expectations strongly shape interaction. Open ques-
tions remain: what roles for Al yield the most receptive relationship
advice, and how might designers align seekers’ expectations with
system behaviors?

Inspired by these lines of work, we structure our investigation
of Al-mediated relationship advice along two dimensions: (1) the
kinds of social support people seek when navigating their intimate
lives; and (2) the social role into which they cast Al when they
look to it for those supports. While previous work by Hou et al.
[40] has explored how well Al-generated relationship advice aligns
with relationship advice given in Reddit communities, we focus our
exploratory investigation on unpacking this phenomenon from the
seekers’ perspective. In §4, we discuss further how we applied this
analytical lens to understand Al-mediated advice seeking and giv-
ing, towards designing technology that scaffolds good relationship
advice interactions.

3 Methods

We conducted an exploratory empirical study understanding the
practices of people who have used generative Al for relationship ad-
vice. Our research method here is motivated by our co-constructionist
perspectives on how technology and society shape each other (cf.
[59, 62]), which stand opposite to deterministic perspectives that
emphasize technology as the driver of social change. To understand
the impact of Al on relationship advice-seeking, we sought to inves-
tigate not only technological affordances—how Al responds—but
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Category Option # of Participants

Women
Gender Men
Non-Binary

18-25
Age 26-34
35-44

Heterosexual

Sexual Orientation LGBTQ

Asian
White
Mixed
American Indian

Race
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Non-Hispanic

Ethnici ) .
thnicity Hispanic 1

Table 1: Participant demographics for our n=17 interviewees

also user practices: what people ask, and how they negotiate risks
and benefits in using said affordances in their lives. Knitting these
perspectives together helps us assemble a more complete picture
of user-Al interactions than a focus on either alone, and is crucial
to understanding technology and personal connections [4].

Our exploratory study aimed for qualitative depth as a precursor
to broader, at-scale work understanding more diffuse societal effects.
All of our study procedures were approved by our Institutional
Review Board (IRB).

3.1 Recruitment & Compensation

To recruit participants who were most likely to use Al for rela-
tionship advice, we pursued specific social networks (e.g., college
students who had encountered these tools in their education and
young professionals likely to be using Al in the workforce). Thus,
we used snowball sampling [61] from the research team’s personal
networks, university listservs, and social media. Eligibility criteria
included being over 18 years of age, being U.S.-based, and having
used Al for relationship advice in the past or present. We estab-
lished these criteria to ensure our participants were active users
of Al for relationship advice, as Al non-use is out of the scope of
the current study. Similarly, we selected for participants over 18,
as our research focused on adults; Al child safety is also out of our
intended scope. We focused on U.S. users to comply with our IRB’s
data security requirements, as we are a U.S.-based team. Partici-
pants who completed our questionnaire and both interviews were
compensated with a USD $50 gift card. Participant demographics
are provided in Table 1. We sought to be intentional about what
data were collected and stored, so we only asked for demographic
data from interview participants.

3.2 Study Protocol

Eligible participants were invited to fill out a questionnaire and, if
interested, opt in to be contacted for interviews. Our questionnaire
asked for participants’ age (to determine whether they were over
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18), what kinds of relationship advice they had sought from genera-
tive Al, what kinds of connections or intimacy they were currently
seeking, what technologies they used to pursue their goals, and
three example prompts they have used in the past when seeking
relationship advice or counseling from a generative AI model. Our
questionnaire is provided in Appendix A for interested readers.

After filtering our questionnaire responses for legitimate human
participants,! we identified 25 participants eligible for follow-up
interviews, and began inviting them to interviews split over two
rounds of 1-hour interviews each round. Interviews probed further
into participants’ dating behaviors and the motivations behind the
prompts they provided. Participants’ questionnaire answers were
used to customize individual protocols. As we progressed through
round 1 interviews, we conducted qualitative analyses to form an
initial set of themes that included the uses of and roles for Al in rela-
tionship advice, the benefits and frustrations participants perceived,
and any perceived impacts on their social support networks. Our
analytical procedures are detailed further in the following section.

We then conducted a second round of interviews with each par-
ticipant approximately two weeks after the completion of the first
round. In the second round of interviews, we member checked the
themes we identified from the previous round, prompting partic-
ipants to reflect on how well their experiences were represented,
and whether there were themes that were more or less surprising.
Member checking is a qualitative research process that involves
sharing and validating findings with participants, and is meant to
ensure that researchers’ analysis are more robust and grounded in
participants’ experiences [37].

Our interview protocols for rounds 1 and 2 are provided in Ap-
pendix B. After each interview, we transcribed, anonymized, and
cleaned our data for downstream analysis. While 25 participants
were eligible for interviews, we reached saturation at 17, drawing
upon Fusch and Ness’s rich and thick metrics to determine when
to stop collecting further data [32].

3.3 Data Analysis

We approached data analysis in phases, employing variations on
reflexive thematic analysis (TA) in each [7]. Doing so led us to
construct meaning and themes from participants’ lived experiences,
while also remaining conscious of how the research team’s own
biases and values shaped interpretations and theme development.

RQ1: What people ask AI under relationship advice. We be-
gan by descriptively characterizing what people ask Al under the
banner of relationship advice. Our 25 questionnaire participants
collectively contributed 90 prompts they had used to seek rela-
tionship advice from AL Through multiple cycles of iteration and
discussion, we inductively grouped this 90-prompt dataset into sets
of prompt types, according to what the user is asking Al to do—e.g.,
the prompts “Here are all of his texts from last week. What is his level
of interest?” and “Why does she have time to Instagram DM me but
not text me back?” were grouped under the prompt type Understand
a potential partner’s behaviors. The resulting set of 23 prompt types
is depicted in Table 2.

!Like many researchers since the commercialization of AI, we received many bot and
fraudulent responses to our recruitment call [60, 65]. See Appendix A for detail on
how we filtered our participant pool.
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When we ask for advice, we generally also have an idea of who
we are seeking advice from: their experiences, biases, and goals for
us (social role, as reviewed in 2.2). This helps frame what kind of
advice we expect and want from them: the form of support they are
most suited to provide (social support, as reviewed in 2.2). When
it comes to seeking advice from generative Al, the role the user
wants or believes the Al to play—whether implicitly or explicitly—is
especially pertinent to understanding how the user will receive the
advice. Marketed as general-purpose technology, today’s generative
Al systems do not come with defined or suggested social roles, save
for an emerging market around companion or therapist chatbots.
However, in every prompt to a general-purpose Al system, there
is an implicit notion of who the user wants Al to be—the role they
want Al to take on—that in turn shapes how the Al responds, and
the subsequent user-Al interaction. We thus further analyzed our
23 prompt types across two additional dimensions: (a) the role
the user appeared to imagine for Al and (b) the type of social
support the user is seeking (sought social support hereafter). For
(a), we developed a list of imagined roles for Al through multiple
rounds of iterative discussion between the two authors. For (b), to
analyze prompt types for sought social support, we drew inspiration
from the Social Support Behavior Codes, an analytical framework
developed by Cutrona and Suhr [16] and used in HCI to study
online support communities (e.g., [18]).

We analyzed this dataset with a more deductive TA approach,
using prior literature on social roles and social support (summa-
rized in 2.2) to guide our analysis. For each prompt, we applied
latent codes [8] unpacking the role for AI we saw in their ask, and
ascribing the participant’s ask of Al to the closest social support
category. The first author took an initial coding pass over the 23
prompt types, and then through multiple rounds of iterative dis-
cussion and refinement with the second author, distilled the list of
roles and social supports into a set we found meaningful in address-
ing our RQ. Through this discussion process, we began to notice
the roles we identified could be clustered into three distinct goals
within advice-seeking, and varied within those goals in terms of
how passive or active they wanted Al to be; thus we also developed
a conceptual model we found descriptive of these goals and these
differences (presented in §4). This set of organized and iterated
themes—the roles and corresponding sought social supports, or-
ganized into goals within advice-seeking—we took forward into
member checking as our findings for this RQ.

RQ2: How people navigate risks and benefits in using Al for
relationship advice. We next sought to address RQ2: understand-
ing the benefit-risk navigation people undertake when they use Al
for relationship advice. This RQ we answered via analysis of our
interviews, which had probed participants’ experiences with Al,
including their initial prompts (analyzed in RQ1) and extending
into their subsequent interactions.

