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As Al-based technologies such as ChatGPT are increasingly used across various sectors,
understanding how people conceptualize artificial intelligence (Al) is crucial for anticipating public

response and developing Al technologies responsibly '. We hypothesize that public perceptions of Al
are rapidly evolving, and that these perceptions inform not only how people use Al, but also the extent
to which they trust it and the role they believe it should play in their lives - if at all. However, beliefs about
complex sociotechnical systems like Al are nuanced and hard to articulate®™, especially using
traditional self-reporting methods where people may struggle to clearly articulate their implicit
attitudes about emerging technologies °. To overcome these limitations, we collected over 12,000
open-ended metaphor responses over 12 months from a nationally representative U.S. sample and
developed a systematic framework to quantitatively analyze them. Here we show that US Americans
perceive Al as warm and competent, with attributions of human-likeness and warmth increasing
significantly in the year after ChatGPT was introduced, and that these perceptions strongly predict
trust and willingness to adopt Al technologies. We also identify important demographic variations, with
women, older individuals, and people of color more likely to attribute human-like qualities to Al, helping
explain disparities in trust and adoption rates. This scalable metaphor analysis approach enables
tracking multifaceted public attitudes to inform Al governance, revealing how perceptions influence

technology adoption across different populations.

Advances in large language models (LLMs) have catalyzed widespread
public interest in artificial intelligence (AI), with over 90% of US Americans
having heard of Al and tools like ChatGPT receiving over a billion queries a
day®. The integration of Al into many facets of life raises important ques-
tions about what this change means for society”*. While some forecast Al to
become a transformative tool for productivity’ or a trusted assistant for
personal tasks'’, others express concerns. For instance, many fear that
individual reliance on Al can impair critical thinking processes' and that
organizational adoption of Al may replace jobs and threaten livelihoods'>".

These perceptions are important determinants of crucial decisions,
such as whether individuals will choose to use it, whether industries will
adopt it, and whether the public will support or reject regulatory measures
regarding AI'. For example, an individual’s decision to use Al to answer
their questions, process their emotions, or assist them with their work is
highly dependent on their perception of the system’s capabilities.

Decisions to regulate Al are also fundamentally shaped by perceptions about
these systems, such as whether they provide opportunities for growth or
threats to human progress’”. Understanding public perceptions of Al is
therefore integral to tracking how society is responding to the widespread
adoption of Al and anticipating whether the extent to which they trust it
going forward.

Perceptions about new technologies, however, can be difficult to cap-
ture using traditional survey measures™'*". People often struggle to verba-
lize their nuanced perceptions of complex sociotechnical systems like Al,
particularly when they have less experience with them'®"” We therefore
complement existing, large-scale survey investigations into public percep-
tions of Al (e.g., refs. 20,21) by analyzing the metaphors people use to
describe Al People have long used metaphors to communicate complex
ideas, like the turbulence of emotions (“rollercoaster of feelings”) or the
value of digital resources (“data is the new oil”)*>. The metaphors people use
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to understand AI (“as a personal assistant”, “as a tutor”) can reveal the rich,
implicit, and nuanced ways they are responding to the recent widespread
adoption of this technology.

We investigate the dynamics of US Americans’ perceptions of Al by
collecting over 12,000 metaphorical descriptions of Al from a nationally
representative U.S. sample between May 2023 and August 2024, a period
that captured a major increase in public attention with generative Al given
the introduction of ChatGPT*. We use computational methods to analyze
this large-scale dataset and address three core research questions:

First, how do members of the public conceptualize Al, and how do
these conceptualizations vary across demographics? Examining the meta-
phors people use to describe novel developments, like Al through analogies
to familiar concepts (“Al is a friendly teacher” vs. “Al is a powerful brain”)
can provide insight into how different people are thinking and responding
to societal changes™”. Building on prior work indicating demographic
differences in perceptions of Al (i.e., where women were more likely to
express concern or distrust than men’***”’), we examine how age, gender,
race, education, and work experience shape the dominant metaphors people
of different backgrounds use to understand Al.

