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People frequently encounter minor aversive experiences—such as rude interactions or social slights—that,
while not major events, can still affect psychological well-being. In this research, we examine how people
experience and perceive social support from artificial intelligence (AI) following such experiences. Drawing
on mind perception theory, we propose that initial expectations about AI’s experiential capacity relative to
humans shape how people experience and perceive AI support. A pilot study demonstrates that people have
different initial expectations of AI’s versus humans’ experiential capacity. Across six studies (five pre-
registered; total N = 3,341), we found that these initial expectations produce two distinct effects: People
report lower fear of negative evaluation after receiving support from AI versus a human, which in turn
improves well-being outcomes (Studies 1–3), and people perceive AI as exceeding their expectations for
empathy, which in turn drives perceived support effectiveness (Studies 4–6). These effects emerged across
controlled simulations and real interactions with actual human and AI support givers. Together, these
findings reveal that initial psychological expectations about AI’s experiential capacity play a central role in
shaping the experience and perception of AI support.

Statement of Limitations
In this research, we found that people’s psychological expectations about AI shape how they experience
and perceive AI support in response to minor aversive experiences. While our findings consistently
support the theorized model, several limitations warrant attention. First, all studies used employed U.S.
adults recruited online, limiting generalizability to other cultural contexts wherein norms around
judgment and support seeking may differ. Second, our studies focused on episodic emotional support
following minor everyday aversive experiences delivered through digitally mediated channels; we
cannot speak to whether these findings extend to more serious emotional challenges, sustained support
contexts, or face-to-face interactions. Third, outcomes were measured immediately after the support
interaction, and we do not know how long these effects last. Fourth, our theoretical framework assumes
that people perceive AI as having lower experiential capacity than humans, but our studies do not
disentangle whether benefits stem from perceived capacity limitations or perceived motivational
tendencies—a distinction that may become more consequential as AI advances. Fifth, while we identify
exceeded empathy expectations as a key mechanism, other factors may also contribute to perceptions of
AI support effectiveness. Sixth, all outcome measures were self-report and do not capture behavioral
changes in support seeking or coping. Finally, our findings rest on people’s current initial expectations
about AI, which may shift as people gain more experience with AI support tools, potentially changing
the effects we observe.
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When people face difficult social experiences such as a rude
comment, a painful slight, or a moment of rejection, they are
increasingly turning to artificial intelligence (AI) for social support
(De Freitas et al., 2025; Fitzpatrick et al., 2017). As AI takes on these
support roles, a natural question arises: Can AI provide social support
as effectively as humans? This question is particularly intriguing
because people perceive AI as lacking the capacity to truly feel, care,
or be emotionally invested in a relationship (H. M. Gray et al., 2007;
Waytz et al., 2010), the very qualities that make social support
effective (Dakof & Taylor, 1990). Existing research offers con-
flicting answers: Some studies suggest that social behaviors from AI
feel unfulfilling or inappropriate (Castelo et al., 2019; Dang & Liu,
2024), while others find that AI interactions in social contexts elicit
meaningful responses (De Freitas et al., 2025; Yin et al., 2024). In
this research, we draw on mind perception theory to argue that
people’s initial expectations about AI—specifically, its lower per-
ceived ability to experience emotions (Bigman et al., 2023; H. M.
Gray et al., 2007; K. Gray & Wegner, 2012)—create conditions that
reshape the support experience after minor aversive experiences,
paradoxically improving both well-being and perceived support
effectiveness.
Understanding how people experience and perceive AI support

matters because the need for accessible social support is acute.
People regularly encounter minor aversive social experiences like
rude interactions and social slights that, while not traumatic, erode
mood and deteriorate well-being (Porath & Pearson, 2013;
Schilpzand et al., 2016; Woolum et al., 2024). Indeed, research on
daily hassles suggests that the accumulation of such minor stressors
is a stronger predictor of psychological distress than major life
events (Kanner et al., 1981), underscoring that these experiences,
while individually minor, are consequential for well-being. Social
support is one of the most effective buffers against the consequences
of these experiences (Cutrona, 1990), yet access is limited: Nearly
half of American adults report feeling lonely, the share with three or
fewer close friends has nearly doubled since 1990 (U.S. Department
of Health and Human Services, 2023), and globally, one in five
employees regularly feels lonely at work (Gallup, 2024, 2025).
Compounding the problem, people often hesitate to seek or
offer support—even when others are available—because seekers
underestimate others’ willingness, helpfulness, or responsiveness,
while givers underestimate how their support will be perceived, a
well-documented phenomenon known as undersociality (Dungan
et al., 2022; Kumar & Epley, 2023). AI systems that can hold
interactive conversations (Adiwardana et al., 2020; Breazeal, 2003;
Rizzo et al., 2016; Schuetzler et al., 2020) are increasingly filling
this gap, providing support that is accessible, immediate, and
available without the social barriers that constrain human support.
However, people bring beliefs about what AI can and cannot do into
these interactions, and we draw on mind perception theory to argue
that these initial expectations shape how people experience and
perceive AI support.
Mind perception theory suggests that people attribute less mind to

AI than to humans, especially a lower capacity to sense, feel, and
have emotional and social motivations (Bigman et al., 2023; Bigman
& Gray, 2018; Epley & Waytz, 2010; H. M. Gray et al., 2007). We
argue that these initial beliefs—the expectations people bring to
their early encounters with AI support—produce two distinct
psychological effects. First, because people expect AI to lack the

social motivation to judge them, they experience lower fear of
negative evaluation (FNE) when receiving AI (vs. human) support,
leading to improved well-being outcomes after minor aversive ex-
periences. Second, because people set lower baseline expectations for
AI’s empathy, AI is more likely to exceed those initial expectations
when providing support, leading people to perceive AI support as
more effective. As we show across a pilot study and six experiments,
the same initial expectations about AI’s low capacity for emotional
experience (compared to humans) that might seem like a liability in
other interpersonal contexts can become an asset in social support
contexts, inverting the typical logic of undersociality, where low
expectations of others produce negative outcomes (Epley et al., 2022).

AI and Social Support

Social support takes many forms, from brief moments of reas-
surance to long-term therapy, and serves various functions: emo-
tional support (helping someone feel better), instrumental support
(providing tangible help or resources), and appraisal support
(offering evaluative feedback; Cutrona, 1990). Support can also be
episodic (short interactions) or chronic (unfolding over time, such as
in therapist–client relationships; Shockley & Allen, 2013). Given
this breadth, scholars emphasize the importance of specifying the
type of support being examined (Jacobson, 1986; Shockley &Allen,
2013; Veiel, 1985). We focus specifically on contexts in which
episodic emotional support is delivered remotely by a nonrelational
partner—conditions under which initial expectations about a sup-
port giver’s experiential capacity, rather than nonverbal cues or
relational history, are most likely to drive the support experience.
This context also reflects a growing reality—from crisis hotlines and
peer support platforms to AI chatbots, people are increasingly ac-
cessing remote support from nonrelational partners when close
relational ties are unavailable. The present research specifically
examines how initial expectations about AI’s experiential capacity
shape the experience and perception of AI support.

A growing body of research has begun documenting AI’s
potential in social support contexts. De Freitas et al. (2025) found
that AI companion apps alleviate loneliness on par with interacting
with another person, with users underestimating the degree to which
these interactions help. Yin et al. (2024) showed that AI-generated
responses made recipients feel more heard than human-generated
responses. However, these same studies reveal that people’s psy-
chological responses to AI support are not simply a function of its
quality. Yin et al. found that when recipients learned a response
came from AI, they felt less heard, even when the response was
identical. Furthermore, Dang and Liu (2024) showed that people
deny humanness, especially emotional capacity, to those who even
seek AI advice.

These findings converge on an important pattern: AI has the
potential to produce functionally effective support, but people’s
beliefs about AI shape whether that support is experienced and
evaluated positively. We propose that people’s attribution of low
experiential capacity to AI (compared with humans) and the ex-
pectations this attribution creates in social support contexts can help
explain these patterns. In the following section, we develop this
argument and derive two predictions about how initial expectations
about AI’s experiential capacity shape both how people experience
and perceive AI support compared with human support.
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How Initial Expectations About AI’s Experiential
Capacity Shape Support Experiences and Perceptions

Mind perception theory proposes that people attribute mind to
entities along two fundamental dimensions: agency (the capacity to
think, plan, and act) and experience (the capacity to sense, feel, and
have emotional motivations; Epley & Waytz, 2010; H. M. Gray et
al., 2007). Research on how people perceive AI’s agency presents a
nuanced picture. While early work suggested people attribute lower
agency to machines than to humans (H. M. Gray et al., 2007), more
recent findings indicate that people sometimes view AI as highly
competent, particularly in domains involving analytical processing
and decision making (Karataş & Cutright, 2023; Malle et al., 2025;
Spatola & Urbanska, 2020), and may even hold AI to higher
standards of accuracy than humans (Qin et al., 2025). What remains
more consistent across the literature is that people perceive AI to
have markedly lower experiential capacity than humans: a lower
capacity to experience emotions and to have social motivations
(Bigman et al., 2023; Bigman&Gray, 2018; H.M. Gray et al., 2007;
Waytz et al., 2010). We propose that in social support contexts, it is
people’s initial expectations about this experiential dimension—the
lay beliefs they bring to early encounters with AI—that shape how
they experience and perceive AI support. This builds on prior work
showing that people’s expectations about interaction partners
influence whether they seek or offer social support in human-to-
human contexts (Dungan et al., 2022; Epley & Schroeder, 2014;
Kardas et al., 2022; Kumar & Epley, 2023).
In the context of AI, we argue that expectations about experiential

capacity are particularly consequential because they are closely
intertwined with expectations about social motivation—not just
what people think an entity is capable of but what they think it is
motivated to do. As humans are perceived as having a full mind,
capable of both evaluating someone and being socially motivated in
that evaluation, their behavior is more readily attributed to moti-
vations such as prejudice, care, or social judgment (Bigman et al.,
2023). However, because AI is perceived as lacking experiential
capacity, people are less likely to attribute social motivation to its
behavior (Bigman et al., 2023; Bigman & Gray, 2018). In the
context of receiving social support, we argue that this perceived
absence of social motivation reduces FNE when receiving AI
support. By contrast, when receiving support from another human,
people may worry that the support giver will think poorly of them,
blame them for their situation, or hold their disclosure against them.
These concerns are rooted in the perception that a human support
giver is socially motivated in the interaction—motivated to form
impressions and evaluations and potentially act on those assess-
ments. AI, perceived as lacking this social motivation, is unlikely to
produce evaluations that carry such weight.
This reasoning is consistent with findings that people are more

willing to disclose sensitive information to a virtual versus real
human interviewer (Lucas et al., 2014) and are more open to their
personal behaviors being tracked by algorithms than by humans
(Raveendhran & Fast, 2021, 2024). In these cases, the reduced threat
of evaluation appears to stem not from AI’s inability to process
information only but from perceptions that AI lacks the experiential
capacity and the social motivation to be invested in the outcomes.
Lowering FNE allows people to receive support without worrying
about how they are perceived by the support giver, alleviating social
stress and improving well-being (Crocker & Canevello, 2008;