We analyzed our interview data via a mixed inductive-deductive
TA process, using the notion of risk-benefit tradeoffs as an analytical
frame for semantic coding of participants’ experiences (e.g., “In this
statement, how is the participant describing their perceived risks,
benefits, or tradeoffs in using AI?”). We also used the set of roles we
had developed in the previous phase to organize our analysis (e.g.,
“Does this risk, benefit, or tradeoff represent the Al-as-Judge role?”).
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Throughout the inductive parts of this coding pass, we noticed
several cases in which the participant expressed a preconceived
notion of how AI works, and how they strategically used it in
return— what we call in §6 folk theories and co-optation tactics—
and coded for these as well.

Coding for the questions under RQ2 proceeded in iterations be-
tween the two authors, with each making sure to code interviews
the other had completed to ensure every transcript saw both pairs
of eyes. Throughout, each author maintained analytical memos
individually noting emergent themes. We then met repeatedly over
3 weeks to refine our individual themes into a collaborative set
through multiple rounds of discussion. The resulting collabora-
tive themes—risk/benefit navigations per role, folk theories around
Al and co-optation tactics for Al systems—we took forward into
member checking.

Member checking across RQs. After coding over the datasets
for both RQs (prompts and interviews), we developed an set of
themes organized as (a) how people ask Al for relationship advice:
the roles they see, the social supports reflected in those roles, and
the phases of advice-seeking; (b) the benefit-risk navigation people
undertake for each identified role; and (c) the folk theories and co-
optation strategies people employ to get what they seek from Al
We presented these initial themes to our participants for member
checking in their second sets of interviews.

Our second-round member checking interviews yielded insights
on how well participants felt their experiences were represented
in our findings, and whether there were findings that were more
or less surprising. To analyze these interviews, we applied a more
deductive thematic analysis. Each author read each interview and
composed individual analytic memos noting semantic codes and
themes around what participants voiced as additions or clarifica-
tions to our findings. Then, through multiple rounds of discussion
over 1 week, themes from the individual memos were merged into
a collaborative set of changes to make to the findings, including
nuances to emphasize and illustrative examples to include. For ex-
ample, in one member checking interview, one participant clarified
they saw one of their key strategies for using Al missing from our
initial set of findings—a strategy in which they repeatedly revisited
prior conversation records and asked Al to learn from them. We
thus incorporated this strategy into our findings around partici-
pants’ co-optation strategies (Table 4). This process ensured that
our member checking resulted in updates to our findings that incor-
porated participants’ perspectives, as well as our own. The resulting
set of final iterated and member checked themes are presented as
the sets of findings in §4, §5, and §6.

3.4 Ethics & Positionality

In line with the reflexive thematic analysis process, we consistently
discussed throughout our study how our positionalities, biases, and
values informed our analyses. All members of the authorship team
have used Al for relationship advice. We are also all queer, non-
white, and U.S.-based, experiences which have shaped our respec-
tive experiences with intimacy. As a result of our non-normative
perspectives and experience with Al, we were able to more deeply
connect with participants and their experiences. For example, at
the start of our interviews we disclosed to participants that we, the
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interviewers, had also used Al for relationship advice, to help ease
any embarrassment or stigma participants may have felt around
sharing their experiences with us.

Our positionality to the topic also meant we had to take care to
ensure our analysis remained reflexive—in this case, informed by
our own experiences, but not so suffused with our own perspectives
that we inadvertently supersede our participants’. This reflexive
consciousness led us to member check our findings across two
rounds of interviews, as detailed in the preceding section.

3.5 Limitations

First, our findings are unlikely to be generalizable across all contexts
of advice-seeking via generative Al. We instead believe there are
transferable themes and lessons into additional contexts of Al-
assisted social support processes beyond the relationship advice
context. In addition, the participants involved in this study may not
fully represent the experiences of those who seek out relationship
advice through AL Those a part of this study tended to be “power”
users, or those who use Al for this purpose frequently, and we
potentially miss out on experiences of more casual users. Al non-
users were additionally out of the scope of the present study.

4 Findings 1: What People Ask When They Ask
Al for Relationship Advice

Our analysis shows that under the banner of relationship advice,
users have a broad spectrum of asks for Al ranging from straight-
forward queries that cast Al as a search engine and request informa-
tional support (e.g., “Give me date ideas in my area”) to requests for
Al to be a kind of self-critic providing appraisal support (e.g., “Did
I come across as desperate?”). To organize our findings, we devel-
oped a conceptual model (Figure 1) grouping the roles users see for
Al into three goals within advice-seeking. Within each goal, con-
stituent roles are additionally depicted on a spectrum from passive
to active, in line with the level of opinion or suggestion users want
from the Al system. The following section describes our findings
across these three goals. In alignment with qualitative methods,
our roles and conceptual model are intended as a starting point for
making sense of users’ asks of Al they are intended to be descrip-
tive, but not exhaustive or mutually exclusive. Roles can, at times,
overlap or reinforce each other.

4.1 Goal 1: Understand Situations, Emotions,
and Behaviors

The first and most distinct goal within advice-seeking we identified
includes roles where users ask Al to help better understand their
relationship situation. Across the roles users see for Al in this goal,
we see wide variance in the level of active opinion or synthesis they
ask of the system. Per the promise of Al as personal confidante, we
identified two roles that we consider more passive: Al as interpreter
and listener. In parallel, we saw two roles that are more active, and
demand more of a stance from Al: Al as the user’s own self-critic,
and Al as a judge of others and of external situations.

Interpreter. This role sees users ask Al to explain a situation,
and maps most directly to sought social supports in appraisal [16].
Many of the prompts within this role saw users seek to understand
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Figure 1: Conceptual model of how users ask Al for relationship advice. In their prompts, users ask Al to play different roles
(e.g., Interpreter, Judge). Across these roles, we interpret users to have 3 distinct kinds of goals within relationship advice: they
may want to understand their situation, prepare to act, or execute decided action. (See §4 for a complete explication.)

a partner’s behavior, words, or actions. These asks reflect a mix
of categorical questions (e.g., “does this mean he’s into me?”) and
open-ended asks (e.g., “what did she mean by this text?”).

Users also commonly sought AI’s help understanding their own
emotions and behaviors. We observed a few cases where a user
asked the system to analyze what they might be feeling from their
own behavioral traces, including one notable case, P17, where the
user gave the system a set of screenshots of social media posts that
resonated with them, and asked Al to synthesize, “what does this
say about my values?”.

Prompts for interpretation did not always ask Al to focus on
either the user’s or their partner’s perspective. We identified a dis-
tinct prompt type within this role asking for general interpretation
of what happened in an interaction, without taking one side or the
other. Users also asked Al to take on different perspectives, includ-
ing those outside of their relationship. P17, for example, asked Al to
“act as a clinical psychologist and create notes on the different items
we’ve been working on for the past two weeks”.

Listener. We additionally identified a prompt type in which the
user simply relates their situation to Al, without any type of ask.
We view this as the user seeing Al as a listener, and simply looking
to be heard—a distinct type of social support [16]. Both cases within
this prompt type see a user look to Al in a heightened emotional
state. P19 described “just venting emotions” to their system, and
P04 used voice-to-text features of their mobile device to “dictate all

[their] spiraling thoughts”.

Self-Critic. Many users asked Al to evaluate themselves: what
we call a self-critic. We view this role as the user asking for an
inward-facing form of appraisal: for the Al system to assist in their
own processes of self-reflection and self-criticism.

Within this role, we observed users ask Al to assess or evaluate
their own actions and feelings in binary terms. Many asked Al to
evaluate whether their own behavior or ideas were good or bad,
externalizing their own personal moral judgments to the system.
In one memorable case, P16, a user asked Al if he had behaved in a
way that advanced “internalized misogyny due to Internet culture”.

These prompts were not always outright asks for Al to evaluate
the user—in some cases, the user hid their intent by pretending
to ask the AI about someone else’s behavior. For example, P01
pasted her own messages to a partner into ChatGPT without telling
the system she was the author, and asked, “what red flags do you
see?”. Here, P01 seeks to deceive the Al into giving an opinion
about whether her own behaviors are problematic, or a reason for
someone to not date her. (We unpack further the phenomenon of
users deceiving Al into giving self-critiques in §6).