Second, are public perceptions of Al evolving over time, and if so, in
what ways? The temporal nature and large scale of our dataset enable us to
examine shifts in how people are thinking about AI by assessing changes in
their metaphors. While “AI” was once a relatively niche technical term”, it is
increasingly associated with user-facing large-language models (LLMs) and
chatbots with conversational interfaces®'. Just as Steve Jobs once marketed
the laptop as “a bicycle for the mind”, Al is increasingly marketed to the
public as “assistants,” “agents,” “copilots,” or even “companions.” We
examine if people draw on similar themes when asked to describe Al in their
own words by using NLP methods to measure two types of implicit per-
ceptions from our metaphors dataset: (1) anthropomorphism—the attri-
bution of human-like qualities—which we measure using AnthroScore, a
method for surfacing implicit framings via language model (LM)-based
probabilities”, and (2) perceptions of Al as a social entity—specifically
warmth and competence—using semantic axes constructed with LM-based
embeddings™. Our findings allow us to examine whether people are viewing
Al as more similar to humans, and if so, the extent to which they view them
as friendly and capable.

Finally, can examinations of metaphors of AT help us understand who
chooses to trust and adopt AI? Warmth and competence are integral
dimensions of how people form impressions of social actors’*’. The extent
to which people believe that others have warm, positive intentions and are
capable of carrying out given tasks is are strong predictor of people’s atti-
tudes, such as their trust in new technologies and willingness to adopt them
in the future'*”~*. A broad literature has examined factors influencing trust
in and adoption of Al such as demographic characteristics, political
orientation, and media exposure®. Building on prior findings that percep-
tions of warmth and competence predict trust and willingness to adopt
AT"™, we hypothesize that metaphors and implicit perceptions offer
additional explanatory power.

Metaphors are powerful cognitive and linguistic tools that help people
understand information by distilling complex concepts into more accessible
ones through analogies™**'. Decades of psychological research demonstrate
that the metaphors people use to understand abstract concepts, like crime,
illness, and intelligence, can unconsciously change their behaviors™*. For
example, those who viewed local crime as a “virus” infecting their city were
more likely to empathize with its perpetrators than those who viewed crime
as a “beast” preying on their city; framing crime as a virus caused people to
endorse rehabilitative policies over punitive measures**.

Because they help people make sense of unfamiliar concepts, meta-
phors have long been used to help people understand new technologies.
Early metaphors of the Internet as a “superhighway” that could connect
users to diverse digital destinations and the later metaphor of “surfing the
web” that suggests the Internet as a vehicle for exploration*. Examining the
metaphors people use to describe novel developments, like Al through
analogies to familiar concepts (“Al is a friendly teacher” vs. “Al is a powerful

brain”) can provide insight into how different people are thinking and
responding to this recent societal change™*’. Past work'” conducted a survey
of 727 participants and identified some of the most common roles that
people attribute to Al such as seeing them as including tools, servants, and
assistants. We build on this work with a larger, more diverse sample of the
US population and contribute a scalable approach for identifying these
mechanisms at scale.

People’s implicit perceptions play a powerful role in shaping human
interactions with technology. Even when people interact with the same
system, they can interpret the qualities of the system in vastly different
ways that affect their trust and engagement. Understanding these per-
ceptual differences is vital for building and deploying AI responsibly.
Because the inner workings of these systems are often “black boxes”,
individuals rely on their intuitive beliefs when communicating with and
through AI". Similarly, the effects of interacting with Al depend on how
people perceive and interpret their experiences with these complex socio-
technical systems.

Past work has conducted extensive investigations into the different
ways that people perceive Al-based technologies™***. While people’s per-
ceptions of Al vary depending on the context (ie., a chatbot used for
tutoring vs. a chatbot used as a medical scribe), three broad domains emerge
as important drivers of human-Al interactions’**"": anthropomorphism,
warmth, and competence.