Gleason et al., 2008). We therefore predict that people will expe-
rience lower FNE when receiving support from AI (vs. humans),
leading to improved well-being after minor aversive experiences.

The same initial expectations about AI’s low experiential capacity
also shape how people perceive the effectiveness of AI support.
Empathy—the capacity to sense, share, and respond to another’s
emotions—is a key manifestation of experience (H. M. Gray et al.,
2007) and a central ingredient in effective social support (Dakof &
Taylor, 1990). People perceive AI as having lower experiential
capacity and therefore assume it to be emotionally neutral (Jago &
Laurin, 2022) and set low baseline expectations for its empathic
responsiveness. By contrast, people expect human support givers to
draw on their own emotional experiences in providing support
(Ruttan et al., 2015) and to respond with genuine emotional depth
(Dakof & Taylor, 1990). Paradoxically, this asymmetry in ex-
pectations creates an opportunity for AI: When AI systems produce
empathic responses (Rubin et al., 2025), they are more likely to
exceed people’s modest initial expectations for empathy from AI,
whereas humans face the task of surpassing already-high baselines.
We therefore predict that people will perceive AI (vs. human)
support as exceeding their initial expectations for empathy, which
will in turn influence perceptions of support effectiveness.

In summary, both predictions stem from a common source:
people’s initial expectations about AI’s lower experiential capacity
compared with humans. People perceive AI as lacking the capacity
to experience emotions and be socially motivated. As a result, they
are less likely to fear its judgment, leading to improved well-being.
They are also more likely to find that its empathy exceeds their
expectations, leading to perceptions of support effectiveness. These
two pathways illustrate how the same set of initial expectations
about AI’s experiential capacity can shape how AI support is
experienced and perceived.

Overview of Studies

We begin with a preregistered pilot study showing that people
hold different initial expectations about AI versus humans regarding
their experiential capacity—specifically, propensity for negative
social evaluation and empathy. We then test our main predictions
across six studies (five preregistered). In Studies 1 and 2, partici-
pants report improved well-being when they believe support comes
from AI rather than a human—an effect driven by reduced FNE that
holds whether the human support giver is a coworker or a stranger.
Study 3 extends this by showing that real interactions with AI (vs.
humans) also lower FNE and improve well-being. Study 4 shows
that although people initially expect AI to be less empathic than
humans, real interactions with AI lead them to see it as surpassing
those expectations more than human support givers do. Study 5
demonstrates that these exceeded expectations enhance perceived
support effectiveness and examines alternative mechanisms. Study 6
replicates this finding in real interactions with both AI and human
support givers. Together, these studies demonstrate that initial
expectations about AI’s experiential capacity shape how people
experience and perceive AI support.

Across studies, we varied support delivery (audio, text), the
human support giver’s relational status (coworker, stranger), and the
aversive encounters that prompted the need for support. In addition
to simulation studies (Studies 1–2), four real-interaction studies
(Studies 3–6) had participants discuss actual aversive experiences
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with support givers—contexts in which support was delivered
remotely by a nonrelational human partner or AI, consistent with the
scope of our theoretical framework. We report all manipulations,
exclusions, and measures and predetermined sample sizes to ensure
80% power to detect small to medium effects. For all real-interaction
studies (Studies 3–6), prerecruitment filters were applied to exclude
participants from prior studies. This research was approved by the
first author’s institutional review board. All data, preregistrations,
andmaterials are posted on the Open Science Framework at https://ti
nyurl.com/ms4k35ns.

Pilot Study

We began by examining a foundational assumption of our model:
that, consistent with mind perception theory (Epley&Waytz, 2010),
people generally expect AI to have lower experiential capacity than
humans. Specifically, we tested whether people assume that AI
(vs. humans) has a lower capacity for socially motivated evaluations
and empathy.

Method

Participants

We recruited 199 employed U.S. adults (gender: 97 women, 102
men; age:Mage = 37.52 years, SDage = 11.94; ethnicity:1 23 African
American, 20 Asian/Asian American, 152 White, 14 Hispanic, two
Native American) through Prolific Academic in February 2025.
Participants were paid $1.00 for the study (median completion time:
approximately 3 min). We collected basic demographic information
from our participants at the end of the study; responses were vol-
untary. This was a within-subjects experiment. A sensitivity analysis
conducted using G*Power (Faul et al., 2007) indicated that with 199
participants, α = .05 (two-tailed), and 80% power, this within-
subjects design could detect effect sizes as small as dz = 0.20. There
were no exclusions. We preregistered this study on AsPredicted.org
(see https://aspredicted.org/gvby-gssn.pdf).

Procedure

In this study, participants indicated their general expectations
about humans’ and AI’s propensity for negative social evaluation
and capacity for empathy. For both sets of measures, all items began
with “In general, I expect humans [AI systems] to have the capacity
to” and were rated on a 7-point scale from 1 (strongly disagree)
to 7 (strongly agree). The order of the human and AI scales was
counterbalanced.
Participants first rated their expectations about negative social

evaluation on a three-item scale adapted from Leary’s (1983) study
(αhuman = .93; αAI = .95). The three items were “negatively judge
humans in a given situation,” “disapprove humans’ behaviors in a
given situation,” and “form negative impressions of humans in a
given situation.” Then, participants rated their expectations about
empathy on a three-item scale adapted from Davis’s (1983) study
(αhuman = .94; αAI = .92). The three items were “be concerned about
humans in a given situation,” “feel sorry for humans in a given
situation,” and “understand how humans feel in a given situation.”

Results

General Expectations of AI’s (vs. Humans’) Propensity
for Negative Social Evaluation

Consistent with our preregistration, we conducted a paired-samples
t test to examine whether there were differences in participants’
general expectations about humans’ versus AI’s propensity for
negative social evaluation. Consistent with our prediction, we found
significant differences between conditions such that participants, in
general, expected that humans had a higher propensity to form
negative social judgments (MHumans = 6.20, SD = 1.03) compared
with AI (MAI= 3.76, SD= 1.66), t(198)= 19.70, p< .001, 95%CI of
the difference [2.19, 2.68], d = 1.40, 95% CI [1.20, 1.59].

General Expectations of AI’s (vs. Humans’)
Capacity for Empathy

Consistent with our preregistration, we conducted a paired-samples
t test to examine whether there were differences in participants’ general
expectations about humans’ versus AI’s capacity for empathy.
Consistent with our prediction, we found significant differences
between conditions such that participants, in general, expected humans
to have a higher capacity for empathy (MHumans = 6.41, SD = 0.84)
compared with AI (MAI= 2.69, SD= 1.59), t(198)= 26.30, p< .001,
95% CI of the difference [3.44, 4.00], d = 1.86, 95% CI [1.63, 2.09].

In sum, these findings demonstrate that people hold markedly
different initial expectations about AI versus humans: People expect
AI to have a lower propensity for negative social evaluation and a
lower capacity for empathy than humans. We argue that these initial
expectations shape how people experience and perceive social
support from AI (vs. humans) after minor aversive encounters.

Study 1

Study 1 examined whether receiving support from AI (vs. a
human) after a minor aversive encounter would improve well-being
and whether this effect would be mediated by reduced FNE.

