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ABSTRACT
Generative artificial intelligence increasingly produces realistic video, raising questions about how people emotionally and so-
cially respond to AI outputs. We extended prior work on text, image, and audio generation by focusing on AI-generated video 
and on affective and intergroup mechanisms linked to intentions to use AI. In a 2(source: AI vs. human) × 2(quality: flawless vs. 
error-containing) between-subjects design, participants (N = 138) watched a short video and reported negative emotions, identity 
and realistic threat, intergroup anxiety, and intentions to use AI tools. We also explored whether the presence of AI errors (hal-
lucinations) altered affective reactions. Source attribution (AI vs. human), but not output quality or their interaction, increased 
negative emotions, indicating that discomfort was driven more by the AI label than by the presence of hallucinations. We then 
estimated a staged mediation model with source as predictor, negative emotions as a first-stage mediator, and threat perceptions 
and intergroup anxiety entered in parallel as downstream mediators. The only reliable indirect effect linked AI source to lower 
intentions via negative emotions and intergroup anxiety. These findings highlight the relevance of intergroup frameworks for 
understanding public responses to generative video and for guiding human–AI interface design. Adoption, trust, and communi-
cation implications are discussed.

1   |   Introduction

Artificial intelligence (AI) has rapidly evolved into one of the 
most transformative technological forces of the 21st century, 
profoundly reshaping the ways in which individuals, organiza-
tions, and societies function. From optimizing service delivery 
in sectors such as healthcare, education, and hospitality to auto-
mating tasks and generating content across creative industries, 
AI technologies now permeate numerous aspects of everyday 
life. Among these advancements, generative AI models rep-
resent a particularly significant breakthrough. Unlike earlier 
systems designed primarily for rule-based problem solving, 
generative AI produces outputs that resemble human-created 

text, images, music, and even video. Capable of simulating cre-
ative and cognitive processes once considered uniquely human 
(Siemens et al. 2022), these systems move capabilities once con-
fined to science fiction into the realm of ordinary experience.

The promise of AI lies not only in its ability to enhance ef-
ficiency and innovation but also in its potential to augment 
human performance (Mirbabaie et  al.  2022). Nevertheless, 
this expansion is accompanied by widespread ambivalence. 
Alongside enthusiasm for its potential benefits, AI adop-
tion has triggered apprehension, skepticism and fear (Xu 
et al. 2024). As scholars have argued, the social and psycho-
logical consequences of AI extend far beyond technical issues 
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of performance and accuracy; they touch upon fundamen-
tal questions of identity, agency, and intergroup relations 
(Gabbiadini, Ognibene, et  al.  2024; Gabbiadini, Durante, 
et al. 2024; Kieslich et al. 2021).

Previous research has mainly focused on what AI can do, but 
much less is known about how well it does it and how this 
shapes people's reactions. Generative AI models routinely pro-
duce errors and “hallucinations” (i.e., confident but factually 
wrong or impossible outputs produced by generative AI, such 
as invented facts, inconsistent details, or events that could 
not occur in reality) that might fuel algorithm aversion (for 
a review, see Burton et al. 2020; Gaube et al. 2021; Jussupow 
et al. 2020; Mahmud et al. 2022) and avoidance. Yet current 
research has not clarified whether such errors dampen threat 
and negative emotions, or instead amplify distrust and resis-
tance. More broadly, the literature has identified several can-
didate mechanisms—negative emotions, realistic and identity 
threat (Gabbiadini, Ognibene, et al. 2024), intergroup anxiety 
(Zhou et al. 2022)—but it is still unclear how these processes 
relate to each other, which of them is most closely linked to 
lower AI adoption, and whether output quality influence these 
pathways.

The current study aimed to replicate and extend recent find-
ings (Gabbiadini, Ognibene, et  al.  2024) by examining emo-
tional and intentional responses to generative AI, with a 
specific focus on how an initial negative emotional reaction 
may translate into downstream psychological mechanisms 
and future intentions to engage with AI technologies. We 
also sought to examine whether typical AI “hallucinations” 
in video outputs would shape these reactions by contrast-
ing accurate versus error-containing AI-generated content. 
Accordingly, we adopted a staged process perspective and 
planned, first, to assess how exposure to AI-versus human-
generated video content (and their respective quality: accu-
rate vs. error-containing) relates to general negative emotions, 
perceived realistic and identity threat, intergroup anxiety, 
and intentions to use AI; and second, to test a process model 
in which negative emotions are treated as an early affective 
signal potentially associated with three conceptually distinct, 
more proximal pathways: identity threat, realistic threat, 
and intergroup anxiety, offering a more comprehensive pic-
ture of the mechanisms that may shape public reactions to 
generative AI.

Moreover, whereas previous work tested responses to text, im-
ages, and audio, the present research investigates reactions to 
AI-generated video content, a novel generative AI modality—
video production, which was not publicly available at the time 
of the original study—thereby broadening the ecological scope 
of this line of research. In this regard, the field of AI-generated 
video content is rapidly expanding across both social media 
and the entertainment industry. The global market for arti-
ficial intelligence in media and entertainment is projected 
to grow substantially between 2024 and 2033, reflecting the 
widespread adoption of AI for content creation (Markets and 
Markets  2024). As of late 2023, a large share of U.S. movie, 
TV, and animation companies reported using or planning to 
use generative AI in production (Statista 2024), while recent 
releases of video-generation tools have attracted wide public 

attention and uptake (The Verge 2025). This extension also al-
lowed for the investigation of whether the patterns observed 
with text, images, and music generalize to a more complex AI 
format.

2   |   Perceiving Generative AI as an Outgroup: 
Threat, Negative Emotions, and Intergroup Anxiety

Recent work suggests that Generative AI is not seen only as a 
tool but can also be construed in group-like terms, producing 
human-like outputs (text, music, images; McKee et  al.  2023). 
Research on the “computers as social actors” paradigm shows 
that individuals can spontaneously apply social scripts and 
norms to non-human systems when these display human-like 
cues or agency, responding to them as if they were interac-
tion partners rather than neutral tools (Nass and Moon 2000). 
Related work on mind perception and anthropomorphism fur-
ther indicates that, when a technology appears intentional, 
expressive, or capable of autonomy, people are more likely to 
treat it as a social entity (Epley et al. 2007; Waytz et al. 2010). In 
this sense, AI can become a social target, especially when it is 
framed as an agentic “source” that produces human-like outputs 
and may evaluate, replace, or compete with humans (Złotowski 
et al. 2017; Gabbiadini, Ognibene, et al. 2024). Under these con-
ditions, it becomes meaningful to extend intergroup frameworks 
to human–AI relations, framing AI as a potential outgroup.

According to the Stereotype Content Model (SCM; Fiske 
et al. 2002), groups judged high in competence but uncertain or 
low in warmth (i.e., skillful but of unclear intent) trigger mixed 
reactions: admiration for what they can do, and concern about 
what they might do (Fiske 2018; Cuddy et al. 2008). In line with 
this, people seem to rate AI as highly competent, while warmth 
ratings vary (McKee et al. 2023). Although McKee et al. did not 
measure threat directly, SCM theory suggests that such a profile 
(high competence + uncertain warmth) fits the “envy” cluster, 
which is linked to heightened attention, careful evaluation, and 
sometimes defensive responses when status or control could 
be at risk (Fiske 2018; Gabbiadini, Ognibene, et al. 2024). This 
competence–warmth profile is theoretically relevant because it 
implies an ambivalent stance that may be accompanied by an 
initial negative affective response and, in a second step, more 
differentiated threat-related reactions.

Indeed, a growing body of work shows that interactions with 
autonomous technologies can follow intergroup patterns: people 
often feel threatened by highly competent outgroups, even when 
those outgroups are robots or software, and show ingroup bias 
favouring humans over AI (Maddux et al. 2008; Yogeeswaran 
et  al.  2016; Morewedge  2022). This is especially clear for pro-
fessional identity: working with AI can be seen as a threat to 
one's status and role, which increases resistance to adoption 
(Jussupow et al. 2022; Mirbabaie et al. 2022).