Anthropomorphism refers to the process of viewing non-human
entities as having humanlike characteristics, such as believing them to have
cognitive abilities and the capacity for emotion®". Research on the
computers-as-social-actors framework demonstrates that people often
intuitively treat technologies as humanlike, as seen in people’s tendencies to
apply politeness norms to conversations with chatbots without realizing it™”.
Indeed, numerous studies have found that people commonly anthro-
pomorphize LLM-based technologies™. While increased anthro-
pomorphism is associated with a greater willingness to trust in Al, this
introduces both opportunities to support people in obtaining benefits from
engaging with Al but also risks for over-reliance”". Prior work has also
shown that users are generally skeptical of Al occupying socially intimate
roles (e.g., as friends or partners), but such attitudes are often mediated by
technological familiarity and acceptance™, suggesting these views may have
shifted alongside recent Al advancements.

When people anthropomorphize technologies, they also view them in
terms of their warmth and competence - two foundational dimensions of
how people form impressions of social actors’™”. Warmth refers to the
extent that an entity is seen as friendly, trustworthy, kind, and caring.
Competence refers to an entity’s ability to act and captures beliefs about
whether they are capable and intelligent. The extent to which people believe
that others have warm, positive intentions and are capable of carrying out
given tasks is are strong predictor of people’s attitudes, such as their trust in
new technologies and willingness to adopt them in the future” ™. These
dimensions are not only applied to humans® but also extend to non-human
entities, including robots and other technologies”, and impact attitudes
towards technology, e.g., people prefer Al agents that seem less competent™,
and people rely more on Al that they perceive as warm™.

A broad literature has examined factors influencing trust in and
adoption of Al such as demographic characteristics, political orientation,
and media exposure®. We focus on two core aspects of public attitudes
toward Al trust in Al and willingness to adopt Al A certain level of trust is
necessary for effective and beneficial integration of Al into society®'; lack of
trust and unwillingness to adopt AI may lead to under-use and missed
opportunities to improve people’s lives””. However, excessive trust or pre-
mature adoption can also be dangerous, leading to over-reliance, inaccurate
expectations of Al capabilities, and other harms®**. Over-trust can also
obscure the real, ongoing harms that Al systems already impose, including
the amplification of social inequalities”™, surveillance and erosion of
privacy”, and the marginalization of vulnerable groups®. Moreover, public
fear or backlash fueled by misplaced trust can divert attention away from
addressing these concrete harms, instead focusing on speculative or
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exaggerated risks”. Understanding these variables is thus critical to shaping

societal outcomes of Al

Building on prior findings that perceptions of warmth and competence
predict trust and willingness to adopt AI"**, we hypothesize that metaphors
and implicit perceptions offer additional explanatory power in under-
standing trust and adoption. We thus examine whether these metaphorical
and perceptual features can explain more variance in trust and adoption
than demographics alone. These results suggest that metaphors and social
perceptions can advance our understanding of how the public evaluates and
engages with AL

Methods

Participants & dataset. We recruited 12,933 participants from the
crowdsourcing platform Prolific between May 2023 and August 2024,
with approximately 1000 individuals recruited each month, as part of a
larger project understanding the US population’s experiences with Al
We note that over the 16-month period, we were unable to collect data
during July 2023 and May-July 2024 due to technical issues; thus, we have
responses over 12 months total. We excluded a total of 30 participants for
providing an invalid age (e.g., below 18, over 100; n = 9) and for com-
pleting the survey in an unusually short time (e.g., under three minutes; n
= 21). All survey procedures were approved by the Salus Institutional
Review Board, and all participants were financially compensated. We
assessed the degree to which the samples each month were nationally
representative of the US population by using the American National
Election Studies’ raking algorithms™*”'. The analysis revealed that our
data were nationally representative of the US population with respect to
gender, ethnicity, education, and age overall, as none of the variables
differed by a margin of more than 0.5%, therefore, weights were not
applied. The weighting benchmarks for ensuring that our sample is
representative were drawn from’”’s comprehensive framework based on
nine population datasets of the United States, and updated according to
Pew Research’s 2020 study of the American Electorate”.