Method

Participants

We recruited 600 employed U.S. adults (gender: 433 women, 167
men; age: Mage = 29.67 years, SDage = 9.34; ethnicity: 48 African
American, 54 Asian/Asian American, 470 White, 42 Hispanic, five
Arab/Arab American, five Native American, seven other) through
Prolific Academic in October 2021. Participants were paid $1.00
(median completion time: approximately 9 min). We collected basic
demographic information from participants at the end of the study.
This was a between-subjects experiment in which participants were
randomly assigned to either a human support (n= 302) or AI support
(n = 298) condition. A sensitivity analysis conducted using
G*Power (Faul et al., 2007) indicated that with 600 participants, α=
.05 (two-tailed), and 80% power, this between-subjects design could
detect effect sizes as small as d = 0.23. There were no exclusions.
We preregistered this study on AsPredicted.org (see https://aspredi
cted.org/blind.php?x=/KM5_L9P).
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1 For all studies, participants checked all ethnicity categories that applied.
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Procedure

In this study, participants took part in a simulation in which they
had a rude encounter with their supervisor. Participants were
informed that they were employees in a university bookstore and
were stuck in a major traffic jam due to a road construction project
for 45 min, making them 30 min late for work. Following this, we
asked participants to listen to recordings of what their supervisor had
to say when they arrived late. In this recording, all participants heard
the supervisor talk to them rudely when they tried to explain why
they were late. Following that aversive experience, participants were
asked to describe what happened to a support giver and received
support purportedly either from a human or an AI depending on the
condition to which they were assigned. Participants in both con-
ditions were asked to write about their interaction with their
supervisor and how it made them feel and share these thoughts with
the support giver.
Next, we manipulated the support provider. Participants in the

human support condition were informed that they were sending a
chat message about this interaction to their coworker with whom
they typically discussed work situations. Participants in the AI
support condition were informed that they were sending a chat
message to an AI system. In both conditions, participants were told
that the support provider (either the human or AI) would offer
support to try to make them feel better.
After participants wrote about the interaction, they were informed

that their coworker or the AI system would read their message and
offer support. To increase realism in the simulation, participants in
both conditions were asked to wait for a short period of time while
the support provider purportedly formulated a response and then
were informed that the support provider was ready for them.
Following this, they listened to an audio recording of the support in
both conditions. Importantly, participants in both the human and AI
support conditions received the exact same support message.
Following this, all participants rated their FNE and three well-

being outcomes: negative affect, anxiety, and stress. Drawing on
research demonstrating that these represent related but distinct
negative emotional states (Lovibond & Lovibond, 1995), we as-
sessed them separately to assess well-being: Negative affect cap-
tures general emotional distress, anxiety reflects apprehensive
arousal and worry, and stress reflects perceived strain and tension.
Full manipulations are included in the Open Science Framework
repository.

Measures

Participants rated items on a scale ranging from 1(not at all) to 5
(very much).
FNE. We measured FNE using an eight-item scale developed

by Leary (1983; α = .90). The items included the following: “I feel
worried about being judged by [support giver],” “I feel that [the
support giver] noticed my shortcomings,” “I am concerned that my
behaviors were not approved of by [support giver],” “I am con-
cerned that [support giver] found faults with me,” “I am concerned
about what [support giver] thought about me,” “I am worried about
the kind of impression I made on [support giver],” “I am concerned
about how I came across to [support giver],” and “I am concerned
that I said the wrong things to [support giver].”

Negative Affect. We measured participants’ negative affect
using the 10 negative emotion items from the Job-Related Affective
Well-being Scale (VanKatwyk et al., 2000), (α= .89). Items included
“annoyed,” “frustrated,” “discouraged,” “angry,” “confused,” “furi-
ous,” “gloomy,” “anxious,” “frightened,” and “intimidated.”2

Anxiety. We measured anxiety using a four-item scale
developed by Marteau and Bekker (1992; α = .80). Items included
the following: “I feel calm” (reverse coded), “I feel tense,” “I feel
nervous,” “I feel pleasant” (reverse coded).

Stress. We measured stress using a four-item scale developed by
Stanton et al. (2001; α = .87). Items included the following: “I feel
pressured,” “I feel stressed,” “I feel irritated,” and “I feel overwhelmed.”

Results

FNE

Results of an independent-samples t test revealed significant
differences between conditions. Consistent with our prediction,
participants in the AI support condition reported feeling lower FNE
(MAI Support = 3.00, SD = 1.04) than those in the human support
condition (MHuman Support = 3.45, SD = 0.99), t(598) = −5.44, p <
.001, 95% CI of the difference [−.61, −.29], d = −.44, 95% CI
[−.61, −.28].

Negative Affect

Participants in the AI support condition reported lower feelings of
negative affect (MAI Support = 2.80, SD = 0.97) than those in the
human support condition (MHuman Support= 3.06, SD= 0.85), t(598)=
−3.46, p = .001, 95% CI of the difference [−.40, −.11], d = −.28,
95% CI [−.44, −.12].

Anxiety

Participants in the AI support condition reported lower anxiety
(MAI Support = 3.19, SD = 1.05) than those in the human support
condition (MHuman Support = 3.73, SD = 0.87), t(598) = −6.92, p <
.001, 95% CI of the difference [−.70, −.39], d = −.57, 95% CI
[−.73, −.40].

Stress

Participants in the AI support condition reported lower stress
(MAI Support = 2.97, SD = 1.23) than those in the human support
condition (MHuman Support = 3.39, SD = 1.05), t(598) = −4.50, p <
.001, 95% CI of the difference [−.60, −.24], d = −.37, 95% CI
[−.53, −.21] (see Figure 1).

Mediation Analyses

To test our prediction that FNE mediated the effect of AI (vs.
human) support on our well-being outcomes—negative affect,
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2 Our preregistration for Studies 1 and 2 also included the Positive and
Negative Affect Schedule negative affect scale (Watson & Clark, 1994) as a
separate measure (Study 1: α = .88; Study 2: α = .85). Because subsequent
studies used only the focal negative affect measure based on the Job-Related
Affective Well-being Scale, we report that measure across all studies for
consistency. All results replicate using the Positive and Negative Affect
Schedule negative affect scale (see Supplemental Materials).
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anxiety, and stress—we conducted a series of bootstrapping medi-
ation analyses using the PROCESS macro (Model 4; Hayes, 2013)
with FNE as the mediator and each of the well-being outcomes as the
dependent variable. We conducted a bootstrapping analysis based on
a resampling size of 10,000 for each of the dependent variables.
Results revealed that the 95% bias-corrected confidence interval for
the indirect effect of AI support through FNE on negative affect (95%
CI [−.26, −.11]), anxiety (95% CI [−.23, −.10]), and stress (95% CI
[−.30, −.13]) did not include zero, indicating that FNE mediated the
relationship between AI support and each of the well-being outcomes
(See Figure 2).

Study 2

In Study 1, the human support giver was a coworker—someone
familiar—which may have heightened FNE in the human condition.
In Study 2, we added a third condition in which participants received
support from a human stranger to rule out the possibility that the
effects observed in Study 1 were influenced by the support giver’s
familiarity.

Method

Participants

We recruited 1,099 employed U.S. adults (gender: 540 women,
558 men, one missing; age: Mage = 34.52 years, SDage = 10.68;

ethnicity: 97 African American, 135 Asian/Asian American, 807
White, 90 Hispanic, six Arab/Arab American, 16 Native American,
13 other) through Prolific Academic in January 2021. Participants
were paid $1.00 (median completion time: approximately 9 min).
We collected basic demographic information at the end of the
study. This was a between-subjects experiment in which partici-
pants were assigned to one of three conditions: human support
stranger (n = 365), human support coworker (n = 367), and AI
support (n= 367). A sensitivity analysis conducted using G*Power
(Faul et al., 2007) indicated that with 1,099 participants, α = .05,
and 80% power, this between-subjects design could detect effect
sizes as small as f = 0.09. There were no exclusions. We pre-
registered this study on AsPredicted.org (see https://aspredicted
.org/LYE_XRE).

Procedure

The procedure was identical to Study 1, with the addition of the
third condition. After the aversive encounter, participants in all three
conditions received the same support message via an audio
recording as in Study 1. Only the described source of the support
varied: Participants were informed that the support came from a
coworker (human coworker condition), a person who worked at a
support hotline (human stranger condition), or an AI system (AI
condition). Full manipulations are included in the Open Science
Framework repository.
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Figure 1
Participants Reported Lower Fear of Negative Evaluation, Lower Negative Affect, Lower Anxiety, and Lower
Stress After AI Support (Study 1)

Note. Error bars represent 95% confidence interval.
** p < .01. *** p < .001.
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Measures

Participants rated items on a scale ranging from 1 (not at all) to 5
(very much). We measured FNE (α = .92), negative affect (α = .90),
anxiety (α = .78), and stress (α = .87) using the same scales as in
Study 1 (see Footnote 1).

Results

FNE

Results of a one-way ANOVA revealed significant differences in
FNE between the three conditions, F(2, 1096)= 14.69, p< .001, η2=
.03, 95% CI [.01, .05]. As expected, participants in the AI support
condition (MAI support= 2.80, SD= 1.11) reported lower levels of FNE
than those in the human support coworker (Mhuman-coworker = 3.21,
SD = 1.04; p < .001) and human support stranger (Mhuman-stranger =
3.12, SD = 1.08; p < .001) conditions. There were no significant
differences between the two human conditions (p = .29).

Negative Affect

Results of a one-way ANOVA indicated significant differences
among the three conditions,F(2, 1095)= 6.17, p= .002, η2= .01, 95%
CI [.002, .03]. Participants in the AI support condition (MAI support =
2.71, SD = 0.99) reported lower levels of negative affect than those in

the human support coworker (Mhuman-coworker = 2.92, SD = 0.94; p =
.003) and in the human support stranger (Mhuman-stranger = 2.93, SD =
0.94; p = .002) conditions, and there were no significant differences
between the two human conditions (p = .87).

Anxiety

A one-way ANOVA revealed significant differences between the
three conditions, F(2, 1096) = 12.18, p < .001, η2 = .02, 95% CI
[.007, .04]. Participants in the AI support condition (MAI support =
3.26, SD = 0.95) reported lower levels of anxiety than those in the
human support coworker (Mhuman-coworker = 3.59, SD = 0.91; p <
.001) and in the human support stranger (Mhuman-stranger = 3.50,
SD = 0.97; p < .001) conditions, and there were no differences
between the two human conditions (p = .19).

Stress

A one-way ANOVA revealed significant differences between the
three conditions, F(2, 1096) = 8.76, p < .001, η2 = .02, 95% CI
[.004, .03]. Participants in the AI support condition (MAI support =
2.95, SD = 1.19) reported lower levels of stress than those in the
human support coworker (Mhuman-coworker = 3.25, SD = 1.09; p <
.001) and human support stranger (Mhuman-stranger= 3.25, SD= 1.11;
p < .001) conditions, and there were no differences between the two
human conditions (p = .92; see Figure 3).