Encounters with generative AI, especially when the system 
is framed as an agentic “source” rather than a neutral tool, 
are unlikely to trigger one single reaction. Recent works 
(Gabbiadini, Durante, et  al.  2024; Brauner et  al.  2025) has 
highlighted that people often judge AI by weighing perceived 
risks against perceived benefits. Indeed, AI technologies seem 
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to be evaluated along two broad and partly opposing dimen-
sions: their social value (what they can bring to society) and 
their social risk (what harm or costs they may create). In this 
perspective, risk-based theories help clarify how an initial 
global affective reaction can emerge, while intergroup frame-
works help specify which types of meaning (e.g., identity-, re-
source-, and interaction-related concerns) that reaction may 
become linked to.

In this regard, the risk-as-feelings hypothesis suggests that 
responses to risk are not based solely on deliberate reason-
ing about probabilities and outcomes. Accordingly, people 
often rely on a fast, intuitive affective reaction that can shape 
judgments and choices at the moment they evaluate a target 
(Loewenstein et  al.  2001). Such affective responses are par-
ticularly influential when the target is complex, uncertain, or 
difficult to evaluate, conditions that often characterize novel 
technologies such as generative AI, whose mechanisms are 
opaque and whose outputs are hard to anticipate. Later work 
also argues that perceived risk often reflects two interacting 
modes of processing: a fast affective mode and a slower ana-
lytic mode (Slovic 2004). When stimuli are complex and out-
comes are hard to predict, as is often the case for generative AI, 
people may rely more on initial affective impressions, which 
can then bias subsequent judgments of risks and benefits 
(Slovic et al. 2005, 2007). A plausible implication is that gen-
eral negative emotions may function as an early affective sig-
nal: an initial “alarm” response indicating that an encounter 
may involve risk, loss, or instability. Consistent with this view, 
prior work indicates that exposure to generative AI's human-
like capabilities is linked to stronger negative emotions than 
comparable human outputs, and that negative emotions are 
associated with heightened threat perceptions (Gabbiadini, 
Ognibene, et  al.  2024). This suggests that an initial nega-
tive reaction may potentially inform more differentiated, 
action-relevant responses. In this context, three downstream 
responses appear especially relevant because they are concep-
tually close to disengagement and avoidance: identity (sym-
bolic) threat, realistic threat, and intergroup anxiety. Two of 
these responses—identity and realistic threat—map directly 
onto Intergroup Threat Theory (Stephan and Stephan 1985), 
which provides a well-established framework for specifying 
what is perceived to be at stake in intergroup encounters.

The Intergroup Threat Theory distinguishes realistic threats 
(to safety, employment, and material resources) from sym-
bolic threats (to values, beliefs, and identity). Applied beyond 
human–human settings, the same logic helps explain human–
AI relations: AI can function as an ambiguous “other” whose 
capabilities unsettle existing social categories and human 
distinctiveness (Branscombe et al. 1999; Stephan et al. 1999; 
Złotowski et  al.  2017; Gabbiadini, Ognibene, et  al.  2024). In 
this way, AI technologies can pose symbolic threats by under-
mining a sense of human identity and uniqueness, and real-
istic threats by jeopardizing jobs, expertise, and control over 
outcomes (Stephan and Stephan  1985; Stephan et  al.  2008, 
2016). Generative AI intensifies the symbolic side of this 
equation by entering domains historically seen as uniquely 
human—creative and cultural production—thereby height-
ening concerns about status, autonomy, and expertise. These 
appraisals are often accompanied by negative emotions (e.g., 

anxiety, frustration, moral indignation) that can translate into 
defensive motivation and resistance to adoption (Gabbiadini, 
Ognibene, et al. 2024).

Importantly, Intergroup Threat Theory specifies what is per-
ceived to be at stake (identity and resources), but it does not fully 
capture how people anticipate the interpersonal costs of engag-
ing with a powerful “other”. For this reason, intergroup anxiety 
provides a complementary mechanism focused on anticipated 
interaction. Intergroup anxiety refers to the apprehension expe-
rienced when anticipating interaction with an outgroup, driven 
by uncertainty and expected negative outcomes (Stephan and 
Stephan 1985). It can arise even before any actual interaction, re-
sulting in heightened vigilance. While emotions like fear, anger, 
and sadness often accompany threat appraisals in human–AI re-
lations, they are not functionally equivalent. Most threat-related 
emotions are reactive, triggered by specific risks (e.g., fear of 
job loss, anger over injustice). In contrast, intergroup anxiety is 
anticipatory and self-focused, emerging from uncertainty about 
how one will be evaluated or treated by a perceived outgroup 
(Stephan and Stephan 1985; Mackie and Smith 2018). Unlike dis-
crete emotions triggered by concrete threats, intergroup anxiety 
stems from concerns about social judgement and possible loss of 
status. Thus, intergroup anxiety can contribute to avoidance in-
tentions as a distinct, interaction-related pathway, rather than as 
merely another expression of general negative affect. Applied to 
human–AI interaction, intergroup anxiety is especially relevant 
because AI can plausibly be construed as a high-status outgroup 
(McKee et al. 2023; Zhou et al. 2022). Generative AI's advanced 
capabilities challenge human uniqueness, eliciting both realis-
tic threats (to jobs and resources) and symbolic threats (to iden-
tity and status; Stephan et al. 1999). In this context, intergroup 
anxiety can capture social-evaluative concerns—such as the 
fear that AI could assess, outperform, or diminish the individ-
ual's standing. More generally, intergroup anxiety may operate 
as a proximal pathway to avoidance-oriented responses (Zhou 
et al. 2022), potentially overlapping with yet conceptually dis-
tinct from threat appraisals. Empirical evidence supports the 
idea that anxiety influences technology adoption and human–
robot or human–virtual agent interactions, shaping avoidance 
behaviour and resistance over and above general negative affect 
(Gabbiadini, Ognibene, et al. 2024; Sapru 2025).

Taken together, these perspectives clarify why generative AI can 
elicit threat-related appraisals and intergroup anxiety, and how 
these responses may translate into avoidance-oriented inten-
tions. Yet, the intensity and direction of these responses likely 
depend not only on who the “source” is (AI vs. human) but also 
on how the source performs, namely, the perceived quality and 
accuracy of its outputs.

2.1   |   Current Research Gap and Aims of the  
Present Study

Although threat perceptions are often explained by what AI 
can do, it is equally important to consider how well it does it. 
Generative models are not infallible; they frequently produce 
errors, inconsistencies, or factually incorrect content—so-
called “hallucinations.” These inaccuracies create a paradox. 
On the one hand, they undermine trust and fuel skepticism 
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about reliability, reinforcing algorithm aversion (Burton 
et al. 2020; Gaube et al. 2021; Jussupow et al. 2020; Mahmud 
et  al.  2022). On the other hand, according to the Stereotype 
Content Model (SCM), visibly incorrect or implausible outputs 
could lower perceived competence, potentially shifting AI 
away from the high-competence/ambiguous-warmth (“envy”) 
quadrant most associated with threat. In other words, obvi-
ous mistakes can undermine the impression that AI matches 
human skill, thereby reducing the perceived threat to human 
uniqueness and dampening negative emotions (Gabbiadini, 
Ognibene, et al. 2024).

This dual effect underscores a critical gap in the literature. 
While much attention has been devoted to concerns about 
bias, transparency, and reliability (Daneshjou et  al.  2021; 
Ipsos Mori 2017), less is known about how the quality of out-
puts shapes emotional responses and threat perception. Do 
errors mitigate perceptions of AI as a threatening outgroup, 
or do they amplify distrust in ways that reinforce resistance? 
This unresolved question has important implications for both 
theory and practice, highlighting the need to disentangle the 
psychological consequences of AI's capabilities from those of 
its limitations.

Responses to AI are not driven by performance alone (Dietvorst 
et al. 2015): AI may be construed as an outgroup-like target, elic-
iting threat appraisals tied to concerns about human distinctive-
ness, status, and control and prompting initial negative emotions 
that shape subsequent meaning-making (Gabbiadini, Ognibene, 
et  al.  2024; Stephan et  al.  2016; Smith and Ellsworth  1985; 
Cottrell and Neuberg 2005).