The full participant demographics are as follows: 46% were men (n =
5929), 52.3% were women (1 = 6748), and 1.8% were non-binary (n = 226).
On average, our sample was relatively diverse: 66.2% identified as white (n =
8536), 14.2% as Black or African American (n = 1838), 8.8% as Asian or
Asian American (n = 1135), 7.4% as Hispanic or Latino (n = 958), 0.6% as
American Indian or Native American (n = 79), 0.2% as Pacific Islander or
Alaska Native (n = 30), and 2.5% as another race or ethnicity (n = 327). They
represented a broad range of ages, ranging from 18 to 98, with an average age
of 37.6 years old (SD = 11 years). The sample was relatively well-educated:
approximately 15.4% attended some college (n = 1992), 9% received their
Associate’s degree (n = 1177), 44.2% received their Bachelor’s degree (n =
5705), 18.3% received their Master’s degree (n = 2359), 2.5% received their
Doctorate (n = 324) and 2.6% completed a professional school (n = 340),
7.5% completed high school (n = 964) and 0.3% completed some high
school (n = 42).

After obtaining informed consent from participants, we elicited
metaphors from participants by asking them: “Some people use metaphors
to describe abstract concepts, like AI. What is the best metaphor for how AI
works?” They were encouraged to use their own words and were assured
that there were no wrong answers. We specified that the task was not about
assessing their comprehension of the details of how AI works, but rather
about understanding their thoughts (“This is not about accuracy as much as
understanding how you are thinking”). Participants entered their answer
into an open text box in the form “Al is like

because . Note that although our prompt is a
simile, we use the term metaphor throughout to tie into the broader lit-
erature on conceptual metaphors and framing, which encompasses both
similes and metaphors.

Next, participants completed a series of survey measures related to
their experiences with and attitudes toward AL We assessed the frequency of
each individual’s Al use by asking them to indicate if they had heard of or
used 8 of the most commonly used, consumer-facing tools: ChatGPT,

DALL-E, Claude, Bard, Anthropic, Midjourney, Gemini, and Perplexity.
They could also write in the names of additional Al tools that they used. To
assess general trust in Al, we used a 3-item survey measure adapted from
past research investigating trust in human- vs. Al-generated content’. This
measure builds on the Organizational Model of Trust, which has been
widely used to study trust in technologies and products’ and conceptualizes
trustworthiness in terms of three dimensions: (1) ability to achieve core tasks
effectively (“I believe that AI will produce output that is accurate.”), (2)
benevolence to produce positive outcomes for the public (“I believe that AI
will have a positive effect on most people.”), and (3) integrity in facilitating
user safety (“I believe that AI will be safe and secure to use). In line with past
work™”*, we combined these three items by calculating their mean. The trust
measure demonstrated good internal reliability (Cronbach’s o =0.83).
Another important indicator of trust of Al focuses on assessing individuals’
willingness to complete actions that would involve giving information to an
Al system’®. We adapted a series of 5 items that have been validated in prior
international research’ to examine how willing participants were to rely on
information provided by Al, depend on decisions made by Al share rele-
vant information about themselves to enable Al systems to do tasks for
them, allow their data to be used by Al and share their feelings with AL
Items were scored on a 7-point Likert scale (1 = completely unwilling, 7 =
completely willing), and composited into averages in line with past work'*”.
The measure had good reliability (Cronbach’s a=0.80). Specifically, to
measure trust, the survey items assessed people’s perceptions of (1) AI's
ability to achieve core tasks effectively (“I believe that AT will produce output
that is accurate”), (2) AI's benevolence to produce positive outcomes for the
public (“I believe that AT will have a positive effect on most people”), and (3)
AT’s integrity in facilitating user safety (“I believe that AI will be safe and
secure to use.”). All items were scaled on a 5-point Likert scale (1 = strongly
disagree, 5 = strongly agree) and composited into a trust index in line with
Ma et al. (2017) and ref. 74. For willingness to adopt Al participants were
asked to indicate how willing they would be to rely on information provided
by Al depend on decisions made by Al, share relevant information about
themselves to enable Al systems to do tasks for them, allow their data to be
used by Al and share their feelings with Al Items were scored on a 7-point
Likert scale (1 = completely unwilling, 7 = completely willing), and com-
posited into averages in line with past work by ref. 14.