Mediation Analyses

Given the categorical nature of our independent variable (human
coworker, human stranger, and AI conditions), we used the indicator
coding procedure described by Hayes and Preacher (2013) with
10,000 bootstrap resamples to calculate the indirect effects of AI
support on our well-being outcomes via FNE. The AI condition was
specified as the reference group. For interpretive clarity, we reverse
coded the resulting contrasts such that negative coefficients indicate
lower anxiety in the AI condition relative to the human conditions.
When compared with the human stranger condition, AI support had
a significant indirect effect via FNE on negative affect (95% CI
[−.22, −.07]), anxiety (95% CI [−.19, −.06]), and stress (95% CI
[−.26, −.09]). Similarly, when compared with the human coworker
condition, AI support had a significant indirect effect via FNE on
negative affect (95% CI [−.26, −.12]), anxiety (95% CI [−.22,
−.09]), and stress (95% CI [−.31, −.14]; see Figure 4).

Consistent with our preregistered analysis plan, we also combined
the two human conditions (human stranger and human coworker) and
compared this combined condition with the AI condition by con-
ducting independent-samples t tests. Consistent with our predictions
and findings from Study 1, participants in the AI support condition
reported feeling lower FNE than those in the combined human
support condition, MAI Support = 2.80, SD = 1.11; MHuman Support =
3.17, SD= 1.06, t(1097) = −5.32, p < .001, 95% CI of the difference
[−.50, −.23], d = −.34, 95% CI [−.47, −.21]. Furthermore, parti-
cipants experienced improved well-being outcomes in the AI support
condition than this combined human support condition across all
indicators of well-being (i.e., lower negative affect, lower anxiety,
and lower stress). Specifically, participants in the AI support con-
dition reported feeling lower negative affect,MAI Support= 2.71, SD=
0.99; MHuman Support = 2.93, SD = 0.94, t(1096) = −3.51, p < .001,
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Figure 2
Fear of Negative Evaluation Mediates the Effect of AI Support (vs.
Human Support) on Well-Being (Negative Affect, Anxiety, Stress;
Study 1)

Note. Values represent unstandardized coefficients, with standard errors in
parentheses. CI = confidence interval.
* p < .05. *** p < .001.
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95%CI of the difference [−.34,−.09], d=−.23, 95%CI [−.35,−.10];
lower anxiety, MAI Support = 3.26, SD = 0.95; MHuman Support = 3.55,
SD= 0.94, t(1097)=−4.76, p< .001, 95%CI of the difference [−.41,
−.17], d = −.30, 95% CI [−.43, −.18]; and lower stress,MAI Support =
2.95, SD = 1.19;MHuman Support = 3.25, SD = 1.10, t(1097) = −4.19,
p < .001, 95% CI of the difference [−.44, −.16], d = −.27, 95% CI
[−.39, −14], than those in the combined human support condition.
We also examined whether FNE mediated the effect of AI support

compared with the combined human conditions on the well-being
measures by conducting a series of bootstrapping mediation analyses
based on a resampling size of 10,000 using the PROCESS macro
(Model 4; Hayes, 2013) with FNE as themediator and each of thewell-
being outcomes as dependent variables. Results revealed that the 95%
bias-corrected confidence interval for the indirect effect of AI support
through FNE on negative affect (95% CI [−.23, −.10]), anxiety (95%
CI [−.19, −.09]), and stress (95% CI [−.27, −.12]) did not include
zero, indicating that FNEmediated the relationship betweenAI support
and each of the well-being outcomes (see Figure 5).
In sum, these results suggest that receiving support fromAI elicits

lower FNE than receiving support from a human—whether a

coworker or a stranger—which, in turn, is associated with better
well-being outcomes.

Study 3

Studies 1 and 2 provided evidence that AI (vs. human) support
after minor aversive encounters evokes lower FNE, which is
associated with better well-being outcomes. However, both studies
used simulated support interactions with scripted responses. In
Study 3, participants described their own aversive experience and
received support in real time from a human or AI support giver,
providing a more ecologically valid test of our predictions.

Method

Participants

We recruited 448 employed U.S. adults (gender: 196 women, 245
men, seven other; age:Mage = 39.10 years, SDage = 12.88; ethnicity:
39 African American, 47 Asian/Asian American, 283 White, 33
Hispanic, one Arab/Arab American, five other) through Prolific
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Figure 3
Participants Reported Lower Fear of Negative Evaluation, Lower Negative Affect, Lower Anxiety, and Lower Stress After AI
Support Relative to Human (Stranger and Coworker) Support (Study 2)

Note. Error bars represent 95% confidence interval. ns = nonsignificant.
** p < .01. *** p < .001.
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Academic in July to August 2023. In the human support condition,
we recruited an additional 222 (gender: 85 women, 136 men; age:
Mage = 39.79 years, SDage = 12.48) individuals to serve as support
givers who interacted in real time with participants; no measures were
collected from these individuals.3 Participants were paid between
$2.00 and $2.60 for the study (median completion time: approximately
9 min). We collected basic demographic information from our par-
ticipants at the end of the study. This was a between-subjects
experiment in which participants were randomly assigned to either a
human support (n = 222) or AI support (n = 226) condition. A
sensitivity analysis conducted using G*Power (Faul et al., 2007)
indicated that with 448 participants, α = .05 (two-tailed), and 80%
power, this between-subjects design could detect effect sizes as small
as d = 0.27. There were no exclusions. We preregistered this study on
AsPredicted.org (see https://aspredicted.org/9NX_J8F).

Procedure

In this study, participants interacted in real time4 with the support
giver—human or AI depending on the condition they were ran-
domly assigned to. All participants were first asked to think about
the last time they had a bad encounter with another person and
describe what happened and how they felt. Participants described a
range of minor aversive social experiences, such as being treated
rudely by a stranger at a restaurant, being cut off while driving,
dealing with a disrespectful neighbor, or having a disagreement with
a coworker. They then sent this description to their assigned support
giver via the chat interface.
AI Condition. To enable real-time interactions between par-

ticipants and the AI, we created a customized AI chatbot interface

using the OpenAI software development kit powered by GPT-3.5
Turbo (https://openai.com/). This custom interface allowed us to
preset the role and the goal for the AI while leveraging a ChatGPT-
like experience. This AI model acted as a support giver and provided
supportive responses to participants to help them feel better about
their situation.

Human Condition. To enable real-time interactions between
participants and a human support giver, we used ChatPlat, an online
application validated in prior research that allows researchers to
design chat interfaces wherein people can interact in real time (e.g.,
Huang et al., 2017; Wolf et al., 2016). Participants were informed
that they would interact with another person participating in this
study and were randomly paired with a person recruited to play the
role of the support giver. The human support giver was instructed to
provide support to help them feel better about their situation.

In both conditions, we customized the chat interface such that
each participant would be able to send only one message to the
support giver and the support giver would also be able to send only
one message as a reply. This allowed us to control for conversation
length within and between the experimental conditions. After
receiving the support message, participants in both conditions
provided their ratings on FNE and the three well-being outcomes—
negative affect, anxiety, and stress—used in previous studies.
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Figure 4
Fear of Negative Evaluation Mediates the Effect of AI Support (vs. Human Support) on Well-Being (Negative Affect, Anxiety,
Stress; Study 2)

Note. Values represent unstandardized coefficients, with standard errors in parentheses. CI = confidence interval.
† p < .10. ** p < .01. *** p < .001.

3 In the human condition, we overrecruited to account for issues with real-
time pairings.

4 Across all real interaction studies (Studies 3–6), we conducted post hoc
data quality checks to identify participants who self-reported technical
difficulties. Full details, including exclusion rates and robustness analyses,
are reported in the Supplemental Materials.
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Measures

Unless otherwise noted, participants rated items on a scale
ranging from 1 (not at all) to 5 (very much). We measured FNE (α =
.94), negative affect (α = .91), anxiety (α= .77), and stress (α= .85)
using the same scales as in previous studies.

Results

As preregistered, we examined (a) whether there were differences
in FNE ratings between the AI and the human conditions and (b)
whether FNE mediated the effect of AI (vs. human) support on the
well-being outcomes. Consistent with previous studies, we expected
(and preregistered) an indirect effect of AI support on our well-being
outcomes, via FNE. Unlike Studies 1 and 2, where all participants
received identical support in both conditions, in this study each
participant received unique support from their partner, introducing
substantial variance in the quality of the support participants
received. We therefore preregistered the indirect effect through FNE
but did not expect (nor preregister) a main effect of support source
on the well-being measures.5

FNE

Consistent with our preregistration, we first examined whether
support source influenced FNE. Results of an independent-samples t

test revealed significant differences between conditions. Consistent
with our prediction, participants in the AI support condition reported
feeling lower FNE (MAI Support = 1.39, SD = 0.62, 95% CI [1.31,
1.48]) than those in the human support condition (MHuman Support =
1.74, SD = 0.96, 95% CI [1.61, 1.87]), t(446) = −4.53, p < .001,
95% CI of the difference [−.49, −.20], d = −.43, 95% CI
[−.61, −.24].

Mediation Analyses

Next, consistent with our preregistration, we explored whether
FNE mediated the effect of support source on well-being. To
examine this relationship, we conducted a series of bootstrapping
mediation analyses using the PROCESS macro (Model 4; Hayes,
2013) with FNE as the mediator and each of the well-being
outcomes as dependent variables. We conducted a bootstrapping
analysis based on a resampling size of 10,000 for each of the
dependent variables.

Consistent with our prediction and findings from previous
studies, results revealed that the 95% bias-corrected confidence
interval for the indirect effect of AI support through FNE on
negative affect (95% CI [−.17, −.04]), anxiety (95% CI [−.18,
−.05]), and stress (95% CI [−.18, −.05]) did not include zero,
indicating that FNE mediated the relationship between AI support
and each of the well-being measures (see Figure 6). In sum, our
findings revealed that when having real interactions with an AI (vs.
human) support giver, people experienced lower FNE, and this, in
turn, mediated the effect of AI support on negative affect, anxiety,
and stress.