In the context of generative AI, this points to a set of plausi-
ble, partly overlapping pathways linking exposure to down-
stream responses such as realistic threat, identity threat, and 
intergroup anxiety—responses that are conceptually relevant 
to reduced willingness to adopt AI. However, the literature 
does not yet provide a clear consensus on how these mecha-
nisms relate to one another or which of them is most closely 
associated with AI adoption intentions. Moreover, it remains 
unclear whether output quality contributes meaningfully to 
these reactions: do errors primarily affect negative emotions, 
do they shape threat-related appraisals and anxiety, or might 
they attenuate perceived threat by undermining perceived 
competence?

The present study addresses these questions by examining 
responses to AI-generated video content, thereby extending 
prior work beyond text, images, and audio (see Gabbiadini, 
Ognibene, et  al.  2024). We focus on how exposure to an AI 
(vs. human) source relates to negative emotional reactions and 
to downstream responses that have been highlighted as rele-
vant in prior theory—namely identity threat, realistic threat 
(Gabbiadini, Ognibene, et  al.  2024), and intergroup anxiety 
(Zhou et al. 2022)—and how these responses, in turn, relate 
to intentions to engage with AI. Given that these mecha-
nisms can be theorized as interrelated, we do not assume a 
definitive causal ordering among them. Instead, we evaluate 
them jointly to clarify which pathways are most consistent 
with lower adoption intentions in our data. In addition, we 
explore whether output quality—particularly the presence of 

hallucinations—influences these associations, helping to dis-
entangle the psychological consequences of AI's capabilities 
from those of its limitations. By doing so, the study contributes 
to a more nuanced understanding of the affective and inter-
group correlates of public reactions to generative AI.

2.2   |   Overview and Ethical Statement

The present study aimed to replicate and extend previous find-
ings (see Gabbiadini, Ognibene, et al. 2024) by examining a set 
of affective and cognitive responses to generative AI and how 
these responses relate to future behavioural intentions. We 
adopt a staged conceptual organization, distinguishing an initial 
broad affective reaction from more differentiated responses that 
are commonly discussed in intergroup and technology-adoption 
literatures, while acknowledging that our post-exposure mea-
sures were assessed at the same time point and therefore do not 
establish temporal ordering among mediators.

H1.  The first hypothesis concerns negative emotional reac-
tions to AI-generated content. Prior research has often relied on 
high-quality AI stimuli (see Gabbiadini, Ognibene, et al. 2024), 
leaving open whether typical errors or distortions intensify nega-
tive reactions or whether reactions are primarily driven by source 
attribution (AI vs. human). Accordingly, we hypothesized that 
negative emotions would differ as a function of content source (AI 
vs. human). Given the limited and mixed evidence on how errors 
in generative outputs shape evaluations, we did not formulate a 
directional hypothesis regarding output quality or its interaction 
with source.

H2.  The second hypothesis concerns how negative emotional 
reactions relate to more differentiated responses that are theoret-
ically relevant to disengagement from AI. Drawing on intergroup 
approaches, reactions to AI can involve distinct threat appraisals 
(Gabbiadini, Ognibene, et al. 2024) as well as intergroup anxi-
ety (Zhou et al. 2022), intended as a negative social comparison 
when engaging with an outgroup (Stephan and Stephan  1985). 
Consistently, we hypothesized that higher negative emotions 
would be associated with higher realistic threat, identity threat, 
and intergroup anxiety. This hypothesis is not intended as ev-
idence of strict temporal sequencing, but as a theory-guided ex-
pectation about how these constructs tend to cohere in responses 
to an ambiguous and potentially consequential target, such as a 
generative AI system.

H3.  The third hypothesis concerns whether these downstream 
responses are linked to lower willingness to engage with AI tools 
in the future. Building on prior evidence that negative reactions 
to AI co-occur with heightened defensiveness and resistance 
(e.g., Gabbiadini, Ognibene, et  al.  2024; Xu et  al.  2024; Zhou 
et al. 2022), we expected that realistic threat, identity threat, and 
intergroup anxiety would be negatively associated with intentions 
to use AI. We also examined whether these associations hold when 
the downstream responses are considered simultaneously, thereby 
clarifying which pathways are most consistent with lower inten-
tions in our data.

Overall, these hypotheses extend previous work by integrating 
behavioural intentions with multiple theoretically grounded 
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mechanisms (threat appraisals and intergroup anxiety) and by 
examining the role of output quality alongside source attribu-
tion in a novel modality (AI-generated video). The study was 
approved by the local Department of Psychology's minimal 
risk research committee. All procedures were in accordance 
with APA ethical guidelines and the Declaration of Helsinki. 
Informed consent was obtained prior to participation.

3   |   Materials and Methods

3.1   |   Participants

To determine the minimum sample size required to achieve 
sufficient statistical power (≥ 0.80) for the proposed medi-
ation model, we conducted an a priori Monte Carlo simula-
tion using R (R Core Team  2022) with the lavaan package 
(Rosseel  2012). Our hypothesized model comprised one in-
dependent variable (X), a first-stage mediator (M1), three 
second-stage parallel mediators (M2a, M2b, M2c), and a de-
pendent variable (Y). Data were simulated under the assump-
tion of normally distributed variables. Considering previous 
research (see Gabbiadini, Ognibene, et al. 2024), we assumed 
non-standardized path coefficients of 0.52 for the effect of X 
on M1, and a medium effect of 0.25 for the causal effect of M1 
on each of M2a, M2b, and M2c, as well as 0.25 for the effects of 
each mediator on Y. For each simulation, we generated data-
sets across a range of sample sizes (from 100 to 200, in incre-
ments of 1) and conducted 1000 replications per sample size. 
In each replication, the model was estimated using maximum 
likelihood estimation, and the significance of each path was 
determined using an alpha level of 0.05. The empirical power 
for each path was computed as the proportion of replications 
in which the corresponding effect was statistically significant. 
Based on these parameters derived from previous work (see 
Gabbiadini, Ognibene, et al. 2024), we determined that a min-
imum sample size of 135 participants was required to achieve 
80% power across all key paths in the model. This simulation-
based a priori power analysis ensured that our study design 
was adequately powered to detect the hypothesized mediation 
effects.

After obtaining participants' informed consent, partici-
pants were presented with a set of items to measure socio-
demographic variables (age, gender, level of education). A total 
of 328 participants accessed the survey. Of these, 153 either did 
not provide informed consent or completed less than 30% of 
the questionnaire and were therefore excluded. Among the re-
maining 175 participants, 37 failed the manipulation check (i.e., 
“The video you just saw was created by an AI/was filmed by 
a human operator”) and were removed from subsequent analy-
ses. Therefore, the final sample consisted of 138 participants. Of 
these, 29 (21.0%) identified as male and 109 (79.0%) as female. 
The vast majority reported Italian nationality (98.6%), while one 
participant identified as Argentine (0.7%) and one as Brazilian 
(0.7%). Regarding education, 2.9% held a lower secondary school 
diploma, 2.2% a professional diploma, and 24.6% a high school 
diploma. Furthermore, 17.4% held a bachelor's degree, 40.6% a 
master's or single-cycle degree, 9.4% a postgraduate master's, 
and 2.9% a PhD.

3.2   |   Procedure and Measures

Participants were told that the study would take approximately 
15 min. Before the experimental manipulation, participants were 
asked to complete a set of descriptive measures. First, they re-
ported their general familiarity with digital technologies (“How 
familiar are you, in general, with new digital technologies?”; 1 = no 
familiarity at all, 7 = complete familiarity; M = 4.64, SD = 1.49). 
They then assessed their level of experience with AI technologies 
(“How would you rate your level of experience/familiarity with 
AI technologies?”; 1 = no experience, 2 = beginner, 3 = competent, 
4 = expert, 5 = very experienced; M = 1.99, SD = 0.82) and their 
general knowledge of AI (“How would you rate your knowledge 
of AI technologies?”; 1 = no knowledge, 2 = limited, 3 = average, 
4 = good, 5 = very good; M = 2.36, SD = 0.88).