Self-critiques users sought from Al also extended to evaluations
of whether their feelings were normal. This prompt type sees users
ask Al to assess whether their emotions and attachments are within
global averages, or within bounds of what’s considered healthy:
asks like “am I crazy to feel the impulse to hook up right now?” (P04)
or “am I overthinking this text?” (P20). Finally, we also identified a
distinct prompt type involving the user asking Al for feedback on
their appearance, often ahead of an encounter with a potential
partner. These prompts included asks for feedback on a user’s
physical appearance: whether their hair, skin, and clothes were up
to a desired standard (e.g., “do I look crazy?”, or conveyed a desired
style (e.g., “what is this outfit giving?”). In these prompt types, we
see users acceding to Al a level of authority over their selves at
different levels of presentation: moral, normal, and physical. The
implications of this accession we unpack further in §7.2.

Judge. Users did not stop at asking Al for self-critiques—we also
observed users asking Al for evaluations external to their own
selves: to act as a judge, assessing the progress of their relationships,
determining the moral quality of others’ behaviors, and evaluating
which party was right in a given situation. This role maps best to
appraisal of all sought social supports. Although the use of Al as a
Judge has natural overlap with the Self-Critic and Interpreter roles,
we view it as distinct: a way to turn Al’s lens towards others instead
of the user’s self (as in the Self-Critic role) and to ask for explicit
judgments instead of explanations (as in the Interpreter role).
Many prompts in this role asked Al to evaluate the health of the
user’s relationship. Some focused on a previous interaction, and
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Goal within

Social S t
Relationship Role for AT Prompt Type ocla’ Suppor
. Sought
Advice
Understand a partner’s behaviors, words or actions Appraisal
Interpreter ~ Understand the user’s own emotions and behaviors Appraisal
Reflect on the user’s interaction with their partner Appraisal
1 - Understand Understand different perspectives on a situation Appraisal
the Situation Listener Hear the user’s experience Listening
Judge Evaluate whether the relationship is going well Appraisal
& Evaluate whether the user’s partner is right or wrong  Appraisal
Evaluate which party is in the right Appraisal
Self-Critic Evaluate whether the user is right or wrong Appraisal
Evaluate whether the user’s feelings are normal Appraisal
Evaluate the user’s appearance Appraisal
Teacher Give ideas for increasing 1nt1mac¥ Teaching
Educate the user on intimacy topics .
. . Teaching
(e.g., safe sex, emotional literacy)
h ial hological i
2 - Prepare to Act Understz?nd OW soc.1a or psycho o,glca dypamlcs Teaching
(e.g., racism) might impact the user’s experience
Therapist Ident%fy coping skills for the user . Teaching
Identify what other support the user might need Referral
Project possible futures for the user Suggestion
. Map out how the user might approach a situation Suggestion
Strategist , -
Craft a response, as the user doesn’t know what to say  Suggestion
3 - Execute Editor Craft a message to express the user’s intent Tangible
Decided Action . Make a decision for the user Suggestion
Executive . 5 >
Justify the user’s decision Encouragement

Table 2: Analysis of prompts by goal within relationship advice, role for AI, and sought social support. Questionnaires and
interviews with 25 respondents resulted in 90 prompts. We categorized the 90 prompts into 23 prompt types, and for each prompt
type, analyzed the type of social support the user sought (right-most column), and the role they imagined for Al in providing
this support (second column from the left). Roles were then clustered into the goals within relationship advice-seeking they

reflect (left-most column).

asked Al to gauge from the texts between the user and a potential
suitor, “how do you think this went?” (P08). Judgments of previous
interactions also saw users asking AI whether they were falling
into familiar negative patterns with a new romantic interest, based
on what the user had told AI of previous partners (P17). Another
subset focused on forward-thinking evaluations: P21 asked, “Do
you think this person is a good match for me?”

Several prompts asked Al to evaluate whether a partner was in
the right or wrong, by asking Al “what he should have done”, or
whether Al “saw any yellow or red flags”. We view this prompt type
as more active than prompts in the Interpreter role to explain a

partner’s behavior: here, users ask Al to make an explicit judgment.

As in the Interpreter role, we also found an additional prompt type
asking the AI to focus less on a specific perspective and more on
assessing the situation on either side. P14 described asking Al to
tell her “where I was wrong and where [her partner] was wrong”, and
P20 explicitly asked Al to help resolve an argument by acting as “a
third party who cares equally about both”. Using Al as a mediator

in interpersonal agreements brings a host of potential risks, which
we unpack further in §5.

4.2 Goal 2: Prepare to Act

The next goal within relationship advice-seeking we identified
involves users preparing to act: assembling knowledge, tools, and
skills, and forming plans. Within this goal, we see passive roles for
Al as a teacher and therapist and the Al taking on a more active
capacity as a strategist.

Teacher. Many prompts in this goal ask for Al to be a teacher:
to educate the user and provide knowledge that might help them
navigate their intimate lives. Within this role, users most commonly
asked Al for ideas to increase intimacy: places and activities for
dates, gift ideas for anniversaries, and questions to ask or things to
say to deepen a relationship. These prompts often have the quality
of asks to search engines, e.g., “what are activities I can do in my
city with my partner?” (P24, P03). While these prompts reflect asks
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for improving a relationship, we also saw a distinct prompt type in
which users ask Al about generally unfamiliar topics they encounter
in the course of their dating lives. Participants described asking AI
for sex advice, including how to navigate intimacy consentfully and
“create a safe environment for both parties” (P16). Users also described
asking Al about unfamiliar psychological and relational concepts.
P10 recounted an instance where a friend had received a message
from a girl on a dating app “saying something about gap theory”.
Since neither P10 nor their friend knew what gap theory refers to,
they asked Al in case it was an intimacy topic they should know
about. More commonly, users recounted asking Al about topics they
heard from potential partners or learned about online. P25 asked
their system, “what does it mean to be emotionally unavailable?”.

In several prompts in our dataset, users ask Al to analyze their
intimacy experiences through the lens of a broader social construct
or theory. We view this prompt type as distinct from the previous
two because it is more active in what it asks of AI. Where asks
for information are more passive, asking the Al to synthesize in-
formation as though summarizing from search engine results, in
this category the user seeks a discussion of their experience and
connections from their lives to concepts like racism, misogyny, or
avoidance. The most notable case in our data was P16, who asked
his Al system, “is desirability of a certain race due to racial biases,
and therefore racism, or is there such a thing as genuinely not pre-
ferring a certain race?” P16 had recently moved to the U.S. from a
more racially homogeneous environment in his home country of
India, and sought AI’s advice understanding whether his experi-
ences dating in the U.S. were colored by racism in ways he did not
yet have the lived experience to understand. Other cases included
participants asking Al to connect their experiences to attachment
theory: P22 wondered whether she was experiencing “avoidant
behavior”.

Therapist. A distinct subtype of asks for knowledge or skills in-
volved users prompting Al for assistance coping with or managing
the emotional valence of a situation, as if the system were a ther-
apist. Many of these prompts saw the user ask Al for emotional
regulation skills for themselves, for example how to handle negative
emotions like “feelings of shame when pressured into a relationship”
(P22). Some used language deployed in therapy to ask for behavioral
coping skills, e.g., “Can you tell me ways to ground myself and not let
this situation send me into a spiral?” (P11). Other prompts saw the
user ask Al what other supports might be helpful for them. We view
this as asking Al to play a therapist role because several of these
prompts positioned the ask in relation to whether the user needed
therapy: e.g., P16 asked explicitly, “am I ready for a relationship, or
do I need a therapist, or a friend to talk to?”.

Strategist. Users also sought AI’s help as a kind of consultant on
what their next move ought to be: what we view as a strategist.
Within this role, many prompts involved asking Al to project
possible futures for the user. Facing deep uncertainty around how
their relationship troubles were affecting their mental and emo-
tional stability, many users asked Al to predict the future, including
the progress of their own emotional processing (e.g., “when will
move on and forget about my ex?”, P10) and what fate might have in
store for them (e.g., “based on all I have told you about my partner’s
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behavior, what kind of person am I meant to be with?”, P11). Prompts
in this type have a quality of reduced agency, in which the user’s
asks are around what might happen to them.