Textual Analysis

It is possible that participants disclosed different types of
information to AI versus human support givers that could influence
how they experienced the support interaction. To explore this, we
conducted an exploratory textual analysis of participants’ interac-
tions to examine whether there were systematic differences in the
content that participants shared across the two conditions. To do so,
we leveraged the Linguistic Inquiry and Word Count method
(LIWC; Pennebaker et al., 2015), which uses prevalidated dictio-
naries to quantitatively analyze text (Kacewicz et al., 2014).

Because our goal was to examine whether participants described
their negative experiences differently across conditions, we used
LIWC dictionaries related to negative emotion, anxiety, anger, and
sadness. In other words, we focused on whether participants ex-
pressed different levels of distress when writing to AI versus human
support givers. Results indicated that there were no significant
differences in any of these indicators: negative emotions, Mhuman =
4.69, SDhuman = 3.04; MAI = 4.73, SDAI = 3.48; F(1, 446) = .02,
η2 = .00, 95% CI [.000, .007]; anxiety, Mhuman = 1.15, SDhuman =
1.39;MAI = 1.28, SDAI = 1.73; F(1, 446) = .76, p = .39, η2 = .002,
95% CI [.000, .018]; anger, Mhuman = 1.61, SDhuman = 1.80; MAI =
1.56, SDAI = 2.16; F(1, 446) = .07, p = .79, η2 = .00, 95% CI [.000,
.010]; or sadness,Mhuman = .53, SDhuman = 1.07;MAI = .50, SDAI =
1.05; F(1, 446) = .06, p = .81, η2 = .00, 95% CI [.000, .009],
between the two conditions. Thus, our findings suggest that
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Figure 5
Fear of Negative Evaluation Mediates the Effect of AI Support (vs.
Human Support) on Well-Being (Negative Affect, Anxiety, Stress;
Study 2—Human Stranger and Coworker Combined)

Note. Values represent unstandardized coefficients, with standard errors in
parentheses. CI = confidence interval.
† p < .10. ** p < .01. *** p < .001.

5 We did not find significant differences between conditions on any of the
well-being measures (p = .45 − .73).
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participants did not systematically differ in what they shared with AI
versus human support givers.

Study 4

Studies 1–3 provided evidence that AI (vs. human) support after
minor aversive encounters evokes lower FNE, which, in turn, is
associated with better well-being outcomes. Study 4 turns to the
second pathway in our model: perceptions of AI support.
Specifically, we tested whether people’s initial expectation that AI
has a lower capacity for empathy than humans creates an oppor-
tunity for AI to exceed those empathy expectations more than
human support givers.

Method

Participants

We recruited 499 employed U.S. adults (gender: 286 women, 213
men; age: Mage = 37.24 years, SDage = 11.94; ethnicity: 93 African
American, 39 Asian/Asian American, 336 White, 39 Hispanic, six
Arab/Arab American, 10 Native American, six other) through
Prolific Academic in November 2024. Participants were paid $2.00
(median completion time: approximately 9 min). We collected basic
demographic information from participants at the end of the study.

This was a between-subjects experiment in which participants were
randomly assigned to either a human support (n= 248) or AI support
(n = 251) condition. A sensitivity analysis conducted using
G*Power (Faul et al., 2007) indicated that with 499 participants, α=
.05 (two-tailed), and 80% power, this between-subjects design could
detect effect sizes as small as d = 0.25. There were no exclusions.
We preregistered this study on AsPredicted.org (see https://aspredi
cted.org/b3r8-r9t8.pdf).

Procedure

In this study, participants first indicated their general expectations
about humans’ and AI’s capacity for empathy using the same three-
item scale as in the pilot study (adapted from Davis, 1983; αhuman =
.91; αAI = .91). All ratings were made on a 7-point scale from 1
(strongly disagree) to 7 (strongly agree). Following this, partici-
pants were informed that they would interact with another person
(human condition) or an AI system (AI condition) to receive support
related to an aversive encounter they had and answer questions
about this interaction.

Custom Chatbot for Real-Time Interaction. We built a
custom chatbot interface using the OpenAI software development
kit, leveraging theGPT-4omodel, one of themost advancedAImodels
available at the time of this study that has been consistently rated by
human evaluators as producing high-quality, coherent, and contex-
tually relevant responses.We preset the role and the goal for the AI and
also designed the chatbot tomaintain sufficientmemory throughout the
session. This allowed participants to engage in multiple back-and-forth
exchanges while ensuring that responses remained contextually
grounded throughout the conversation. This AI model acted as a
support giver and provided supportive responses to participants’ input.

Real-Time Interactions With the Support Giver. In both
conditions, all participants interacted in real time with the same AI
chatbot. We experimentally manipulated their beliefs about who they
were interactingwith to isolate the effect of psychological expectations,
independent of any actual differences in support quality. Participants in
the human condition were informed that they were interacting with a
personwhoworked at a support hotline and was trained to help them.
In the AI condition, participants were informed that they were
interacting with an AI chatbot that was trained to help them.

Participants in both conditions were asked to think about the last
time they had a negative encounter with another person and describe
what happened and how they felt. They sent this as a message via the
chat interface we created to enable participants to interact with the
support giver in real time. Participants then received a supportive
response and were able to have back-and-forth exchanges with the
support giver.

Following this, participants indicated the extent to which the
support giver met their expectations for empathy on the following
item: “Please indicate the extent to which [the support giver] met your
expectations for empathy”: 0 (less empathetic than I expected), 50 (as
empathetic as I expected), and 100 (more empathetic than I expected).

Results

General Expectations of Capacity for Empathy

Consistent with our preregistration, we conducted a paired-
samples t test to examine whether there were differences in
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Figure 6
Fear of Negative Evaluation Mediates the Effect of AI Support (vs.
Human Support) on Well-Being (Negative Affect, Anxiety, Stress;
Study 3)

Note. Values represent unstandardized coefficients, with standard errors in
parentheses. CI = confidence interval.
† p < .10. * p < .05. *** p < .001.
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participants’ general expectations about humans’ versus AI’s
capacity for empathy prior to the real-time interaction with the
support giver. Consistent with our predictions, results revealed
significant differences such that participants expected AI to have
lower capacity for empathy (MAI = 2.77, SD = 1.71) compared with
humans, MHumans = 6.18, SD = 1.03, t(498) = −35.83, p < .001,
95% CI of the difference [−3.59, −3.22], d = −1.60, 95% CI
[−1.74, −1.47].

Postsupport Perceptions About Empathy Expectations

Next, we examined whether AI exceeded participants’ empathy
expectations more than the human support giver after the real-time
interaction. Consistent with our prediction, results of an indepen-
dent-samples t test revealed that participants in the AI support
condition indicated that AI exceeded their expectations for empathy
(MAI Support = 71.92, SD = 21.76) more than participants in the
human support condition (MHuman Support = 65.49, SD = 24.22),
t(497) = 3.12, p = .002, 95% CI of the difference [2.38, 10.48], d =
.28, 95% CI [.10, .46].

Textual Analysis

Similar to Study 3, we explored whether participants disclosed
different types of information to AI versus human support givers
through an exploratory textual analysis of participants’ interactions
using LIWC (Pennebaker et al., 2015). Similar to Study 3, our
goal was to examine whether participants expressed different levels
of distress when writing to AI versus human support givers.
Therefore, we used LIWC dictionaries related to negative emotion,
anxiety, anger, and sadness. Results indicated that there were no
significant differences between the two conditions in any of these
indicators: negative emotions,Mhuman = 4.84, SDhuman = 5.01;MAI =
4.14, SDAI= 2.91; F(1, 497)= 3.71, p= .06, η2= .007, 95%CI [.000,
.029]; anxiety, Mhuman = 1.06, SDhuman = 1.29; MAI = 1.01, SDAI =
1.29; F(1, 497) = .19, p = .66, η2 = .00, 95% CI [.000, .011]; anger,
Mhuman= 1.94, SDhuman= 4.61;MAI= 1.40, SDAI= 1.78; F(1, 497)=
3.02, p= .08, η2= .006, 95%CI [.000, .027]; or sadness,Mhuman= .54,
SDhuman= 1.06;MAI= .52, SDAI= 1.11;F(1, 497)= .06, p= .81, η2=
.00, 95% CI [.000, .008].
In sum, although people generally expect AI to have a lower

capacity for empathy than humans, they perceived AI as exceeding
those expectations to a greater degree than humans after receiving
support. Notably, all participants interacted with the same chatbot,
differing only in whether it was labeled as AI or human, highlighting
the role of psychological expectations in shaping these perceptions.

Study 5

Study 4 established that people’s initial expectation that AI has a
lower capacity for empathy creates an opportunity for AI to exceed
those expectations more than human support givers. Study 5 took
the next step by testing whether this tendency for AI to exceed
empathy expectations, in turn, drives greater perceived support
effectiveness. In addition, we explored two alternative mechanisms
that could also contribute to perceptions of AI support effectiveness:
the belief that the support giver might help deal with future problems
and the sense that one can express negative emotions more freely.6

Method

Participants

We recruited 294 employed U.S. adults (gender: 179 women, 115
men; age: Mage = 40.88 years, SDage = 17.93; ethnicity: 64 African
American, 16 Asian/Asian American, 201 White, 11 Hispanic,
six Native American, three other) through Prolific Academic in
September 2024. Participants were paid $2.00 for the study (median
completion time: approximately 13 min). We collected basic
demographic information from our participants at the end of the
study. This was a between-subjects experiment in which participants
were randomly assigned to either a human support (n = 135) or AI
support (n = 159) condition. A sensitivity analysis conducted using
G*Power (Faul et al., 2007) indicated that with 294 participants, α=
.05 (two-tailed), and 80% power, this between-subjects design could
detect effect sizes as small as d = 0.33. There were no exclusions.