Participants were also asked about their use of AI-based gen-
erative tools for media creation (“Have you ever used appli-
cations for AI-based generation of video, audio, or images?”; 
1 = never used, 5 = very frequent use; M = 1.78, SD = 0.96). 
In addition, they reported their frequency of ChatGPT use 
(“How often do you use ChatGPT or similar AI applications?”; 
1 = never used, 5 = very frequent use; M = 2.14, SD = 1.21), 
which was included as an indicator of participants' general 
engagement with generative AI technologies, given the wide-
spread diffusion and accessibility of ChatGPT as a representa-
tive example of such tools.

Consistent with previous research examining psycholog-
ical responses to emerging technologies (Schepman and 
Rodway  2020), participants' attitudes toward AI were also as-
sessed using the General Attitudes Toward Artificial Intelligence 
Scale. Sample items included “I think Artificial Intelligence is 
dangerous” and “I am impressed by what Artificial Intelligence 
can do,” anchored on a 7-point scale (1 = completely disagree; 
7 = completely agree).

Following the preliminary measures, participants were ran-
domly assigned to one of four experimental conditions in a 2 
(source: AI vs. human video maker) × 2 (accuracy: presence of 
errors vs. professional) between-subjects design. In each condi-
tion, participants were instructed to watch a short neutral video 
of equal length (i.e., 9 s) depicting a basketball entering a hoop. 
This type of video was selected because it was commonly used 
to demonstrate the capabilities of generative AI systems and, at 
the time of the study, represented a domain where such algo-
rithms often produced hallucinations or unrealistic outputs (see 
the additional materials for the videos used in the experimental 
manipulation).

In the error conditions, participants viewed either an AI-generated 
video in which the ball passed unrealistically through the rim of 
the basket (AI, hallucination condition), or a video produced by 
a professional video maker that was intentionally pixelated and 
shaky (human, low accuracy). The rationale behind this choice 
was that, while in the AI condition the manipulation of “low ac-
curacy” could naturally rely on the presence of a typical AI hallu-
cination, the only way to balance this manipulation for the human 
condition was to present a technically flawed video (pixelated and 
unstable) in order to represent poor quality production.
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In the professional conditions, the same high-quality video of a 
basketball cleanly entering the hoop was presented; however, par-
ticipants were informed that this identical video had either been 
generated by an AI system (SORA; OpenAI 2024) or created by 
a professional video maker, depending on the condition. After 
watching the video corresponding to their assigned condition, 
participants were asked to complete a series of scales measuring 
the dependent variables. Since research has shown that the capa-
bilities of generative AI can produce strong emotional reactions 
(Gabbiadini, Ognibene, et al. 2024), participants were asked to re-
port the emotions elicited by AI. To ensure that responses referred 
specifically to the source of the video rather than to its visual con-
tent, participants were instructed as follows: “What emotions does 
knowing that the video you have just seen was created by a [pro-
fessional video maker/AI] evoke in you? Please note that we are 
not asking about the emotions you felt while watching the content 
of the video itself, but about the emotions generated by knowing 
who produced it.” Negative emotions (anger, fear, disgust, anxiety, 
sadness, desire, happiness, and joy; positive items were reverse-
scored so that higher scores reflect greater overall negative af-
fect) were then assessed using items adapted from Harmon-Jones 
et al. (2016), rated on a 7-point scale (1 = not at all; 7 = very much).

Afterwards, realistic and symbolic threats posed by AI were as-
sessed by adapting the scale proposed by Yogeeswaran et al. (2016). 
Five items measured the extent to which AI was perceived as a 
realistic threat to humans (e.g., “The increased use of AI in our 
everyday life is causing more job losses for humans”), while an-
other five assessed symbolic threats to human identity and dis-
tinctiveness (e.g., “Technological advancements in the area of AI 
are threatening human uniqueness”). All items were rated on a 
7-point scale (1 = strongly disagree; 7 = strongly agree). Moreover, 
intergroup anxiety was measured with the scale developed by 
Stephan and Stephan  (1985), adapted to the context of human–
AI interaction. Participants were asked to indicate the degree of 
discomfort they would feel in interactions with AI technologies, 
using a 7-point scale (1 = not at all anxious; 7 = very anxious). To 
control for potential order effects, the presentation of the two mea-
sures (threat and anxiety) was randomized across participants.

Finally, participants' intentions to use AI tools were assessed 
with a set of ad hoc items. Examples included: “I intend to use 
an AI-based software in the near future,” “I believe I will use 
Artificial Intelligence to perform some of my tasks in the near 
future,” and “I intend to use an AI-based software to generate 
videos in the near future.” All items were anchored on a 7-point 
scale (1 = completely disagree; 7 = completely agree).

At the end of the survey, participants were thanked for their 
participation, provided with a written debriefing explaining the 
aims of the study, and given the researchers' contact information 
for any further questions.

4   |   Results

4.1   |   Preliminary Analyses

All the following statistical analyses were performed using SPSS 
software (v.29) and RStudio (v.2024.12.1 + 563). Means, standard 
deviations, and reliability for all measures are reported in Table 1.

Participants reported a relatively high level of general familiarity 
with digital technologies (M = 4.64, SD = 1.49). In contrast, their 
experience with AI technologies was more limited. Specifically, 
self-reported experience with AI tools averaged 1.99 (SD = 0.82), 
while general knowledge of AI technologies was slightly higher 
(M = 2.36, SD = 0.88). Use of generative AI tools (e.g., for creating 
video, audio, or images) was low (M = 1.78, SD = 0.96), and the fre-
quency of using ChatGPT or similar AI services was also limited 
(M = 2.14, SD = 1.22). Despite this, participants expressed generally 
positive attitudes toward AI, with a mean score of 4.16 (SD = 0.76).

Correlation analyses (see Table 1) revealed that negative emotions 
were significantly associated with all three mediators of interest, 
namely intergroup anxiety, realistic threat, and symbolic threat. In 
turn, intergroup anxiety, realistic threat, and symbolic threat were 
negatively associated with intentions to use AI tools.

4.2   |   Analysis of Variance

Before testing the hypothesized mediation model, we conducted 
a series of ANCOVAs to examine whether the effects of our ex-
perimental manipulation varied as a function of the source (AI 
vs. Human), the quality of the output (Good vs. Faulty), or their 
interaction. This preliminary step was intended to disentangle 
whether responses to AI were driven primarily by the generative 
source of the content, by the quality of the material produced, 
or by a combination of the two. All analyses controlled for age, 
gender, and study level.

A set of 2 (source: AI vs. human) × 2 (quality: good vs. faulty) 
ANCOVAs was conducted for negative emotions, identity threat, 
realistic threat, intergroup anxiety, and intentions, controlling 
for age, gender, and education.

For negative emotions, the main effect of source was significant, 
F(1, 131) = 25.03, p < 0.001, ηp2 = 0.160: participants in the AI con-
dition reported higher negative emotions (M = 2.65, SD = 1.08) 
than those in the human condition (M = 1.88, SD = 0.52). Neither 
the main effect of quality, F(1, 131) = 0.03, p = 0.871, ηp2 < 0.001, 
nor the source × quality interaction, F(1, 131) = 3.45, p = 0.065, 
ηp2 = 0.026, reached significance. Gender emerged as a signif-
icant covariate, F(1, 131) = 5.77, p = 0.018, ηp2 = 0.042, whereas 
age and education were not (ps ≥ 0.168).

For identity threat, the main effect of source was significant, F(1, 
131) = 6.48, p = 0.012, ηp2 = 0.047, with higher identity threat in 
the AI condition (M = 4.20, SD = 1.45) than in the human con-
dition (M = 3.53, SD = 1.37). The effect of quality and the source 
× quality interaction were not significant (both ps ≥ 0.597). 
Education was a significant covariate, F(1, 131) = 8.05, p = 0.005, 
ηp2 = 0.058. Age and gender were not significantly associated 
with the dependent variable (ps ≥ 0.281). Instead, when consid-
ering realistic threat, neither source, F(1, 131) = 1.29, p = 0.259, 
ηp2 = 0.010, nor quality, F(1, 131) = 1.71, p = 0.194, ηp2 = 0.013, 
nor their interaction, F(1, 131) = 0.51, p = 0.475, ηp2 = 0.004, were 
significant predictors. Age, F(1, 131) = 5.32, p = 0.023, ηp2 = 0.039, 
and education, F(1, 131) = 12.04, p < 0.001, ηp2 = 0.084, emerged 
as significant covariates. When considering intergroup anxiety 
as an outcome, no significant effects were observed for source, 
F(1, 129) = 2.43, p = 0.122, ηp2 = 0.018, quality, F(1, 129) = 0.64, 

 10991298, 2026, 3, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/casp.70266 by U

niversity Studi M
ilano B

icocca, W
iley O

nline L
ibrary on [23/04/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



7 of 15Journal of Community & Applied Social Psychology, 2026

T
A

B
L

E
 1

    
|    

C
or

re
la

tio
ns

 a
m

on
g 

st
ud

y 
va

ri
ab

le
s.