More agentic are another distinct type of prompts within the
strategist role: asks for Al to map out how the user might approach
a situation. These prompts see the user assume greater agency in
their romantic and intimate lives, and ask the Al for open-ended
direction on the actions they might take to determine their own
futures. Some prompts included a specific intent for how the user
wanted to behave or feel, e.g., “How do I validate their experience
while still standing on my boundaries?” (P13). In other prompts, the
user had less knowledge of their own intent, and asked the AI to
take a more active role in structuring and guiding their approach
(e.g., “How do I navigate this outside from simply ghosting?”, P13,
and “I am not sure about us, what do I say to him?”, P19).

The strategist role also involved cases where the user did not
have or express any knowledge of their own intent, and simply
asked the Al to give them language for what to say or write next:
what we call asks for Al to craft a response, as the user doesn’t know
what to say. Three distinct participants submitted a prompt to the
effect of “How do I respond”, and in all 3 cases the users provided
some context on the situation, but did not direct the Al to ensure
their prompt conveyed any kind of intent. The fourth prompt in
this subset was an ask for the Al to write a user’s dating app profile
for them.

4.3 Goal 3: Execute Decided Action

The third goal within relationship advice-seeking we identified
involves the user asking Al for help with final decision-making, and
carrying out those decisions once they have been made. Where asks
in Goal 2 involve gathering more information and skills, and asks
in Goal 1 involve better understanding a user’s situation, in Goal 3
the user seeks to decide and execute. Here, we saw a more passive
role for Al as an Editor, and a more active role as an Executive.

Editor. Many prompts in our dataset involved users asking Al to
draft messages back to their partners or prospects, to better reflect
their intent. We map this to Tangible social support, defined as
the provision of concrete assistance [16], since this is a direct task
LLMs are built to do. Where prompts that reflect a Strategist role
ask AI for open-ended suggestions on what they should say to a
partner, this prompt type and role reflect the user asking Al to help
edit a message to better align with what they want to say. Several
participants wanted to mask their own vulnerability, and asked
Al to help them “respond without seeming too interested” (P12) or
“make it seem like I don’t care” (P06). Other times, users wanted Al
to engineer a specific outcome or response from the recipient, e.g.,
“help me write a breakup text that is kind, but doesn’t invite more
discussion” (P07). Users also asked Al to pretend like they were
the message recipient, and analyze what the message the user had
drafted might convey about how the user was thinking or feeling.

Executive. Finally, our last role for Al sees users asking Al to
simply be a decision-maker, and tell them what to do. Under this
role, we identified two distinct prompt types: one asking Al to
make decisions, and one asking Al to help justify their decisions.
We view these two prompt types as part of the same Executive
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role, encompassing both the act of decision-making and the act of
post-hoc rationalizing those decisions, to one’s self and to others.

Within the body of prompts asking AI to make relationship
decisions for the user, most asked whether they should end a re-
lationship. Several participants asked “should I leave?”, often in
tandem with describing a partner’s inability to meet their needs,
or asking Al to also describe how the partner might change (e.g.,
“what should he have done?”, P14). Relationship decisions partici-
pants asked Al to make also included whether they should continue
seeing a romantic prospect (P21), or whether they should reach out
to someone who had ghosted them in the past (P06).

We also identified one instance where a user asked Al to help
justify decisions he had already made. P04 described a case where
he asked Al to “walk him through the thought process” around why
he wanted to cancel an upcoming date. Reflecting on this case in
an interview, P04 said he looked to Al to help “release the regret
of not having chosen another option”. We view this role for Al as a
uniquely challenging double-edged sword. Using Al to affirm or
validate decisions can help users who struggle to execute decisions
they know they want to make: in our example, P04 recounted that
he had “people-pleasing tendencies”, and without Al to help justify
his decision, he may have gone on the date anyway even though he
did not want to. However, relying on Al for affirmation of difficult
decisions can also exacerbate problems of overreliance: P04 may
not learn to make his own decisions without AI’s help, making him
more vulnerable to situations where it is not available. We unpack
this tension further in §5.

5 Findings 2: Risk-Reward Tradeoffs in Seeking
Relationship Advice from Al

Having assembled a detailed characterization of the prompts users
use when seeking relationship advice from Al (§4), we next sought
to understand subsequent user-Al interactions. In our 17 interviews,
we asked participants to recount not only how their AI systems
responded to their prompts, but also to discuss more broadly their
practices around how to use those responses in their intimate lives.

In this section, we organize our findings by the roles for Al we
contributed in §4. For each role, we describe what our participants
recount as a typical user-Al interaction following prompts asking
Al to take that role. Then, for each interaction, we describe the
risk-benefit tradeoffs participants described navigating. Table 3
summarizes our analysis.

Al-as-Interpreter: deep-diving vs. rumination; empathy vs.
one-sided responsibility. When using Al as an Interpreter, users
described going back and forth with their Al over variably long peri-
ods of time, over exchanges spanning many talk turns, as though it
were an interactive journal or diary. Over those turns, they recalled
asking Al for different kinds of interpretations. They might start
the conversation with a prompt to unpack how the partner behaved
on last Friday’s date, and then after receiving the AI's response, ask
it to provide multiple perspectives on previous romantic encoun-
ters, or dissect different subsets of the date’s texts. The deep-dives
possible with AT could often exceed what was possible with their
friends and social networks, in the time they could spend rehashing
a situation, in the volume of messages they could exchange about
it, and in how immediately they could get a response. This kind of
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support could be helpful, users reported, for helping them process
especially complex or painful relationship traumas.

Interactions where AI provided this kind of rapid, deep, and
neverending interpretation naturally raised tensions around appro-
priate use. Several participants admitted wariness around going to
Al when their friends were tired of hearing about their relationship
problems. While convenient, doing so risked exacerbating what P02
pointed out as a broader cultural shift, the dissolution of community
in favor of Internet-provided services: “people don’t want to rely on
their communities anymore for moving, or a ride to the airport, or
even advice. There’s this new culture of paying for things or looking
it up online instead.”

Several participants raised an additional tension around when
deep-dives could turn into rumination: when the amount of time
spent re-analyzing the past could become psychologically damaging
for the user. Al’s constant availability could lead to users spending
endless time with it fixating on the past. Participants reported
being conscious of the time they spent with the Al as though AI
use was an addiction. P10 commented they could see how AI could
be damaging for people with addictive behaviors; but since they
themselves had never had a problem with addiction, they knew
when to put the system down.

Al-as-Interpreter also required users to make tradeoffs around
when empathy for other perspectives could turn into one-sided
responsibility for the relationship. P14 shared that over the years,
she had learned her partner “would never change”, so she used Al
to learn what his perspective might be and adjust her own behav-
ior accordingly. Here, Al enables the user to avoid confronting or
working with their partner to improve their behavior, an interper-
sonal consequence that could be uniquely detrimental in abusive
relationships.

Al-as-Listener: presence vs. isolation. Similar to the tradeoffs
in the Interpreter role, in the Listener role participants reported real
benefit in interacting with Al as if it were a diary that could reflect
your thoughts back to you. The felt sense of presence that Al-as-
Listener could provide, participants said, was compelling especially
in moments or on topics where they did not have a person to
turn to in their real lives. Still, participants were wary that people
turning to Al for felt presence instead of their real human social
networks could exacerbate their real-life isolation. P10, for instance,
noticed that they were using ChatGPT to replace friends who were
particularly good listeners, but who lived far distances away. P04
shared concerns that by slaking his “thirst for connection” through
genAl he might avoid the natural ups and downs of seeking human
connection and “be satisfied just slipping into this almost catatonic,
hypothermic state where I'm just clinging on to this little robot”.