Procedure

As in Study 4, participants in both conditions engaged in real-time
interactions with the same custom chatbot interface developed
using OpenAI’s software development kit, leveraging GPT-4o.
Participants in the human condition were informed that they were
interacting with a person who worked at a support hotline who was
trained to help them, while those in the AI condition were informed
that they were interacting with an AI chatbot that was trained to help
them. In both conditions, participants were asked to think about the
last time they had a negative encounter with another person and
describe what happened and how they felt. They sent this as a
message via the chat interface, received a supportive response, and
were able to engage in back-and-forth exchanges with the support
giver. Following the interaction, participants indicated the extent to
which the support giver met their expectations for empathy, rated
their perceptions of support effectiveness, and provided ratings for
two exploratory measures for alternative mechanisms.

Measures

Postsupport Perceptions About Empathy Expectations. Par-
ticipants indicated the extent to which the support giver met their
expectations for empathy using the same item as in Study 4: “Please
indicate the extent to which [the support giver] met your ex-
pectations for empathy”: 0 (less empathetic than I expected),
50 (as empathetic as I expected), and 100 (more empathetic than I
expected).

Perceptions of Support Effectiveness. We measured per-
ceptions of support effectiveness using a three-item scale developed
for this study that reflected and matched the actual measures of well-
being (i.e., anxiety, stress, negative affect) used in Studies 1–3, so
that they appropriately reflected people’s perceptions of the extent to
which their interaction with the support giver (human vs. AI) re-
sulted in reducing these specific outcomes after negative encounters.
These items included the following: “I can really count on this form
of support to help me feel less anxious after negative encounters,”
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6 This study was not preregistered; it was originally conducted as a
supplemental study to provide an initial test of the empathy expectations
pathway while also exploring alternative mechanisms identified during the
review process.

12 RAVEENDHRAN AND FOULK



“I can really count on this form of support to help me feel less
stressed after negative encounters,” and “I can really count on this
form of support to help me improve my mood after negative en-
counters” (α = .97).
Exploratory Alternative Mechanisms. We measured two

potential alternative mechanisms on a 7-point scale from 1 (strongly
disagree) to 7 (strongly agree): the possibility that the support giver
might help deal with future negative encounters (“[Alex/This AI
system] can help me deal with other issues in the future”) and the
possibility that one might express negative emotions more freely
when interacting with the support giver (“When talking with [Alex/
This AI system], I was able to express my negative emotions more
freely”).

Results

Postsupport Perceptions About Empathy Expectations

Consistent with Study 4, results of an independent-samples t test
revealed that participants in the AI support condition reported that the
support giver exceeded their expectations for empathy (MAI Support =
59.27, SD = 23.98) more than participants in the human support
condition (MHuman Support = 50.13, SD = 28.82), t(292) = 2.97, p =
.003, 95% CI of the difference [3.07, 15.20], d = .35, 95%
CI [.12, .58].

Perceptions of Support Effectiveness

An independent-samples t test revealed that participants in the AI
support condition perceived the support they received as more
effective (MAI Support = 3.00, SD= 1.18) compared with participants
in the human support condition (MHuman Support = 2.59, SD = 1.33),
t(292) = 2.86, p = .005, 95% CI of the difference [.13, .71], d = .33,
95% CI [.10, .56].

Mediation Analyses

We conducted a bootstrapping mediation analyses using the
PROCESS macro (Model 4; Hayes, 2013) based on a resampling
size of 10,000 with exceeded empathy expectations as the mediator
and perceptions of support effectiveness as the dependent variable.
The 95% bias-corrected confidence interval for the indirect effect of
AI support through postsupport perceptions of exceeding empathy
expectations on perceptions of support effectiveness (95% CI [.10,
.54]) did not include zero, indicating that exceeded empathy ex-
pectations mediated the effect of support source (AI vs. human) on
perceptions of support effectiveness (see Figure 7).

Alternative Mechanisms

We also explored two potential alternative mechanisms that could
drive perceptions of support effectiveness. It is possible that one of
the reasons people perceive AI support as more effective than
human support is that they believe this form of support might help
them deal with other issues in the future. Therefore, we began by
exploring whether there were differences between conditions on this
variable. An independent-samples t test revealed that participants in
the AI support condition perceived the support giver as more likely
to help deal with issues in the future (MAI Support = 3.34, SD =
1.23) compared with participants in the human support condition

(MHuman Support = 2.65, SD = 1.41), t(292) = 4.47, p < .001, 95% CI
of the difference [.39, .99], d = .52, 95% CI [.29, .76].

Similarly, it is possible that people feel that they are more able to
express their negative emotions freely when disclosing to AI versus
humans, and this could also lead them to perceive AI support as
more effective than human support. We explored this possibility as
well. An independent-samples t test revealed that participants in the
AI support condition perceived that they could express their neg-
ative emotions more freely (MAI Support = 3.43, SD = 1.26) com-
pared with those in the human support condition (MHuman Support =
2.91, SD = 1.38), t(292) = 3.36, p < .001, 95% CI of the difference
[.21, .82], d = .39, 95% CI [.16, .62].

Mediation Analyses. To test whether exceeded empathy ex-
pectations remained a significant mediator when controlling for these
alternative mechanisms, we conducted bootstrapping mediation
analyses using the PROCESS macro (Model 4; Hayes, 2013) based
on a resampling size of 10,000 with all three variables—exceeded
empathy expectations, ability to help deal with future issues, and
ability to share negative emotions freely—as parallel mediators, with
perceptions of support effectiveness as the dependent variable. The
indirect effect through exceeded empathy expectations remained
significant (95% CI [.02, .15]), indicating that exceeded empathy
expectations mediated the effect of support source on perceived
effectiveness even when accounting for these alternative mechan-
isms. In addition, the indirect effects through ability to deal with
future issues (95% CI [.21, .56]) and ability to share negative
emotions freely (95% CI [.04, .22]) were also significant, suggesting
that these variables may also contribute to perceptions of AI support
effectiveness (see Figure 8).

Textual Analysis

We used the LIWC (Pennebaker et al., 2015) to explore whether
participants’ expression of negative emotions, anxiety, anger, and
sadness differed across the AI and human conditions. We found no
significant differences between the two conditions for negative
emotions,Mhuman= 4.47, SDhuman= 2.92;MAI= 4.81, SDAI= 3.95;
F(1, 292) = .68, p = .41, η2 = .002, 95% CI [.000, .026]; anxiety,
Mhuman= 1.13, SDhuman= 1.54;MAI= 1.18, SDAI= 1.51;F(1, 292)=
.07, p = .79, η2 = .000, 95% CI [.000, .014]; anger, Mhuman = 1.56,
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Figure 7
Exceeded Empathy Expectations Mediate the Effect of AI Support
(vs. Human Support) on Perceptions of Support Effectiveness
(Study 5)

Note. Values represent unstandardized coefficients, with standard errors in
parentheses. CI = confidence interval.
** p < .01. *** p < .001.
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SDhuman = 1.69;MAI = 2.06, SDAI = 3.51; F(1, 292) = 2.33, p = .13,
η2 = .008, 95% CI [.000, .040]; or sadness,Mhuman = .42, SDhuman =
0.79; MAI = .44, SDAI = 0.88; F(1, 292) = .05, p = .82, η2 = .000,
95% CI [.000, .014].
In sum, exceeded empathy expectations mediated the effect of

AI support on perceived support effectiveness, and, importantly,
this hypothesized indirect effect remained significant even when
accounting for two alternative mechanisms. Participants also per-
ceived AI as more helpful for resolving similar problems in the
future and felt more able to express negative emotions freely when
interacting with AI. These alternative mechanisms also partly drove
the effect of AI support on perceived support effectiveness—a point
we return to in the General Discussion section.

Study 6

Study 6 sought to replicate the empathy expectations effects
observed in Studies 4 and 5 in a more ecologically valid setting.
Participants interacted with either an actual human support giver or
an AI chatbot in a live supportive exchange. We hypothesized that
perceptions of AI (vs. human) support givers exceeding expecta-
tions for empathy would drive perceived support effectiveness.

Method

Participants

We recruited 401 employed U.S. adults (gender: 206 women,
194 men, one undisclosed; age: Mage = 37.67 years, SDage =
11.68; ethnicity: 71 African American, 28 Asian/Asian American,
283 White, 28 Hispanic, three Arab/Arab American, seven Native
American, three other) through Prolific Academic in November
2024. Participants were paid between $2.00 and $3.00 for the
study (median completion time: approximately 10 min). This was
a between-subjects experiment in which participants were

randomly assigned to either a human support (n = 200) or AI
support (n = 201) condition. A sensitivity analysis conducted
using G*Power (Faul et al., 2007) indicated that with 401 par-
ticipants, α = .05 (two-tailed), and 80% power, this between-
subjects design could detect effect sizes as small as d = 0.28. We
preregistered this study on AsPredicted.org (see https://aspredicte
d.org/pxq7-rxt7.pdf).

Procedure

In this study, participants interacted in real time with their support
giver, either a human or AI depending on the condition they were
randomly assigned to.

AI Condition. To enable real-time interactions in the AI
condition, we used the same customized AI chatbot that we
developed and used in Studies 4 and 5, leveraging the GPT-4o
model. Similar to previous studies, participants were informed that
they would interact with an AI about a difficult social encounter and
receive support. They wrote about the last time they had a negative
encounter with another person and sent this as a chat message to the
AI via our chat interface. Participants then received a supportive
response from the AI and were able to converse back and forth. After
this interaction, participants rated their perceptions of AI support.