α
M

SD
1

2
3

4
5

6
7

8
9

10
11

12
13

14

1.
 A

ge
—

29
.4

2
12

.7
6

—

2.
 G

en
de

r
—

1.
79

0.
41

−
0.

12
3

—

3.
 E

du
ca

tio
n

—
4.

30
1.

25
−

0.
00

4
0.

15
6

—

4.
 D

ig
ita

l 
fa

m
ili

ar
ity

—
4.

64
1.

49
−

0.
10

0
−

0.
28

4*
**

−
0.

13
7

—

5.
 A

I 
ex

pe
ri

en
ce

—
1.

99
0.

82
−

0.
20

5*
−

0.
19

0*
−

0.
05

5
0.

53
9*

**
—

6.
 A

I 
kn

ow
le

dg
e

—
2.

36
0.

88
−

0.
13

0
−

0.
29

3*
**

−
0.

14
6

0.
57

9*
**

0.
74

0*
**

—

7.
 A

I u
se

 
fo

r m
ed

ia
 

cr
ea

tio
n

—
1.

78
0.

96
−

0.
16

4
−

0.
25

4*
**

−
0.

21
7*

0.
47

4*
**

0.
64

5*
**

0.
58

1*
**

—

8.
 C

ha
tG

PT
 

us
e

—
2.

14
1.

22
−

0.
25

3*
*

−
0.

24
7*

*
−

0.
08

1
0.

46
3*

**
0.

68
6*

**
0.

57
6*

**
0.

72
2*

**
—

9.
 A

tt
itu

de
0.

83
4.

16
0.

76
−

0.
09

7
−

0.
12

9
0.

11
5

0.
24

6*
*

0.
52

4*
**

0.
36

1*
**

0.
47

3*
**

0.
56

4*
**

—

10
. N

eg
at

iv
e 

em
ot

io
ns

0.
92

1.
59

1.
09

0.
03

7
−

0.
19

8*
−

0.
21

2*
0.

08
1

0.
03

1
0.

20
5*

0.
06

2
−

0.
00

9
−

0.
22

1*
*

—

11
. P

os
iti

ve
 

em
ot

io
ns

0.
84

2.
10

1.
40

−
0.

15
2

0.
00

8
−

0.
12

7
0.

09
4

0.
12

3
0.

11
2

0.
21

4*
0.

11
3

0.
07

1
−

0.
07

6
—

12
. A

nx
ie

ty
0.

92
3.

70
1.

22
0.

21
5*

0.
01

1
−

0.
15

6
−

0.
12

5
−

0.
37

7*
**

−
0.

16
5

−
0.

27
5*

*
−

0.
35

9*
**

−
0.

69
0*

**
0.

39
5*

**
−

0.
10

1
—

13
. R

ea
lis

tic
 

th
re

at
0.

82
3.

73
1.

28
0.

20
3*

−
0.

13
7

−
0.

30
3*

**
0.

00
7

−
0.

17
9*

0.
02

1
−

0.
11

3
−

0.
17

1*
−

0.
49

8*
**

0.
37

4*
**

−
0.

13
0

0.
65

7*
**

—

14
. I

de
nt

ity
 

th
re

at
0.

87
3.

90
1.

45
0.

11
2

−
0.

12
1

−
0.

26
2*

*
−

0.
08

0
−

0.
22

3*
*

−
0.

04
5

−
0.

15
4

−
0.

24
3*

*
−

0.
48

8*
**

0.
45

2*
**

−
0.

02
3

0.
54

6*
**

0.
80

2*
**

—

15
. I

nt
en

tio
ns

0.
89

3.
55

1.
73

−
0.

10
0

−
0.

08
8

0.
07

5
0.

28
0*

**
0.

40
3*

**
0.

21
7*

0.
40

1*
**

0.
45

1*
**

0.
62

6*
**

−
0.

20
4*

0.
08

1
−

0.
54

8*
**

−
0.

27
1*

*
−

0.
22

2*
*

N
ot

e:
 N

 =
 13

8.
 G

en
de

r w
as

 c
od

ed
 a

s 0
 =

 m
al

e,
 1

 =
 fe

m
al

e.
 C

or
re

la
tio

ns
 in

vo
lv

in
g 

ge
nd

er
 re

pr
es

en
t S

pe
ar

m
an

's 
rh

o 
co

ef
fic

ie
nt

s.
 *p

 <
 0.

05
; *

*p
 <

 0.
01

; *
**

p <
 0.

00
1.

 10991298, 2026, 3, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/casp.70266 by U

niversity Studi M
ilano B

icocca, W
iley O

nline L
ibrary on [23/04/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



8 of 15 Journal of Community & Applied Social Psychology, 2026

p = 0.426, ηp2 = 0.005, or their interaction, F(1, 129) = 1.04, 
p = 0.310, ηp2 = 0.008. Age was a significant covariate, F(1, 
129) = 6.98, p = 0.009, ηp2 = 0.051, whereas gender and education 
were not (both ps ≥ 0.063).

Finally, for intentions, there were no significant effects 
of source, F(1, 127) = 0.40, p = 0.529, ηp2 = 0.003, quality, 
F(1, 127) = 0.12, p = 0.729, ηp2 = 0.001, or their interaction, 
F(1, 127) = 0.01, p = 0.941, ηp2 < 0.001. No covariate effects 
were observed (all ps ≥ 0.176).

Across the outcome measures, the results showed a selective 
pattern. Participants in the AI-source condition reported sig-
nificantly higher negative emotions than those in the human-
source condition, whereas quality (good vs. faulty) did not yield 
significant main effects and did not reliably interact with source. 
For the more differentiated responses and behavioural inten-
tions, direct effects of the experimental factors were weaker: 
identity threat showed a main effect of source (higher under AI 
than human), whereas realistic threat, intergroup anxiety, and 
intentions did not differ significantly as a function of source, 
quality, or their interaction.

Given that the ANCOVAs showed significant effects only for 
source attribution, these preliminary results indicate that the AI 
vs. human source was the primary driver of broad negative af-
fect. This empirically supports our decision to focus subsequent 
analyses on the process through which this initial affective re-
sponse relates to more specific downstream appraisals and, ulti-
mately, to intentions. Accordingly, we proceeded to test a staged 
process model using PROCESS Model 81, with source (AI vs. 
human) as the predictor, negative emotions as the first-stage me-
diator, and identity threat, realistic threat, and intergroup anx-
iety specified as second-stage mediators operating in parallel 
and conceptually closer to intentions. This approach allows us 
to assess whether the impact of source attribution on intentions 
is better captured by indirect pathways—via an initial negative 
emotional reaction and subsequent threat- and interaction-
related responses—rather than by direct mean differences on 
each downstream outcome in isolation.

4.3   |   Mediational Analyses: Direct and Indirect 
Effects

A staged mediation model (PROCESS, Model 81; Hayes  2018) 
was estimated to examine whether the effect of the experimental 
condition (X) on participants' intentions to use AI (Y) was me-
diated by negative emotion (M1) in a first stage, and by anxiety 
(M2a), realistic threat (M2b), and identity threat (M2c) entered 
in parallel as downstream mediators. The model included age, 
gender, and educational level as covariates. All model estimates, 
including direct and indirect effects, are reported in Table  2 
(See also the Supporting Information for additional robustness 
checks, including alternative model specifications, a model re-
estimated with Quality and the Source × Quality interaction 
entered as covariates, and a further model re-estimated after 
removing the anxiety item from the negative-emotions compos-
ite to minimize conceptual overlap with intergroup anxiety; in 
all cases, the overall pattern of results remained substantively 
unchanged).