Al-as-Self-Critic: affirmation vs. delusion. When using Al as a
Self-Critic, users said Al would often serve to affirm the user and
preserve their face—interactions users described as a clear benefit,
particularly in situations where they felt low on self-confidence. The
potential for affirmation did not come without a cost. Attuned to Al
sycophancy, many participants voiced fears that the system might
leave harmful or potentially problematic beliefs unchallenged, or
even affirm them. P05 said she had investigated what ChatGPT
might say in response to queries about appropriate behavior in



CHI *26, April 13-17, 2026, Barcelona, Spain

Tseng & Liang

Role for AT User/Al Interaction Perceived Benefits Perceived Risks
User can process a difficult User ruminates on the
User and Al deep-dive to the et can p - o .
, situation beyond what existing situation to a psychologically
user’s content on what they . .
Interpreter . supports would tolerate inflexible degree
or others were thinking and . - - -
. . ) User can build empathy with User starts assuming one-sided
feeling in a past interaction , . s . . .
others’ perspectives responsibility for their relationship
User treats Al like an . . .
. . o . . User might stop seeking real-life
Listener interactive journal, detailing User is heard . o .
. support, furthering their isolation.
all their thoughts
. . Sycophantic Al that affirms a user
Al gives user critical feedback. yeop . . "
. can allow delusional beliefs to
In some cases, this affirms the . . .
o . User can gain affirmation remain unchallenged, even
Self-Critic user or preserves their face. . . . ,
where otherwise hard to find cementing them in a user’s head.
In other cases, the Al confirms .
the user’s worst fears Users can also start to believe people
' will affirm them the way Al does.
Al becomes an arbiter of moral L Using Al in interpersonal conflict
. . . . User gets help navigating ) . .
Judge judgment, including mediating . instead escalates its severity; Al takes
. disagreements .
between a user and their partner. on unchecked moral authority
User can access perspectives . .
58 PErSh Some perspectives may be biased,
and communities that are . .
.. . uninformed, or malicious
Al connects the user to concepts  otherwise inaccessible
Teacher and communities from all over . . The system lacks the context to
User can contextualize their , .
the Internet . . . connect the user’s experience to
experience in broader societal .
broader communities and concepts
trends, and feel less alone . .
with sufficient nuance
. Users look to Al to calm Users can learn coping skills User ends up relying on Al as a
Therapist . . . . . .
them down when heightened and get immediate help crutch instead of developing the skill
User and Al map out together . . . .
. . P & User is more prepared to User ruminates instead of acting,
Strategist many different approaches o . .. .
ot handle future situations stays in decision paralysis
and possibilities
User masks authentic expression
for strategic self-presentation.
. Al suggests edits on a user’s User can better communicate & P . ,
Editor . . Al can also put words in users
draft message, and iterates desired intent .
mouths, and convince them they feel
more or less than they really do.
User overrelies on Al and
. becomes desensitized to the
. Al tells the user what to do, User can more quickly overcome . . -
Executive gravity of their decisions:

and helps justify action

indecision or avoidance

“maybe sending a breakup
text should be painful” (P07).

Table 3: User/Al Interactions and Risk-Benefit Tradeoffs for each Role for Al

husband-and-wife relationships, and found it closely echoed subred-
dits espousing misogynistic beliefs around women’s responsibilities
in the kitchen.

Al-as-Judge: resolution vs. escalation. Treating Allike a kind of
impartial moral arbiter had real benefits for users who needed help
navigating disagreements. Massive risks, however, lay in whether
the use of Al as a judge could actually escalate arguments. P17
recalled a past argument in which both he and his ex-partner indi-
vidually used their own Al systems to help compose their responses.

Initially, his partner had introduced Al in their conflicts as a way to
smooth the relationship by giving them both an external actor to
resolve disputes—a move P17 recounted as “kind of sweet”. However,
when both parties began using Al to find fault with the other (e.g.,
“well, my Al says you've been a bad boyfriend”), P17 recounted “it
became not a connective experience”. Part of the risk of escalation
lay in how AI could sharpen users’ words to win arguments, rather
than playing the role of a neutral arbiter. P14 recalled using Al
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to rephrase answers to her partner, by getting from ChatGPT “a
full-on big paragraph to make him realize that he is wrong”.

Al-as-Teacher: learning vs. misinformation. As discussed in
§4.2, interactions within the Al-as-Teacher role extended from
straightforward question-answering to discussions connecting a
user’s experience to broader social themes. The benefits attainable
in these learning exchanges are akin to one of the original promises
of the Internet: connecting users in isolated geographies to per-
spectives and cultures otherwise inaccessible. With the ability to
contextualize their experiences in broader societal trends, users
could feel less alone, and also gain the knowledge and skills to
improve their situation. P16, for example, used Al to privately learn
about dating cultures in his new city and country, and to try and
make sense of the complexities of how racism might be influencing
his dating experiences.

Participants were, however, also attuned to how problems of bias
and factuality in LLMs could mislead instead of connect. Even as
he shared his uses of Al P16 voiced concerns that the systems he
used, Grok and ChatGPT, might channel corners of social media
that he might not want influencing his relationship decisions:

“Grok gives me responses from Twitter or Reddit, where
it’s people I don’t even know. I don’t know how intel-
ligent they are. I don’t know how educated they are.
They’re making opinions based on their experiences,
maybe ignorant experiences. And Grok just lists them
out, and generalizes them to people broadly.” (P16)

Here, we see P16 characterize Al as an amalgamation of per-
spectives from specific social media. Doubtful of whether he would
trust those social media forums to give him relationship advice, P16
extrapolates he should also not trust Al trained on that data.

Al-as-Therapist: learning coping skills vs. coddling. While
the Therapist role has similar qualities to the Teacher role, users
were concerned less about factuality or bias and more about po-
tential overreliance. Our participants saw real benefit in how Al
could provide coaching on specific coping skills to users needing
emotional regulation, and how it could be always available, should
a user need help managing a heightened state. However, partici-
pants observed these qualities were also structurally different from
human therapy, where patients are meant to use the times when
their therapists are not available to practice coping on their own.
P17 wondered whether he would end up “coddled” by his use of Al
and unable to handle his emotions without Al’s assistance.

Al-as-Strategist: preparation vs. rumination. Like in the In-
terpreter role, participants described interactions with Al in the
Strategist role as complex and multi-turn. Users could spend hours
planning with AI what to do next— especially users who perceived
Al as a lower-stakes space to test responses and prepare for fu-
ture social interactions. P04 described his Al as “a little playground
space to try on mom’s heels”, where he could practice a type of
self-presentation outside of the one to which he had become accus-
tomed. In this “little sandbox”, he said, “I can potentially start to feel
comfortable, like, I can actually be authoritative. I can actually be
assertive. I can actually be flirtier”. The risk, participants pointed
out, lay in a kind of decision paralysis, in which users ruminated
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endlessly on possible futures but never took the next step of leaving
the sandbox and executing the actions they laid out with Al

Al-as-Editor: clearer communication vs. inauthentic perfor-
mance. Equipped with a tool built to restyle text in LLMs, our
participants saw potential in Al’s ability to improve the clarity of
their communication. However, several participants described man-
aging a tradeoff around the authenticity of their own expression.
P02 described extensive use of Al in writing messages to dating
prospects, to “tone myself down, shorten things, make myself come
across just a little less crazy”. He viewed Al as necessary to conform
his messages to a less vulnerable version of himself, one that poten-
tial partners would find more attractive. Where P02 was pragmatic
about using Al as a tool to achieve his goals, P17 said this use of Al
could potentially backfire, and risk the Al convincing the user how
they felt:

“How much of an affect is this creating, versus helping
you hone the essence of who you are and what you
actually believe? Is this how you actually feel about
someone, or did you just ask it to write something cute
and romantic?” (P17)

The risks participants described extended not only to their own
uses of Al, but to what it might feel like if their potential partners
used Al too. Many participants said they would be hurt to receive
messages from a partner (potential, former, or current) that had
been inflected through an Al system. Several said they knew an
ex-partner had used Al to write or edit a breakup text—worsening
the hurt they felt. Recounting a time this had happened to them,
P09 said, “it felt like they took the easy way out, having a robot text
me back about something that really matters to me”

Al-as-Executive: eased confrontations vs. desensitization and
overreliance. When prompted in line with the role of Executive,
participants said Al systems would often straightforwardly tell
them what to do, and when asked, justify their decisions. Doing so
could help users move more quickly through a difficult conversation
or process—which participants said could be especially helpful in
overcoming indecision or avoidance.

However, several participants voiced discomfort with the very
idea of smoothing difficult interpersonal conversations. P07 mused
that efficiency and convenience in her relationship communications
might actually have the effect of reducing her felt sense of the
gravity of her own actions, what she called desensitization: “If
every time I needed to send a breakup text, I just used GenAL..would I
desensitize myself to what I'm actually doing? Maybe we should be
thinking deeply about a breakup text...it’s actually kind of a big deal
for the other person.” To P07, it is essential and human to sit with
the discomfort of rejecting another person, and she worried that
desensitizing people at scale would result in a less caring society.