Human Condition. To enable real-time interactions in the
human condition, we again used ChatPlat. Unlike Study 3, where
participants exchanged only a single message, participants in this
study were able to converse back and forth with their human support
giver. Participants were informed that they would interact with
another person participating in this study about a difficult social
encounter and receive support. They wrote about the last time they
had a negative encounter with another person and sent this as a chat
message to the human support giver via ChatPlat. Participants then
received a supportive response and were able to converse back and
forth with the support giver. After this interaction, participants rated
their perceptions of human support.

Measures

Postsupport Perceptions About Empathy Expectations. Par-
ticipants indicated the extent to which the support giver met their
expectations for empathy using the same item as in Studies 4 and 5:
“Please indicate the extent to which [the support giver] met your
expectations for empathy”: 0 (less empathetic than I expected), 50
(as empathetic as I expected), and 100 (more empathetic than I
expected).

Perceptions of Support Effectiveness. We measured percep-
tions of support effectiveness using the same three-item scale used in
Study 5, which assessed participants’ perceptions of the extent to
which they could count on the support to reduce their anxiety, stress,
and negative affect after negative encounters (α = .96).

Results

We examined whether people’s perceptions that AI (vs. human)
support exceeded their expectations for empathy mediated per-
ceptions of support effectiveness. Thus, we expected and pre-
registered an indirect effect of support source on perceptions of
support effectiveness through exceeded empathy expectations.
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Figure 8
Exceeded Empathy Expectations Mediate the Effect of AI Support
(vs. Human Support) on Perceived Support Effectiveness (Even
When Accounting for Two Additional Mechanisms; Study 5)

Note. Values represent unstandardized coefficients, with standard errors in
parentheses. CI = confidence interval.
* p < .05. ** p < .01. *** p < .001.
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To examine this relationship, we conducted bootstrapping
mediation analyses using the PROCESS macro (Model 4; Hayes,
2013) based on a resampling size of 10,000 with exceeded empathy
expectations as the mediator and perceptions of support effec-
tiveness as the dependent variable. Consistent with our prediction,
results revealed that the 95% bias-corrected confidence interval
for the indirect effect of AI support through exceeded empathy
expectations on perceptions of support effectiveness (95% CI
[.002, .31]) did not include zero, indicating that exceeded empathy
expectations mediated the relationship between AI support and
perceived effectiveness of this support (see Figure 9). In sum, in a
real-time interactive support context, participants perceived that AI
exceeded their expectations for empathy, which in turn drove
perceptions of support effectiveness.7

Textual Analysis

As in previous studies, we used LIWC (Pennebaker et al., 2015)
to explore whether participants disclosed different types of infor-
mation and expressed varying levels of distress to AI versus human
support givers using dictionaries for negative emotion, anxiety,
anger, and sadness. Results indicated that there were no significant
differences between the two conditions in negative emotions,
Mhuman= 4.29, SDhuman= 2.94;MAI= 4.84, SDAI= 3.14;F(1, 399)=
3.27, p= .07, η2= .008, 95%CI [.000, .034]; anxiety,Mhuman= 1.01,
SDhuman = 1.21;MAI = 1.25, SDAI = 1.68; F(1, 399) = 2.80, p = .10,
η2 = .007, 95% CI [.000, .032]; anger, Mhuman = 1.51,
SDhuman = 1.94;MAI = 1.69, SDAI = 2.00; F(1, 399) = .79, p = .38,
η2 = .002, 95% CI [.000, .020]; or sadness,Mhuman = .56, SDhuman =
1.26; MAI = .47, SDAI = 1.01; F(1, 399) = .62, p = .43, η2 = .002,
95% CI [.000, .018], between the two conditions. Thus, our findings
suggest that participants did not systematically differ what they shared
with AI versus human support givers.
In sum, Study 6 provided converging evidence for the empathy

expectations pathway in a real-time interactive support context.
Participants who received support from an AI chatbot perceived that
it exceeded their expectations for empathy, and this perception
mediated the effect of AI support on perceived support effective-
ness. These findings replicate the pattern observed in Studies 4 and
5, extending it to a more ecologically valid setting featuring live
exchanges with actual human and AI support givers.

General Discussion

Through six experiments (five preregistered), we examined how
initial psychological expectations about AI versus humans shape
people’s experiences and perceptions of social support after minor
aversive encounters. Studies 1–3 showed that participants experi-
enced lower FNE when receiving support from AI (vs. humans),
which in turn led to improved well-being outcomes. Studies 4–6
revealed that participants perceived AI as exceeding their initial
expectations for empathy relative to human support givers, which
drove perceptions of support effectiveness. These effects replicated
across different support modalities (audio and text based), support
giver characteristics (familiar and unfamiliar), and types of aversive
encounters. Importantly, they emerged in both controlled simulation
studies and more ecologically valid studies featuring interactions
with AI and humans. Together, these findings indicate that initial
psychological expectations about AI, particularly regarding its
propensity for negative evaluation and capacity for empathy relative
to humans, shape how people experience and perceive AI support.

Contributions to Theory

Our work makes several contributions to social psychological
research. First, we contribute to the growing literature on the
psychology of AI (Bigman et al., 2023; Newman et al., 2020;
Raveendhran & Fast, 2021) and extend mind perception theory
(H. M. Gray et al., 2007). Research drawing on mind perception
theory has predominantly suggested that people respond more
negatively to AI in social roles because AI is perceived as having
lower experiential capacity—the ability to feel emotions and hold
social motivations—than humans (Castelo et al., 2019; Epley &
Waytz, 2010; Waytz et al., 2010). Our findings add nuance to this
narrative. We show that in contexts wherein people seek support
after minor aversive encounters, the very perception that AI lacks
experiential capacity can be beneficial: Because people hold initial
expectations that AI has a lower propensity for negative social
evaluation, they experience lower fear of being judged, which in
turn improves well-being. Rather than positioning AI’s lower
experiential capacity as uniformly detrimental in social contexts, our
work reveals that when contexts activate concerns about interper-
sonal evaluation, perceived limitations in experiential capacity can
become advantageous—a finding that extends the mind perception
literature by specifying the conditions under which low experiential
capacity benefits, rather than hinders, social interactions. Our work
also extends emerging research demonstrating AI’s functional
effectiveness in support domains (De Freitas et al., 2025; Yin et al.,
2024) by identifying the psychological mechanisms—specifically,
expectations rooted in perceived experiential capacity—through
which people’s initial beliefs about AI shape whether support is
experienced and perceived positively.

Second, we extend research on undersociality, which has largely
focused on how people underestimate the positivity of human in-
teractions, discouraging both support seeking and support giving
(Dungan et al., 2022; Epley & Schroeder, 2014; Kardas et al., 2022;
Kumar & Epley, 2023). We show that initial psychological ex-
pectations about AI—an entity increasingly capable of fulfilling
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Figure 9
Exceeded Empathy ExpectationsMediate the Effect of AI Support (vs.
Human Support) on Perceptions of Support Effectiveness (Study 6)

Note. Values represent unstandardized coefficients, with standard errors in
parentheses. CI = confidence interval.
* p < .05. *** p < .001.

7 There was no significant difference between AI and human support
conditions on perceived support effectiveness (p = .25).
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social functions—also shape support experiences but through a
distinct mechanism. In human–human interactions, low expecta-
tions typically lead to missed opportunities or diminished outcomes.
For AI, however, low initial expectations about its capacity for
empathy (rooted in perceptions of AI’s lower experiential capacity
compared to humans) create a low bar that is more easily exceeded,
enhancing how AI support is perceived. By demonstrating that
lower expectations about nonhuman entities can foster unexpectedly
positive support experiences, our research broadens the scope of
undersociality research. Our findings highlight how human–AI
interactions can sometimes overcome the very psychological bar-
riers that limit human–human interactions in the social support
context.
Finally, our work extends the social support literature by dem-

onstrating that initial psychological expectations about the support
giver, beyond the support itself, can shape its effectiveness. Prior
research has focused on the presence, quality, or type of support
(Mallinckrodt, 1989; Rini & Schetter, 2010; Taylor, 2011), empha-
sizing how features of the support influence outcomes. We show that
initial expectations about the support giver’s experiential capacity
influence how support is experienced and perceived even when the
support itself is comparable, highlighting that who (or what) delivers
support matters independently of what is delivered.

Practical Implications

Our findings offer several practical implications. First, AI has the
potential to provide effective episodic emotional support following
the kind of minor, everyday aversive experiences examined here.
While experiences like rude encounters with a supervisor or
awkward interactions with friends may seem minor, they can still
impair well-being, and people may hesitate to seek support from
others out of fear of being judged or burdening them. AI can fill this
gap by offering accessible, judgment-free support, though our
findings speak specifically to brief, low-stakes interactions and do
not address AI’s role in more sustained or clinically significant
support contexts wherein different dynamics may apply. This may
be especially relevant for individuals who face barriers to accessing
human support, whether due to cost, availability, or stigma, as AI
can serve as a readily available supplement for brief emotional
reassurance. Second, our findings suggest that people’s initial ex-
pectations about AI’s capacity for empathy are low relative to their
expectations about humans. When AI exceeds these expectations,
it enhances perceptions of support effectiveness. However, these
initial expectations may shift over time as people gain more
experience with AI—a possibility we discuss in the next section.
Third, technologists should carefully consider people’s psycho-
logical expectations about AI when designing support tools. Efforts
to make AI overly humanlike may backfire by triggering concerns
about judgment, undermining the very features that make AI feel
psychologically safe in support contexts. Finally, organizations
deploying AI in support roles—such as in education, wellness, or
workplace settings—should recognize that AI may be particularly
well-suited for contexts wherein people might otherwise avoid
seeking support altogether. Our data do not suggest that AI should
be limited to these contexts but rather that the psychological me-
chanisms we identified—reduced fear of evaluation and exceeded
empathy expectations—are especially likely to operate when
interpersonal barriers to human support are present.