The experimental manipulation significantly increased negative 
emotions, which were in turn positively associated with realistic 
threat, identity threat, and intergroup anxiety. By contrast, the ma-
nipulation had no direct effect on these downstream responses. 
When predicting intentions, intergroup anxiety emerged as the 
only significant predictor, whereas negative emotions, realistic 
threat, and identity threat were not significant. The direct effect of 
the experimental manipulation on intentions was not significant, 
and the total effect was also not significant (see Figure 1).

Pairwise bootstrap contrasts revealed that the only significant 
indirect effect, linking the experimental condition to reduced 
intentions via negative emotions and intergroup anxiety, was 
also significantly stronger than all alternative pathways tested. 
Specifically, it was larger in magnitude than the indirect path 
through negative emotions and realistic threat (Δ = −0.08, 
SE = 0.038, 95% CI [−0.1704, −0.0182]), the path through neg-
ative emotions and identity threat (Δ = −0.11, SE = 0.05, 95% CI 
[−0.2290, −0.0288]), and the path through negative emotions 
alone (Δ = −0.08, SE = 0.04, 95% CI [−0.1677, −0.0229]). All 
other contrasts were non-significant, with confidence intervals 
including zero. This pattern supports the conclusion that the 
dominant mechanism linking exposure to AI-generated content 
and reduced intentions to use AI operates through a sequential 
process of affective reactivity and intergroup anxiety, rather 
than through threat-based appraisals alone.

5   |   Discussion

The present study provides a comprehensive investigation into 
how exposure to AI-generated content elicits emotional and cog-
nitive responses, and how these responses relate to behavioural 
intentions.

One of the primary questions concerned the role of AI output 
quality versus source attribution in shaping early affective re-
actions (H1). While the present study did not experimentally 
manipulate performance quality, the inclusion of AI-generated 
videos containing typical hallucinations allowed for an indirect 
assessment of this factor. The results suggest that negative emo-
tional responses are driven primarily by the source of the content 
(i.e., AI versus human) rather than by the presence of errors or 
distortions in the output (e.g., AI-hallucinations). Importantly, 
participants responded with negative emotions even when the 
AI outputs were technically flawless. This suggests that it is not 
the quality of the product that determines affective reactions, 
but the meaning attributed to the source. Knowing that a con-
tent was created by AI appears sufficient to generate emotional 
discomfort independently of accuracy. These results align with 
theories of AI aversion, which posit that the label “AI” acti-
vates cognitive representations of non-humanness, artificiality, 
and lack of authenticity, translating into negative emotional 
responses (Burton et  al.  2020; Gaube et  al.  2021; Jussupow 
et al. 2020; Mahmud et al. 2022). Although flawed outputs may 
signal fallibility and potentially attenuate threat appraisals, 
even imperfect AI content elicited stronger negative affect than 
human-generated material.

Yet, several other interpretations can be proposed. For example, 
exposure to AI's ability to generate seemingly realistic scenes, 
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even when these outputs contain occasional hallucinations, 
may activate cognitions about how such capabilities could be 
used to create convincing deepfakes (i.e., AI-generated media 

in which a real person's appearance or voice is realistically fab-
ricated or manipulated without their involvement). Another 
interpretation could be that the quality manipulations (e.g., 

TABLE 2    |    Unstandardized and standardized coefficients for the mediation model (PROCESS Model 81).

Predictor Outcome β b SE t p 95% CI R2

Experimental condition Negative emotions 0.33 0.29 0.07 4.14 < 0.001 [0.15, 0.43] 0.19

Age 0.04 0.00 0.01 0.50 0.615 [−0.01, 0.02]

Gender −0.18 −0.41 0.19 −2.13 0.035 [−0.79, −0.03]

Education −0.12 −0.09 0.06 −1.43 0.155 [−0.21, 0.03]

Experimental condition Realistic threat 0.02 0.03 0.10 0.26 0.794 [−0.17, 0.22] 0.24

Negative emotions 0.32 0.43 0.11 3.76 < 0.001 [0.20, 0.65]

Age 0.19 0.02 0.01 2.44 0.016 [0.00, 0.03]

Gender 0.01 0.03 0.25 0.12 0.902 [−0.47, 0.53]

Education −0.25 −0.26 0.08 −3.14 0.002 [−0.42, −0.09]

Experimental condition Identity threat 0.08 0.11 0.11 1.03 0.307 [−0.10, 0.33] 0.24

Negative emotions 0.36 0.54 0.13 4.16 < 0.001 [0.28, 0.79]

Age 0.09 0.01 0.01 1.16 0.246 [−0.01, 0.03]

Gender 0.02 0.05 0.29 0.19 0.850 [−0.51, 0.62]

Education −0.21 −0.24 0.09 −2.63 0.010 [−0.43, −0.06]

Experimental condition Intergroup anxiety −0.07 −0.08 0.09 −0.81 0.418 [−0.26, 0.11] 0.23

Negative emotions 0.42 0.54 0.11 4.92 < 0.001 [0.32, 0.75]

Age 0.20 0.02 0.01 2.56 0.011 [0.00, 0.03]

Gender 0.14 0.41 0.24 1.67 0.097 [−0.07, 0.89]

Education −0.12 −0.12 0.08 −1.52 0.131 [−0.28, 0.04]

Experimental condition Intentions to use AI 0.11 0.18 0.12 1.42 0.160 [−0.07, 0.42] 0.33

Negative emotions −0.08 −0.14 0.16 −0.85 0.396 [−0.46, 0.18]

Realistic threat 0.13 0.17 0.19 0.91 0.365 [−0.21, 0.55]

Identity threat 0.02 0.02 0.15 0.15 0.878 [−0.28, 0.33]

Intergroup anxiety −0.62 −0.87 0.14 −6.03 < 0.001 [−1.16, −0.59]

Age −0.01 0.00 0.01 −0.14 0.892 [−0.02, 0.02]

Gender −0.08 −0.35 0.33 −1.06 0.291 [−1.00, 0.30]

Education 0.03 0.04 0.11 0.41 0.685 [−0.17, 0.26]

Indirect effects b β SE 95% CI

Experimental condition → negative emotions → intentions −0.04 −0.03 0.05 [−0.13, 0.05]

Experimental condition → realistic threat → intentions 0.00 0.00 0.03 [−0.05, 0.07]

Experimental condition → identity threat → intentions 0.00 0.00 0.03 [−0.05, 0.06]

Experimental condition → intergroup anxiety → intentions 0.07 0.04 0.08 [−0.09, 0.22]

Experimental condition → negative emotions → realistic threat → intentions 0.02 0.01 0.03 [−0.03, 0.08]

Experimental condition → negative emotions → identity threat → intentions 0.00 0.00 0.03 [−0.05, 0.06]

Experimental condition → negative emotions → intergroup anxiety → intentions −0.14 −0.09 0.04 [−0.23, −0.07]

Total effect 0.10 0.06 0.14 [−0.17, 0.36]

Note: Analyses are based on N = 134 due to missing responses on certain scales.
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pixelation and shakiness for human videos, physical impossi-
bility for AI) were not perceived as psychologically equivalent 
in terms of error salience or significance. Alternatively, the ex-
perimental context may have led participants to focus primarily 
on the provided label (“AI” vs. “human”), with source attribu-
tion overshadowing any impact of output quality—possibly 
amplified by the explicitness of the instructions. Finally, it is 
possible that the brief exposure and limited personal relevance 
of the stimuli reduced the sensitivity of the measures to detect 
subtler quality effects.

Taken together, these considerations suggest that source attri-
bution may operate as a particularly strong trigger of early nega-
tive affect. Future studies might benefit from more immersive or 
ecologically valid manipulations of quality, as well as the inclu-
sion of manipulation checks to clarify how participants interpret 
and evaluate different types of errors.