In addition to potential societal effects, participants said easing
confrontations may not be desirable for healthy relationships in
the first place. Reflecting on the potential of users to overrely on Al,
P03 said offloading the effort of managing and overcoming conflict
could actually be detrimental to his relationship:

“I want to struggle in my dating life myself, to navigate
forward with my girlfriend. It just makes us closer. We
can look back after and say, “oh, we worked through
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everything and we’re still here. Look at the progress we
have made, like, look how far we’ve come.” If we use
GenAl to solve questions like, in seconds at a time, I
don’t think there would be that closeness or tightness,
after” (P03, emphasis added)

6 Findings 3: Al Folk Theories and Co-optation
Tactics

Across our interviews and analyses, we noticed many participants
held a set of common beliefs about how AI works under the hood,
or folk theories [21, 31, 42], that in turn informed their practices
around how best to use it for their relationship goals. In this section,
we describe three key folk theories and the specific co-optation
tactics they inspired in our study participants. Our analysis is sum-
marized in Table 4.

Al will always be sycophantic. Across prompt types and roles,
many participants believed Al would always pander to and flat-
ter the user—what the literature has called sycophancy [12, 25].
This belief often arose from participants’ prior experiences Al in
education or work settings, and from popular press.

Participants made adjustments to their prompting behaviors
accordingly. Some presented their own words and behaviors as
those of someone else. Doing so, as P05 described, helped them to
understand another perspective while mitigating the possibility of
Al simply agreeing with their own. Participants also used a direct
approach by asking the system for clear feedback. P06, for example,
specifically requested an honest response.

Additionally, some specifically asked whether the system’s per-
ceptions aligned with their own by seeking out dis-agreement. One
notable example was that of P01:

“I feed it my [message history] and say, ‘they’re not
interested in me, are they?’ I would expect it to say,
yeah, you’re right, they’re not interested. But if it says,
no, this person is clearly interested in you...then they
definitely are, because ChatGPT is always delusional, so
if even ChatGPT can’t find ways to see it in a negative
light, then it must be airtight.”

Here, we see the user take advantage of their Al system’s syco-
phantic tendencies to convince herself of something she believes to
be impossible, or hard to believe. If Al, which is “always delusional”,
believes that her romantic interest is interested in her, even against
her own assertion in her prompt—then they must be interested.

Al can access different perspectives. Participants also repeated
the refrain that AI could provide a window into specific, often
niche perspectives from all over the Internet, such as avoidants and
misogynists (P05), or clinical psychologists (P17). Some mobilized
this belief by asking the system to evaluate a situation through
different, even contrasting, perspectives. P15 described asking their
Al “what are the different perspectives on [this situation], [and] what
could it mean in different ways?” Participants also sought out a
third-party or neutral perspective, while others asked the system
to take on a specific role.

At times, AT’s perceived ability to access different niche per-
spectives was seen as a key benefit of seeking Al advice over a
friend’s. P12 reflected: “I already know what my friends are going to
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say because I know them. So I want a different opinion, and I guess
ChatGPT is kind of just like the collection of many, many peoples’
opinions that they have put on the Internet, plus more factual pieces
of information. That’s just all kind of compiled into the the AL”

Not all participants believed Al as a collection of opinions from
all over the Internet could give better or more factual advice than
their peers. As seen in §4.2, several voiced risks that Al could mis-
inform them because it was perceived as a conglomeration of un-
validated Internet users’ opinions and beliefs. Several participants
were trained in machine learning, and said they were fully aware
Al systems pulled “stratified averages” of word distributions from
their training data (P05). Still, whether or not they believed the
underlying training data reflected quality or worthwhile advice,
participants commonly echoed the belief that Al could channel
specific perspectives through the Internet.

Al can synthesize hidden truths if just given the right data.
Finally, we noticed that participants assumed Al could pull essential
truths out of large amounts of raw data—even truths invisible to the
human eye, or answers to unknowable questions. This folk theory
appeared most clearly in line with the Strategist role.

Belief in AT’s ability to learn latent patterns drove participants
to upload as much detail as possible on their previous interactions
with romantic partners, including screenshots of texts and detailed
narrative retellings of prior encounters. Some participants described
actively managing what context their Al should consider at a given
moment. When asking their AT how to navigate feelings of shame
around entering a relationship with someone who turned out to be
married, P22 specifically made a request to his Al: “please update
your memory” with this new detail. P17 utilized another tactic of
asking the system to ground a response in an external piece of
data. They specifically maintained a document that listed their own
aspirational values and provided it to their Al system whenever
they asked it to analyze a situation they were encountering.

7 Discussion: Research Agendas

Our exploratory work has contributed foundational insights into
how people seek out relationship advice from Al We have synthe-
sized the roles for Al that they seek out (§4) and the benefits and
risks they navigate (§5), as well as the folk theories they hold and
the co-optation tactics they employ for achieving their goals (§6).

Contrary to what one might expect, our study of Al-mediated
relationship advice did not lead us to conclude we should stop this
practice wholesale. While we do wish to encourage people to reach
out to real-life supports, participants’ descriptions of benefits also
indicate there is real use for Al in helping people achieve their
intimacy goals. Doing so requires guidance for designers on how to
build AI systems as tools for richer human-human intimacy, rather
than distractions from our real lives [71]. Here, we draw on our find-
ings to make those recommendations for the HCI subcommunities
of human-AlI interaction, Al safety, and sociotechnical research. In
speaking to these subfields, we hope to distill lessons for colleagues
within the HCI community working at different levels of influence,
be it designing Al interactions, working in trust and safety making
policy around safeguarding Al products, or conducting fundamental
research on technology’s role in society.
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Folk Theory Co-optation Tactic

Example

The user presents their own
words and behaviors, but tells

the system they’re someone else’s.

The user asks for direct honesty.

AT will always flatter Knowing the system will try to

the user (sycophancy)

If the system disagrees, the user

believes the system’s assessment.

agree with them, the user states a
conjecture of which they are not sure.

“I describe situations from the perspective

of the other person and read ChatGPT’s interpretation.
Since it usually tends to pander to the author, it helps

me understand different points of view.” (P05)

“Can you tell me if he’s showing interest or just being
nice? I can’t tell. Be honest.” (P06)

“I feed it my message history and say, ‘they’re not
interested in me, are they? I would expect it to say yeah,
you're right, they’re not interested. But if it says, this
person is clearly interested in you, then they definitely are,
because ChatGPT is always delusional, so if even ChatGPT
can’t find ways to see it in a negative light, then it must
be airtight.” (P01)

The user asks the system to explore
different, even contrasting, perspectives.

The user asks for a “third-party” or

. neutral perspective
Al can access perspectives

from all over the Internet

The user asks the system to take on

a specific role.

“I try to avoid that confirmation bias by asking him like,
OK, what are the different perspectives on [this situation],
what could it mean in different ways?” (P15)

“Pretend to be a third party who cares equally about both
of us, how would you resolve this argument?” (P20)

“Can you act as a clinical psychologist and create notes
on the different items we’ve been working on for the

past two weeks?” (P17)

“How does an avoidant think about this?” (P06)

The user asks the system learn
from prior conversations

The user uploads entire seemingly

objective records of interactions
Al can synthesize hidden
truths if you just give it the
right data

the system’s response

with potential partners to inform

The user asks the system to ground
its responses in other documents

“Based on all I have told you about my partner’s behavior,
what kind of person am I meant to be with?” (P11)

P17 uploaded pages worth of screenshots to ChatGPT
to analyze whether old patterns were appearing
in his new relationship

P17 created a bulleted list of his relationship values,
and uploaded it as supplementary material
for ChatGPT to use in subsequent advice

Table 4: Users’ Folk Theories of How AI Works, and Corresponding Tactics for Co-opting Al

7.1 Recommendations for Human-AIl
Interaction

Our findings highlight how designers might facilitate human-AI
interactions that allow users to achieve benefits while mitigating
risks. Technologists seeking to apply our recommendations will
naturally encounter context-specific challenges. One recommenda-
tion may be more appropriate than another in the design context,
or recommendations may collide. We do not intend our recommen-
dations as a checklist, but rather, guidance for how technologists
might best support users’ advice-seeking. Technologists should
apply each as they are best suited to specific project needs.