Limitations and Future Directions

While our research offers consistent support for our theoretical
model, our work is not without limitations (see Table 1) and opens
several opportunities for future research. First, our theoretical
framework rests on the assumption that people perceive AI as
having lower experiential capacity than humans—that is, lower
capacity to hold social motivations and experience emotions. This
assumption likely holds for many current perceptions of AI, but it
raises an important conceptual question: Are the benefits we observe
driven by perceived capacity limitations or perceived motivational
tendencies? Our studies do not disentangle this distinction. As AI
systems become increasingly sophisticated, this distinction may
become more consequential. For example, an AI that is perceived as
technically capable of evaluating social behavior, but not motivated
to do so, may produce different psychological dynamics than one
perceived as fundamentally lacking such capacity or one that is
fundamentally driven by social motivations to judge. Future research
should directly measure and manipulate these distinct dimensions
to understand how perceived capacity versus perceived motivation
independently shape support experiences, particularly as public
understanding of AI’s capabilities evolves.

Second, and relatedly, our findings are grounded in people’s
initial expectations that AI has a lower propensity for negative social
evaluation and a lower capacity for empathy compared to humans.
These expectations may be relatively stable in the current moment,
but they are unlikely to remain fixed. As people accumulate more
experience with AI support tools, their expectations may calibrate
upward, potentially changing how people experience and perceive
AI support. Conversely, repeated positive interactions with human
support givers might similarly reduce FNE if people come to see
humans as less judgmental than initially expected. If expectations
about both AI and human support givers shift with experience, the
psychological gap between them, and the effects we observe, may
narrow over time. Understanding how these initial expectations
evolve with repeated interactions is a critical direction for future
research, in particular, whether the benefits we observe with AI
support are specific to initial encounters or persist as expectations
recalibrate over time.

Third, while we identify exceeded empathy expectations as a key
mechanism driving perceptions of AI support effectiveness, other
factors may also play a role. Study 5 explored two alternatives—the
belief that AI can better help deal with future aversive experiences
and greater comfort expressing negative emotions to AI—and found
that even when accounting for these, our primary mediator remained
significant. However, these alternative mechanisms were also sig-
nificant, pointing to promising directions for future research on
additional psychological drivers of perceived support effectiveness.

Fourth, there are several methodological limitations worth noting.
All participants were employed U.S. adults recruited via Prolific. It is
possible that cultural factors, particularly norms around judgment,
emotional expression, and support seeking, may moderate how psy-
chological expectations shape support experiences. Future research
should examine these dynamics across cultural contexts. Furthermore,
in the two simulation studies (Studies 1 and 2), the support provider
had a male voice, which may have influenced FNE dynamics; future
work should systematically vary support giver characteristics,
including gender. Study 3 also limited participants to a single message
exchange, which may have constrained the support experience

T
hi
s
do
cu
m
en
t
is
co
py
ri
gh
te
d
by

th
e
A
m
er
ic
an

P
sy
ch
ol
og
ic
al

A
ss
oc
ia
tio

n
or

on
e
of

its
al
lie
d
pu
bl
is
he
rs
.

T
hi
s
ar
tic
le

is
in
te
nd
ed

so
le
ly

fo
r
th
e
pe
rs
on
al

us
e
of

th
e
in
di
vi
du
al

us
er

an
d
is
no
t
to

be
di
ss
em

in
at
ed

br
oa
dl
y.

A
ll
ri
gh
ts
,
in
cl
ud
in
g
fo
r
te
xt

an
d
da
ta

m
in
in
g,

A
I
tr
ai
ni
ng
,
an
d
si
m
ila
r
te
ch
no
lo
gi
es
,
ar
e
re
se
rv
ed
.

16 RAVEENDHRAN AND FOULK



particularly in the human condition wherein a single exchange may
feel less natural. Studies 4–6 addressed this by enabling back-and-forth
conversation. Future research should explore how conversational
dynamics such as the degree of reciprocal exchange and respon-
siveness of the support giver, depth of emotional disclosure, and
interaction length shape support experiences with AI versus humans.
Additionally, all outcome measures were self-report. While appro-
priate for capturing subjective experiences of well-being and per-
ceptions of support effectiveness, self-report measures do not speak to
whether AI support influences actual behavior such as greater will-
ingness to seek support or subsequent coping strategies—an important
direction for future research. Our studies also exclusively examined

support delivered through digitally mediated channels—a context that,
while increasingly common, does not capture face-to-face support
dynamics wherein nonverbal cues and physical presence may activate
different psychological processes. We held modality constant across
conditions to isolate the role of psychological expectations, but future
research should examine how the modality of support delivery impacts
the support experience and the underlying mechanisms of the effects.

Fifth, our real-interaction studies used two distinct approaches to
vary the support source. In Studies 3 and 6, participants’ beliefs and
actual interactions were aligned: those told they were interacting
with a human did so and those told they were interacting with AI did
so. In Studies 4 and 5, all participants interacted with an AI chatbot
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Table 1
Summary of Limitations

Summary Limitation Solution

Capacity versus motivation Our theoretical framework rests on the assumption that AI
is perceived as having lower experiential capacity, but
our studies do not disentangle whether benefits are
driven by perceived capacity limitations or perceived
motivational tendencies.

Future research should directly measure and manipulate
perceived capacity versus perceived motivation,
particularly as AI systems become more sophisticated
and public perceptions evolve.

Initial expectations may shift. Our findings are grounded in people’s initial expectations
about AI compared with humans. These expectations
may calibrate over time with increased experience with
both AI and human support.

Future research should examine how expectations about
AI and human support givers evolve with repeated
interactions and whether the benefits we observe are
specific to initial encounters or persist over time.

Additional mechanisms Although AI exceeding expectations for empathy was a key
mediator in driving perceptions of support effectiveness,
other alternative explanations may also contribute.

We addressed this limitation in Study 5 by exploring
other possible mechanisms. Even when accounting
for these possibilities, our primary mediator remained
significant, but these findings point to promising
directions for future work on additional
psychological processes driving perceptions of
support effectiveness.

Cultural generalizability All participants were employed U.S. adults recruited via
Prolific. Cultural factors, particularly norms around
judgment, emotional expression, and support seeking,
may moderate how psychological expectations shape
support experiences.

Future research should examine these dynamics across
cultural contexts.

Support giver characteristics In the two simulation studies (Studies 1 and 2), the support
provider had a male voice, which may have influenced
fear of negative evaluation dynamics.

Future work should systematically vary support giver
characteristics, including gender.

Conversational dynamics Study 3 involved only a one-time message exchange
between participants and support givers, which may have
felt less natural, especially in the human condition.

While we addressed this limitation in Studies 4–6 by
allowing back-and-forth conversation, future work
should explore how conversational dynamics such as
reciprocal exchange, responsiveness, depth of
emotional disclosure, and interaction length shape
support experiences with AI versus humans.

Self-report measures All outcome measures were self-report. While appropriate
for capturing subjective well-being and perceptions of
support effectiveness, they do not speak to whether AI
support influences actual behavior.

Future research should examine whether these effects
extend to behavioral indicators such as greater
willingness to seek support or subsequent coping
strategies.

Support modality Our studies exclusively examined support delivered
through digitally mediated channels. While increasingly
common, this does not capture face-to-face support
dynamics wherein nonverbal cues and physical presence
may activate different psychological processes.

We held modality constant across conditions to isolate
the role of psychological expectations. Future
research should examine how the modality of support
delivery interacts with expectations about the support
giver to shape support experiences.

Focus on episodic support and
duration of effects

Our work focused on episodic emotional support following
minor, everyday aversive experiences. It does not speak
to the effectiveness of AI in delivering long-term or
sustained support or support in response to more serious
emotional challenges. Additionally, our studies measured
outcomes immediately after the interaction, and we
cannot speak to how long these effects persist.

Future research should examine whether the effects we
observed operate differently when interactions extend
beyond a single session and when people seek
support repeatedly over time.

Potential moderators Our work did not examine potential moderators of the
effect of support source, such as the intensity, frequency,
or timing of the aversive encounter.

Future work should consider factors that can shed light
on when and for whom AI support can be most
effective.
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but were led to believe they were interacting with either a human or
AI. The consistency of our findings across both paradigms suggests
that expectations about the support giver play a central role in
shaping support experiences. However, we did not include explicit
manipulation checks for whether participants believed they were
interacting with a human or AI, as such checks could have intro-
duced demand characteristics during the interaction. Future research
could build on this using fully crossed designs—for example,
having participants interact with a human while believing it is AI or
vice versa—to isolate the independent contributions of beliefs about
versus actual characteristics of the support giver. Developing
unobtrusive methods for verifying participants’ beliefs about their
interaction partner would also be valuable.
Finally, our work focused on episodic emotional support fol-

lowing minor aversive experiences. It does not address the effec-
tiveness of AI in providing sustained support or help with more
serious emotional challenges, where the dynamics of support and its
psychological effects may differ significantly. Additionally, our
studies measured well-being and perceptions of support effective-
ness immediately after the support interaction, and we cannot speak
to how long these effects persist. Although our findings show that AI
can offer effective episodic support, they should not be taken as
evidence that AI can replace human support in more complex or
ongoing contexts or that these effects are long lasting. Future
research should examine whether the effects we observed operate
differently when interactions extend beyond a single session and
when people seek support repeatedly over time. It would also be
valuable to examine how AI and human support might complement
each other in various contexts and whether repeated brief interac-
tions produce cumulative benefits.

Conclusion

AI is increasingly capable of providing social support, including
after minor aversive experiences examined here. Our research de-
monstrates that how people experience and perceive AI support is
shaped by the initial psychological expectations they bring to the
interaction. Because people expect AI to have lower experiential
capacity, they experience lower FNE, improving well-being, and
perceive AI as exceeding their expectations for empathy, enhancing
perceptions of support effectiveness. These findings underscore an
important but overlooked insight: People’s initial expectations of
what AI can and cannot do fundamentally shape how they expe-
rience and perceive its support.
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