Apart from the effect of source attribution and quality, the study 
examined how these initial negative emotional reactions re-
late to more differentiated downstream responses (H2). In this 
study, even in the absence of direct interaction, participants 
reacted with heightened intergroup anxiety when exposed to 
AI-generated videos, suggesting that intergroup anxiety may 
function as a key anticipatory, social-evaluative mechanism 
linking early affective discomfort to behavioural intentions. 
In this regard, recent findings indicate that, when confronted 
with AI, individuals' resistance and avoidance are driven less by 
abstract collective concerns and more by perceived individual-
level implications—such as anxiety over personal evaluation, 
fears of being treated as interchangeable, and doubts about the 
recognition of one's unique characteristics in human–AI inter-
actions (Zhou et al. 2022). These individual-level appraisals may 
foster intergroup anxiety, making the psychological boundary 
between “self” and “machine” particularly salient in shaping re-
sponses to generative AI.

At the same time, negative emotions were also associated with 
stronger perceptions of both realistic threat (e.g., concerns about 
jobs, resources, and control) and identity threat (e.g., challenges 
to human distinctiveness, status, and autonomy), consistent 

with the idea that an early global affective signal is quickly tied 
to more specific meanings about what is at stake. However, 
in the process model, these threat appraisals did not uniquely 
predict lower intentions to use AI once intergroup anxiety was 
taken into account, suggesting that they may operate as part of 
a broader threat “landscape” that co-occurs with anxiety rather 
than as independent pathways. Consistent with a staged pro-
cess, generalized negative emotions appear to capture an early 
affective signal, whereas intergroup anxiety reflects a more 
proximal, interaction-focused response that is conceptually 
closer to avoidance.

Finally, the study investigated whether downstream responses 
predict future intentions to use AI systems (H3). The results in-
dicate that intergroup anxiety plays a particularly central role in 
translating exposure to AI into reduced willingness to engage 
with AI technologies.

Taken together, these findings support the view that generative 
AI may be perceived as a socially relevant outgroup capable of 
challenging human uniqueness and competence, consistent 
with prior evidence showing that AI performing human-like 
creative tasks evokes heightened negative appraisal (Gabbiadini, 
Ognibene, et  al.  2024; Xu et  al.  2024). From the perspective 
of Intergroup Threat Theory (Stephan et  al.  2008), symbolic 
threats (e.g., challenges to identity, creativity, and social status) 
and realistic threats (e.g., employability, autonomy, and con-
trol) may contribute to early negative affect, but it is the antic-
ipatory anxiety surrounding potential interaction with AI that 
most directly informs avoidance-oriented intentions. It is also 
possible that negative emotions are largely channelled through 
intergroup anxiety, which then directly shapes behavioural in-
tentions, or that the threat constructs measured here share sub-
stantial variance and therefore do not emerge as independent 
mediators once modelled simultaneously. These findings under-
score the need for further theoretical refinement—clarifying the 
unique versus shared contributions of different threat-related 
and affective constructs—and for studies using larger samples 
or alternative analytic strategies (e.g., latent variable modelling, 
longitudinal designs) to better disentangle the causal architec-
ture of emotional responses to AI.

FIGURE 1    |    Simplified mediation model (PROCESS Model 81). Effects of the experimental condition on intentions to use AI through elicited 
negative emotions and their impact on perceived realistic threat, symbolic threat, and intergroup anxiety. Unstandardized regression coefficients are 
reported (see Table 2 for standardized coefficients). ***p < 0.001.
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Integrating these findings with technology adoption models 
such as TAM (Davis 1989) and UTAUT (Venkatesh et al. 2003) 
clarifies why technically valid outputs do not automatically 
increase adoption intentions: participants' affective and social-
evaluative responses appear to override perceived usefulness 
or ease of use. Specifically, intergroup anxiety may reduce the 
predictability of interacting with AI, raising anticipated cogni-
tive and emotional effort. This supports the idea that discomfort 
associated with the AI source can outweigh technical quality or 
output accuracy when it comes to adoption intentions.

These results can also be interpreted in light of research on 
algorithm aversion. While there is evidence of algorithm ap-
preciation—the tendency for individuals to trust algorithmic 
recommendations more than human advice in specific scenarios 
(Logg et al. 2019)—the more pervasive pattern observed among 
lay populations is that of algorithm aversion. In this context, 
people generally display a preference for human guidance over 
AI-generated recommendations and remain reluctant to trust or 
adopt AI systems, even when these algorithms have been shown 
to perform at levels comparable to or exceeding human experts 
(Burton et  al.  2020; Gaube et  al.  2021; Jussupow et  al.  2020; 
Mahmud et al. 2022).

Several studies illustrate this phenomenon across various do-
mains. For instance, Riedl et al. (2024) found that patients con-
sistently prefer interacting with a human doctor above all other 
options, followed by a human doctor who is supported by AI. The 
least preferred scenario, by a significant margin, was interacting 
with an AI system alone. This hierarchy was evident not only in 
general preference, but also across a range of patient outcomes: 
trust in the provider, willingness to disclose personal health 
information, adherence to treatment, and satisfaction were all 
highest when the provider was human. Conversely, distrust and 
concerns about privacy invasion peaked in the AI-alone condi-
tion. Notably, these differences were most pronounced in psy-
chiatric contexts, where empathy, trust, and the sense of human 
connection are particularly salient, thus making exclusive AI 
involvement especially problematic. These findings are in line 
with the pattern observed in our study, where social-evaluative 
discomfort—not system performance—emerged as the most ro-
bust predictor of reduced behavioural intentions.

A similar dynamic is observed in the field of human resources. 
Research shows that recruiters typically report greater trust in 
their own professional judgement than in algorithmic recom-
mendations, even as they recognize the potential for AI to en-
hance recruitment processes, efficiency, and fairness (Ore and 
Sposato 2022). The tension between acknowledging the objec-
tive advantages of algorithmic decision-making and the reluc-
tance to delegate final authority to AI systems exemplifies the 
psychological complexity of algorithm aversion. It underscores 
that factors such as perceived empathy, accountability, and 
the anticipation of being evaluated or misrecognized by a non-
human agent remain crucial to human acceptance and integra-
tion of AI across domains.

Nevertheless, while these findings highlight how AI can elicit 
patterns of aversion and distrust similar to those experienced to-
ward human outgroups, it is crucial to recognize that AI agents 
fundamentally differ from traditional social groups. Unlike 

human social groups, AI lacks shared history, intentionality, 
agency, and a sense of collective identity, which may render 
the boundaries between groups more ambiguous. While highly 
competent AI systems may indeed trigger both symbolic threats 
(e.g., challenging human uniqueness, creativity, or autonomy) 
and realistic threats (e.g., concerns over professional security 
or job displacement), the core driver of defensive reactions may 
lie in the affective discomfort and anticipatory anxiety related 
to imagined interaction, rather than in zero-sum intergroup 
conflict.

Noteworthy, a growing literature suggests that, because AI 
does not possess genuine agency, consciousness, or a shared 
social trajectory, individuals may not spontaneously perceive 
it as a social group in the sense outlined by Intergroup Threat 
Theory (Złotowski et  al.  2017; Bartneck et  al.  2009). Instead, 
threat responses to AI are likely to be more diffuse, less rooted 
in established intergroup schemas, and shaped by alternative 
psychological processes. These include mind perception (the 
tendency to attribute mental states to non-human agents), an-
thropomorphism (assigning human-like qualities to machines), 
and technological essentialism (perceiving technology as inher-
ently different from biological entities; Waytz et al. 2010). This 
suggests that intergroup anxiety in response to AI may operate 
drawing on the conventional social-cognitive mechanisms of 
group categorization, acting more as a response to ambiguous 
agency or uncanny intentionality than to clear outgroup mem-
bership. Such distinctions highlight the need for future research 
to deepen the conditions and the individual differences leading 
people to categorize AI as a “social outgroup” capable of elicit-
ing intergroup-like threat and anxiety. This also calls for a more 
integrative theoretical approach, combining ITT with com-
plementary models of social cognition, mind perception, and 
human–machine interaction.

Our results are consistent with this account. Participants ex-
posed to AI-generated content—even when technically flaw-
less—reported lower future intentions to engage with AI 
systems, mirroring the mechanisms of algorithm aversion. In 
this study, negative affect and intergroup anxiety appear to 
function as key psychological intermediaries through which 
algorithmic competence is translated into avoidance behaviour. 
In other words, the mere knowledge that the content was pro-
duced by an AI system triggers early negative affect, followed 
by anticipatory anxiety about future engagement, which in turn 
reduces willingness to adopt or interact with AI. These results 
underscore that algorithm aversion is not merely about errors 
or performance quality, but about the perceived social and eval-
uative implications of AI—particularly when AI is framed as a 
capable, autonomous, and human-like agent.