Ensuring data quality. We took precautions to account for the possi-
bility that people may use Al to generate inauthentic responses to our
free-response questions by disabling copy/paste and including attention-
check questions”. However, it is still possible that participants may have
used Al to generate their responses to our free-response question. Given
recent research indicating that Al-generated responses to survey ques-
tions tend to be systematically biased towards being more positive and
similar to one another’®, we chose to exclude responses that were extre-
mely similar to those generated by Al to avoid incorporating this skew
into our results. This step is important to ensuring a high-quality dataset
given that previous research indicates that some participants on
crowdworking platforms may be providing low-quality or inattentive
responses”*. Although we note it may be possible for participants to
prompt an LLM to provide metaphors and choose the one that best aligns
with their own perceptions, this metaphor-generation process would be
substantively different than the imaginative, intuitive process of thinking
about and eliciting metaphors of Al on their own®".

Given these considerations, we focused on excluding responses that
were highly similar to outputs from ChatGPT. We evaluated the semantic
similarity of participant responses with those from ChatGPT by entering the
prompt into ChatGPT3.5 100 times, turning all participant-generated and
GPT-generated metaphors into vectors, and using cosine similarity analysis
to identify and exclude 259 metaphors that were highly similar to GPT’s
responses (cosine similarity > 0.85). We chose to focus on ChatGPT3.5
because it was the most common LLM accessible to respondents during the
course of our data collection period. Specifically, Tt filter out potentially AI-
generated responses, we first queried ChatGPT 100 times using variations of
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Table 1 | Examples of identifying Al-generated responses

ChatGPT- generated response

Participant response

Cosine similarity of participant

response to ChatGPT’s
response

Al is a sparkling symphony, each algorithmic note resonating Al is like a cosmic symphony, its algorithms echoing celestial 0.87
together in perfect harmony, creating a technologically driven harmonies. It’s an ethereal maestro orchestrating data’s celestial
orchestra of intelligence. dance, transforming raw notes into intricate melodies of insight.

With each note played, Al unravels the universe’s secrets,

painting a portrait of knowledge, a cosmic symphony of

intelligence.
Al is the conductor of a grand symphony, seamlessly limagine Al as a grand symphony orchestra conductor. Justasa  0.85
orchestrating and harmonizing the diverse instruments of conductor guides and coordinates a vast array of talented
information and knowledge to create a complex and awe- musicians to create a harmonious and captivating performance,
inspiring melody. Al orchestrates a diverse ensemble of algorithms, data, and

computational power to accomplish remarkable tasks.
Al is the conductor of a grand symphony, seamlessly Al can be likened to a vast orchestra of interconnected musical 0.90
orchestrating and harmonizing the diverse instruments of instruments, where each instrument represents a unique
information and knowledge to create a complex and awe- algorithm or data processing unit. The conductor, symbolic of the
inspiring melody. Al's programming, skillfully orchestrates these instruments to

create harmonious melodies of information, adapting and

evolving its symphony based on the data it receives, akin to a

never-ending, self-improving musical composition.
Al is a sparkling symphony, each algorithmic note resonating Imagine Al as a symphony of cosmic instruments. Algorithms 0.85
together in perfect harmony, creating a technologically driven conduct, data fuels the melodies, and users are the audience. Just
orchestra of intelligence. as a conductor shapes music, algorithms shape Al’s output. The

orchestra learns and evolves, creating harmonies from the vast

cosmos of information, all without consciousness but with a

brilliance all its own.
Al is like a digital brain, constantly learning and evolving, capable Al is a gardener, tending a garden of human info. The soil is data, ~ 0.90
of processing and making sense of vast amounts of informationin  the tools are algorithms, and the seeds of information get planted.
the blink of an eye. The growing plants are the evolving insights.
Al is like a garden that continually grows and evolves, nourishing  Alis like a digital gardener tending to the virtual soil of data. ltsows ~ 0.87
ideas and solutions, sprouting new opportunities, and fostering seeds of algorithms and nurtures them with data rain, allowing the
an environment of innovation. garden to flourish and produce the fruits of insights and solutions,

just as a real gardener cultivates a bountiful harvest
Al is like a garden that continually grows and evolves, nourishing Al is a virtual garden where each and every interaction with users,  0.87

ideas and solutions, sprouting new opportunities, and fostering

plants a seed of data. Through continuous learning and cross-

an environment of innovation.

pollination of ideas, the garden grows and evolves into a

flourishing ecosystem of knowledge, with Al acting as the wise
gardener in charge of tending to the growth of understanding.