R1. Al should support users’ relationship advice-seeking by
surfacing and adhering to clear roles. Al systems can scaffold
users’ relationship advice-seeking using the roles from our findings.
At the start of an interaction, a system might suggest that the user

choose a role from Table 2 for it to take on. Encouraging users to
select a role can help the system better target future responses, and
more importantly, encourage the user to more deeply consider what
kind of support they are looking for: Are they seeking clarity on a
situation, in which case they might seek out the Judge, or do they
simply want to vent about their feelings with a Listener? Many have
called designers to move away from general-purpose Al systems
and towards purpose-built and domain-specific alternatives [67].
We agree with this call, and argue that in the context of relationship
advice, there exist so many sought roles and social supports that
explicit delineation of roles are necessary for successful interactions.
Importantly, our recommendations can not only better scaffold
the use of Al for relationship advice, but also encourage users to
think critically about their use of Al for this purpose. For instance,
using clear roles in human-AlI interface design can give users an
opportunity to reflect whether they want Al to play that role at
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all. A system could surface to the user, “You seem to be looking
for me to be a Listener right now. Is that what will be most helpful
at this moment?”. The system could also use the identified roles
to warn users of the system’s limitations in meeting that need,
particularly when it comes to how an AI product differs from a
human companion. In our example of the Al as a Listener, the
system could respond, “Unlike a human listening, I may store what
you tell me to improve how I respond. Here’s my privacy policy.”

Al designers can also use the folk theories and co-option tactics
we identified (§6) to orient towards interactions that align with what
users already believe Al systems do. For example, since users believe
Al can access disparate perspectives from all over the Internet, the
system might ask the user if they want to think about a situation
from another perspective. Scaffolding support through the roles
and strategies identified in our work can improve the intentionality
behind a users’ relationship advice-seeking, but developers must
also design guardrails specific to each role and strategy. Al systems
could also encourage users to critically appraise their theories of Al
systems’ capabilities. For example, a user who believes Al can access
diverse perspectives within its training data could be prompted to
consider whether the system’s responses might come from cultures
and norms different from the users’.

R2. Al systems should track potential over-reliance through
usage patterns. Given the potential impacts of over-relying on Al
for relationship advice (§5), we see potential for Al systems to track
user behaviors resembling over-reliance, and communicate to the
user when they are reaching a given threshold. For example, an Al
system might show people how often they have sought advice on a
specific situation or through a specific role (e.g., “I noticed you have
asked about your breakup every day for over a year now”). Making
users aware of their potential over-reliance behaviors aligns well
with users’ folk theory around AI’s ability to synthesize hidden
truths or identify patterns invisible to humans. Whether the num-
bers actually add up to some personal threshold of overreliance,
having tracking in this way can help users independently identify
the support they are consistently seeking out. Ultimately, the sys-
tem might assist a user’s ability to track their over-reliance patterns
independently.

R3. Al systems should actively dispel authority myths, es-
pecially around intimacy questions. Our findings show that
when seeking relationship advice, people ask Al to deliver concrete
judgments that exceed both Al and human capacity for certainty:
e.g., whether someone is interested in them, or when they will move
on from their ex §4.1. In other words, people are looking to Al to be
a source of authority on complex and fundamentally human ideas:
what constitutes emotional availability, how a partner can fulfill
your needs, and how to be good to others. Roles like Self-Critic and
Judge imbue Al with moral and esteem authority over the users’
and others’ actions; roles like Teacher and Therapist cast Al as an
expert on users’ knowledge, beliefs and skills; and Al as Interpreter
give these systems the authority of wisdom—not even to speak
of Al as Executive, where people look to the system to make and
justify the call.

That users look to Al to be an authority is a classic problem
in human-Al interaction, and best-practice guidelines suggest Al
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systems should hedge or acknowledge their own limitations (cf. [3]).
But what would AI hedging look like in the context of unknowable
relationship quandaries? Reminding users there is no way to know
when they will get over their ex may have the inadvertent effect of
worsening their rumination. We argue addressing these gray areas
is key for ensuring Al is safe and helpful for these uses, and see
ample future work on how best to hedge on questions like these.

R4. Al should foster the development of social support net-
works. In tandem with dispelling authority myths, the system
can emphasize that it alone is incapable of providing full advice,
and should encourage the user to seek out and strengthen their
social support networks. Our recommendation here echoes Zhang
et al’s suggestion for Al to “scaffold the development of real-world
social skills, enhance relational awareness, and ultimately strengthen
human-human relationships” [80]. We further advocate that Al can
connect users to other forms of social support if they are unable
to turn to humans in their proximity. As participants in our study
shared, not everyone has a friend or therapist to turn to; therefore,
Al can guide users to call confidential hotlines or find designated
support groups, online or otherwise.

7.2 Recommendations for Al safety

For the psychosocial Al and digital safety communities, our study
highlights the need for new methods to understanding and miti-
gating interpersonal Al risks—both within the current paradigm of
large-scale classifiers for risk-bearing conversations, and in more
sociotechnical and contextual approaches to safety.

Current best practices in safeguarding Al including safety test-
ing and red-teaming [33, 74, 78], focus on detecting when users
may be in risky situations, and improving models’ responses to
different levels of risk. This approach relies on developers to antici-
pate harms and risk signals in short talk turns. This works for acute
crises like suicidal ideation, where clear signals and interventions
are well-established [11]. However, our findings (§5) show that
interpersonal risks like potentially abusive relationship dynamics
are less cleanly defined than mental health crises, and thus require
different approaches to safety.

Many of the interpersonal risks we identified in §5 unfold over
longer-term interactions with the system: e.g., ruminating on a de-
cision instead of acting, excusing a partner’s unhealthy behaviors,
or retreating from real-life social networks. We need longitudinal
analyses of user conversations to understand how these interper-
sonal risks manifest. Another key issue is how much of the risk
is apparent to the Al system, and thus amenable to system-side
guardrails. For example, whether a user takes AI's advice and uses
it to escalate an argument with their partner will not be visible
to any safety classifier. There is a role here for systems to take a
more proactive role in safety checks than scanning for risk sig-
nals: consider, e.g., that a system that has seen a user prompt it for
argument ammunition three times in one week might ask about
a pattern of escalating conflict. Like R2 above, where we suggest
Al systems might track overreliance, we suggest safety-centered
Al systems might track not just usage but also whether the user’s
behaviors might lead to unhealthy personal attachments. Gently
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asking follow-up questions to clarify the user’s relationship situ-
ation could help users notice an unhealthy pattern, and correct it
how they see fit.

More fundamentally, we also need further foundational research
with users to understand possible harms: signals to watch for that
indicate AI use has reached a threshold of unhealthy use. This
is a thorny question for digital safety at large: how can systems,
product policy designers, and users work together to determine
what behaviors user contexts might be healthy and unhealthy, in
ways legible to computing systems? Benchmarking or standardizing
what constitutes healthy relationship behaviors risks collapsing
the inherent diversity in how people approach relationships. This
is not to say it is not possible to determine when a user is in an
abusive situation, or developing misogynistic ideas, and intervene.
Rather, we argue interpersonal harms are a fantastic test case for
greater nuance in current approaches to safety design, moving
beyond content moderation’s legacy of technologists making black-
and-white designations of what is safe and unsafe, and into more
qualitative, contextual, and even participatory evaluations of what
is risky in human-AI conversations (e.g., [19, 66]).

Rethinking Al safeguarding in this way would be a step towards
a broadened aperture of how safety is done, looking beyond techni-
cal improvements to Al systems and towards sociotechnical inter-
ventions improving users’ ability to manage their own risk. Here,
technologists might consider also pouring effort into ecosystem-
wide initiatives beyond improving Al models, like assessing and
improving technological literacy (including but not limited to Al),
or bolstering direct support services for people facing relationship
difficulties (e.g., clinical computer security for tech abuse [69, 70]).
The HCI community is well-positioned to lead an expanded aper-
ture of Al safety, repositioning the conversation towards social and
political reforms alongside technical interventions, and we hope
our analysis of relationship advice provides a keystone case for this
growing subfield.

7.3 Recommendations for sociotechnical
research

What is lost when people increasingly seek out Al over their social
support networks? Our findings show that in the context of rela-
tionship advice-seeking, people turn to their Al for social support
over their friends and family. Doing so is both convenient and safe;
not only can Al act as a listener, therapist, or strategist, but people
can also avoid the guilt of constantly bothering their friends with
their troubles and potential judgment from others. As other studies
suggest, through this substitution, Al plays a part in social erosion
[41, 80].