5.1   |   Limitations and Future Directions

Despite the theoretical and empirical contributions of this study, 
several important limitations should be considered. First, all me-
diators and outcomes were assessed at the same post-exposure 
time point. As a result, the staged process that we propose, 
where negative emotions precede threat appraisals and inter-
group anxiety, should be interpreted as a theoretically guided 
model of associations, not as definitive evidence of temporal 
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or causal ordering. Future research should therefore test these 
pathways using designs that allow temporal precedence to be 
established more rigorously, for example by measuring media-
tors and outcomes at multiple time points or by experimentally 
manipulating specific mediators (e.g., anxiety, threat salience). 
Such approaches would provide a stronger empirical basis for 
inferring causal mechanisms in emotional and intergroup re-
sponses to generative AI.

Second, the design involved brief, laboratory-based exposure 
to videos labelled as either AI- or human-generated. While 
this approach ensured a high degree of experimental control, it 
does not reflect the ongoing and evolving nature of real-world 
human–AI interactions. In daily life, repeated exposure to AI 
tools, gradual habituation, and the accumulation of experiences 
can lead individuals to recalibrate their expectations and possi-
bly develop more nuanced or even positive attitudes toward AI 
over time. The short, decontextualized exposure used here may 
therefore capture only initial, surface-level reactions rather than 
the dynamic shifts that occur with increased familiarity. Future 
research would benefit from longitudinal or repeated-exposure 
designs, enabling a more realistic exploration of how threat per-
ceptions, anxiety, and acceptance of AI evolve with sustained 
interaction.

Third, the study relied exclusively on self-report measures to as-
sess threat perception and anxiety. While these constructs are 
inherently subjective, this methodological choice limits the in-
terpretability of the findings and may not fully capture the com-
plexity of participants' responses. Self-reports are susceptible to 
social desirability bias and may fail to detect subtle or implicit 
affective reactions. Future studies could enhance validity by in-
tegrating behavioural tasks that assess actual engagement with 
or avoidance of AI tools.

Fourth, the generalizability of the results is limited by the spe-
cific sample and sociocultural context. Perceptions of AI are 
shaped not only by individual experiences, but also by broader 
cultural narratives, policy discourse, and labour market condi-
tions. In societies where AI is promoted as a symbol of progress 
and national achievement, people may perceive AI as an oppor-
tunity rather than a threat. Conversely, in contexts marked by 
economic uncertainty or job insecurity, the same technologies 
may intensify feelings of vulnerability. Furthermore, demo-
graphic factors such as age, occupation, and technological lit-
eracy are likely to moderate these responses. To address these 
complexities, future research should prioritize cross-cultural 
comparisons and consider socio-demographic moderators to 
better capture the diversity of human–AI relations.

Finally, the ecological validity of the experimental manipulation 
warrants consideration. The use of brief, explicitly labelled vid-
eos may not be sufficient to activate the deeper social-cognitive 
processes posited by theories of intergroup threat. In real-world 
settings, interactions with AI typically unfold over time, are 
embedded in complex social and organizational environments, 
and involve richer feedback and interpersonal cues. The mini-
mal and artificial nature of the experimental stimuli may have 
prompted only transient or superficial reactions, potentially 
inflating the salience of the “AI” label due to explicit instruc-
tions. Future studies should strive for greater ecological validity 

by employing longer, interactive tasks, naturalistic scenarios, 
or even field studies to determine whether the mechanisms ob-
served in the lab are robust and generalizable to real-world en-
counters with AI.

With regard to ecological validity, another limit is represented 
by how we operationalized output quality. In our design, low-
quality AI videos involved a semantic/physical violation (a 
visually plausible but physically impossible shot), whereas low-
quality human videos were degraded via pixelation and camera 
shakiness. This asymmetry reflects a broader methodological 
challenge: typical generative AI “errors” in video are hallucina-
tions (violations of what happens in the scene), whereas human 
errors are more often technical (how the scene is recorded). For 
ecological reasons, we chose stimuli that were representative of 
these different error types, as this was arguably the most real-
istic way to contrast “typical” AI versus human imperfections. 
However, the two low-quality conditions were therefore not fully 
equivalent; therefore, results should be interpreted with caution. 
Future studies should aim for more closely matched quality ma-
nipulations across sources, ideally combined with manipulation 
checks of perceived error type and severity.

6   |   Conclusion

Overall, the present findings underscore that generative AI is 
not perceived solely as a neutral technological tool, but as a so-
cially meaningful outgroup that activates cognitive and affec-
tive mechanisms typically reserved for human social categories. 
Exposure to AI-generated content—even when technically 
flawless—can elicit both symbolic and realistic threats, negative 
emotions, and anticipatory intergroup anxiety. This tendency 
aligns with broader patterns of algorithm aversion, where in-
dividuals prefer human input over AI guidance not necessarily 
due to error rates, but because of the perceived social and evalu-
ative significance of interacting with a competent, autonomous 
agent. These affective responses play a pivotal role in shaping 
behavioural intentions, influencing whether people embrace or 
avoid AI systems.

Given AI's growing presence in everyday life—including com-
munication, information-seeking, and professional decision-
making—these psychological mechanisms have important 
implications for the design and deployment of AI technolo-
gies. The findings suggest that it is insufficient to optimize AI 
solely for technical performance or efficiency; human affective 
and cognitive responses, such as perceived threat and social-
evaluative apprehension, must be actively addressed to ensure 
user acceptance and positive engagement. Designing AI as a 
supportive and complementary partner, rather than as a replace-
ment for human abilities, may help mitigate negative emotions, 
reduce anticipatory intergroup anxiety, and foster greater will-
ingness to engage.

This approach is consistent with the principles of Augmented 
Intelligence, which emphasize the enhancement of human ca-
pacities through AI collaboration rather than substitution. By 
recognizing and addressing the psychological reactions AI 
provokes—including concerns about autonomy, identity, and 
social status—developers and policymakers can maximize the 
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benefits of both human and artificial intelligence while mini-
mizing resistance and emotional barriers. Successful AI integra-
tion, therefore, hinges as much on understanding and managing 
human psychological responses as on technological innovation 
itself, pointing toward a future where collaborative, human-
centred AI applications can support rather than threaten human 
functioning.

The implications of these findings extend directly to AI com-
munication strategies and design practices. Even minimal cues 
of AI involvement can trigger negative emotions and anticipa-
tory anxiety, regardless of the objective quality of AI outputs. 
This highlights the need for thoughtful framing and attribution 
of AI in user-facing contexts. Presenting AI as an assistive or 
collaborative tool—rather than as a competitor or replace-
ment—can help reduce symbolic threat and intergroup anxiety. 
Transparent communication about AI's limitations, its reliance 
on human oversight, and its specific role within broader socio-
technical systems can reduce ambiguity and foster trust.

Furthermore, organizational policies and training programs 
that normalize positive human–AI collaboration, offer gradual 
exposure, and explicitly address concerns about loss of unique-
ness or status may be key in reducing resistance. Interface de-
signs that humanize AI, foreground shared goals, and support 
user agency can further buffer against threat perceptions, facili-
tating more adaptive and positive integration of AI technologies.
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Supporting Information

Additional supporting information can be found online in the 
Supporting Information section. Data S1: Supporting Information. 
Video S1: AI-generated, low-quality (with hallucinations). Video used 
in the experimental manipulation for the AI-generated/Low-quality 
condition (containing typical generative AI hallucinations). Video S2: 
AI-generated, high-quality (no hallucinations). Video used in the ex-
perimental manipulation for the AI-generated/High-quality condition 
(no AI-related hallucinations). Video S3: Human-made, low-quality 
(with errors). Video used in the experimental manipulation for the 
Human-made/Low-quality condition (with visual distortions). Video 
S4: Human-made, high-quality (no errors). Video used in the experi-
mental manipulation for the Human-made/High-quality condition (no 
visual distortions). 
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