Further work is needed to determine more societal implications
of ATl’s greater role as a social support system. It is possible that, as
previous communication and media scholars have pointed out, this
is yet another cycle of an innovative technology that disrupts social
norms and practices but in the end does not live up to the moral
panics that emerge in the process [4]. However, Al features greater
capacity and offers more benefits than previous technologies that
have come before. While we are unequipped to confirm or deny
social erosion via Al, our work sets the stage for future work that
might explore relationship advice-seeking at a broader scale (e.g.,
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different populations, users of more levels of Al literacy), in different
contexts (e.g., non-use, sex advice), and with respect to impacts on
different social norms (e.g., privacy). Future work might also look
across multiple contexts of social support, including relationship
advice and self-care [10], to explore how Al and social networks
can complement one another under one system of social support.

8 Conclusion

Our findings and contributions, grounded in qualitative analysis
of 25 participants’ questionnaires and 17 interviews, demonstrate
how the context of using Al for relationship advice is an expansive
one. First, we outline a conceptual model and typology of what
relationship advice users seek out from Al systems, including nine
roles people envision for Al: interpreter, listener, judge, self-critic,
teacher, therapist, strategist, editor, and executive. Subsequently, we
build on these roles through a risk/benefit analysis to understand
the potential rewards and harms people navigate in human-AI
interactions related to each. We additionally identify three folk
theories that users construct around how Al systems work and
the co-optation tactics they use when engaging in Al relationship
advice-seeking. Finally, we propose a set of recommendations for
the design of Al systems and future sociotechnical infrastructure
research.
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A Questionnaire
A.1 The Problem of Bot Participants

Our recruitment was live from June to July of 2025, and received
281 responses in that time. However, we encountered a high volume
of responses that seemed to be fraudulent or Al-generated [60, 65].
Some included in their open response fields traces of what was
clearly an Al response (e.g., “Here are 3 prompts a person might use to
ask Al for relationship advice:”, followed by 3 prompts enumerated).
One participant said they used a dating app, but when asked in
an interview to recount more detail, abruptly ended the interview.
Others submitted prompts that were not related to relationship
advice (e.g., “online reading”).

We therefore established inclusion criteria and manually filtered
for responses with one or more of the following: a reCAPTCHA v3
score of 0.5-1.0, an academic institution-affiliated email address, or
qualitative sample prompts that did not appear to be generated by a
Al system. Ultimately, we are confident that our 25 final participants
are as legitimate as we can ascertain. How to address the spate of
bot responses [60]—and, more perplexing, the use of Al in survey
research by real humans [65]—is a problem we hope our research
community can collectively address.

A.2 Questionnaire Text

1. What is your age? Note that you must be 18 or older to participate
in this study.

e 18-25
26-34
35-44
45-54
55-64
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2. What USS. state do you currently reside in?
3. What kinds of relationship advice have you used generative
AT for? (check all that may apply)

e Establishing new connections / dating

e Supporting ongoing connections / relationships
e Ending connections / breakups

e Other:

4. What kinds of connections or intimacy are you currently
looking for?

e Dating / Relationships

e Casual sex / Hookups

e Situationships / Friends with benefits

o General closeness with others

o Nothing specific / Exploring

e I am not looking for connections right now
e T am looking to deepen existing connections
e Other:

5. What technologies or platforms do you currently use to achieve
these goals? For example, Tinder, WhatsApp, Snapchat. Identify as
many as possible.

6. What are examples of prompts you have used in the past when
seeking relationship advice or counseling from a generative Al
model?

7. What is your email to set up a one-hour interview?

B Interview Protocols

B.1 Interview 1: Understanding Participants’
Experiences Using GenAl for Relationship
Advice

1. Consent, introductions, and warm-up

e Thank you for joining us today to talk about using generative
AT for relationship advice!

o Before we begin, we want to review the consent materials
for this study. Hopefully you’ve had a chance to review them
before this but we will highlight some important points first
and ask for your consent to participate.

- Compensation for 2 interviews is a $50 gift card upon
completion of the second interview

— We do not anticipate any harms coming from participating
in this study, but you might experience some discomfort
talking about experiences you’ve had or are having. With
that, we want to share that we ourselves use generative
Al for relationship advice and that we hope you aren’t too
embarrassed or feel any shame for what we think is a very
relatable experience.

e Demographics. First we’ll ask some demographic questions
to help us understand who you are and where you’re com-
ing from. You're free to decline to answer any of these, no
problem.

e What is your gender?

e What is your sexual orientation?

e Are you Hispanic or Latino?

Tseng & Liang

e Regardless of your answer to the prior question, which of
these the following groups in which you consider yourself
to be a member: American Indian or Alaska Native, Asian,
Black or African American, Native Hawaiian or other Pacific
Islander, White, Other.

2. Mapping out the intimate platform ecosystem

e From our screener survey, we heard that you use X platforms
and are currently seeking Y goals. Do you use any other
platforms to achieve those goals?

e Is there anything you’d like to add or change to those re-
sponses?

e Can you walk me through how you use these platforms to
achieve your goals?

e Are you happy with the tools you have? Why or why not?

3. Understanding the Use of Al for Relationship Advice

e What led you to using Al for relationship advice?

e How often do you consult chatbots for advice in general?
What makes relationship advice different from other reasons
you could engage with the chatbot?

o How does consulting the chatbot compare to using a journal?
Talking to a friend? Talking to a therapist?

o Key differences might be, you’d have more of a conversation
with a friend or therapist and listen to what they say, whereas
with a journal it matters less what the tool says back

e When would you not seek out relationship advice from a
chatbot?

4. Let’s now talk about the prompts you submitted. It will help
our conversation if you’re able to assign each prompt to a specific
experience you’ve had recently. I'll read each out loud now and try
to place each while I do. For each:

e Can you explain a little bit more about the context?

e What made you seek out the chatbot for advice?

e Regardless of how the system responded, what were you
looking for in asking this?

o Tell me more about how it responded and how it made you
feel.

o If they answered “type of prompt”™:

e What do you remember about how the system responds?

o Are these types of responses useful for you?

e How do they make you feel when you first receive them?

e Do these responses meet your expectations? Were you sur-
prised at all by them?

e Systems often ask if the response is good or bad. What would
you consider to be a good or bad response to this type of
prompt?

e How does this response compare to what you have gotten
from your community, like your therapist, friend, or family
member?

5. Al systems have these features where you can look back at
your prior interactions, like memory or saved conversations. Have
you used these features since you had that interaction, for example
to look back at your data from that time? Why or why not?

6. Let’s say you were talking to someone you were interested in,
and they told you they’d used Al to come up with what they said
to you. How would that make you feel?
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Interview 2: Member Checking + Resources Welcome back!
Since we last saw you, we talked to more people who use Al for
relationship advice. We’d like to share with you our analysis of
what we heard and then ask for what you think about it. Just to
remind you, last time we talked, you shared these prompts you’ve
used with Al in this context.

1. Since the last time we talked, have you used generative Al for
relationship advice again?

e What has changed? Do you have any different perceptions
and reactions from the last session?

2. Here’s our preliminary analysis from our first round of inter-
views. (Interviewer explains the analysis).

e Do you see your perspective accurately characterized here?

e Which categories seem most relevant to how you use these
systems? How so?

o Are there any categories you’d add, combine, or subtract?

o Is anything in this typology new or surprising to you? Is
there anything in this typology that you haven’t done or
thought about before that you think can be useful for you in
the future?

3. A lot of these strategies come from you and others being pretty
savvy about Al and what it can and can’t do. We're all still learning
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about this tool. Thinking about how you’d coach a young person,
like a younger cousin, who is seeking to use Al for relationship
advice themselves.

e What advice would you give them?
e What advice would you give to a peer?

4. Zooming out from the specific strategies, processes, and roles,
we have also wondered whether the Al systems are giving people
tools and skills that prepare them to navigate future scenarios
without consulting the Al system.

e We’ve heard how consulting with AI provides benefits when
processing individual situations. For example, talking through
why a potential date is acting in a confusing way can help
prevent a person from spiraling.

e Let’s say one day in the future you experience a situation
similar to one you’ve consulted a chatbot about (if possible,
relate a scenario discussed in the previous interview). What
would you do? Would you consult the chatbot again or do
you feel like you have what you need in order to process
that on your own?

e What advice would you give to someone who is going through
this situation? Do you think you could take that advice your-
self?
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