The metaphor prompt was entered into ChatGPT3.5 100 times, produce outputs such as those in the “ChatGPT-generated response” column. Next, we turned all participant-generated and GPT-generated
metaphors into vectors, and used cosine similarity analysis to identify and exclude 259 metaphors that were highly similar to GPT’s responses (cosine similarity > 0.85).

the prompt we gave to the participants, thus obtaining 100 responses m&*’

where i = 1,..., 100. For each GPT-generated response, we used the sentence
embedding model all-mpnet-base-v2 to generate a 768-dimensional
embedding e(mS*T), thus constructing a set of embeddings

E°PT = {e(m@®T))i = 1,...,100}

representing Al-generated metaphors. We also computed an embed-
ding e(m,) for each participant-written metaphor m,. Then, for each
participant-written metaphor, we measure the cosine similarity sim(e(m,)), e
(mPPT)) between e(m,) and each embedding e(mPT) € E°PT . If any cosine
similarity was greater than 0.85 (a threshold chosen based on manual
inspection of how semantically similar the metaphors are at different
thresholds), we identified it as highly similar to a GPT-generated response
and thus excluded it from the dataset.

We exclude 276 such participant responses, resulting in 11,790 valid
metaphors. As can be seen in Table 1, this set of responses differed from the
human-generated responses because they tended to be substantially longer
on average, frequently used certain words and phrases (e.g., see ref. 78), and
often had more elaborate language (i.e., “Al unravels the universe’s secrets,
painting a portrait of knowledge, a cosmic symphony of intelligence”). We
note that these responses constitute < 2% of our sample and that our results -
which draw upon large-scale, quantitative analysis - remain substantively
unchanged with or without these examples.”

Identifying dominant metaphors through topic modeling. To identify
key thematic clusters in participants’ responses, we use a quantitative,
LM-based topic modeling approach. As shown in Supplementary Fig. 1,
this involved (1) automatic clustering, (2) manual refinement of clusters,
and (3) outlier analysis. First, we removed frequently occurring words
from the response prompt (e.g., “AI” and “artificial intelligence”) from all
metaphors to ensure that the identified clusters were based on meaning
rather than differences in phrasing. The automatic clustering approach
used the state-of-the-art sentence embedding model all-mpnet-base-v2*
to generate a 768-dimensional embedding e(m,) that captured the
meaning of each participant’s metaphor of Al Following standard
practice” and based on qualitative examination of the clusters generated
from varying dimensionalities, these representations were reduced to 20
dimensions using UMAP®* and normalized using the L2 norm to reduce
complexity prior to clustering. We then clustered these representations
with HDBScan, a clustering algorithm that groups similar metaphors
without forcing every metaphor into a group or pre-defining a number of
groups”. The clustering was performed using the BERTopic Python
package®. This process categorized about 80% of the metaphors in one of
50 clusters, while the remaining 20% were considered outliers.

Using iterative discussions and consensus-building methods that are
standard in qualitative coding approaches to developing grounded
theory”*, the research team iteratively grouped the clusters based on the-
matic and conceptual similarities (e.g., combining a cluster about “stringing
together ideas” and a cluster about “a chef combining ingredients” into the
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dominant metaphor of “synthesizer”), focusing on distinctiveness between
and coherence within clusters, until we reached consensus. Specifically,
following the principles of Consensual Qualitative Research (CQR), each
cluster was first coded independently by one of three experts by grouping it
conceptually. Then, the groupings were discussed in weekly consensus
meetings until unanimous agreement was reached. This dialogic adjudica-
tion balances methodological rigor with reflexivity and has been shown to
yield conceptually richer results than purely reliability-based reconciliation
strategies™. This resulted in a final set of 20 clusters (Note that we did not
pre-constrain the number of clusters in the final set.) We refer to these 20
most frequently occurring metaphor clusters.

Finally, we re-assigned outlier metaphors that were not initially auto-
matically assigned to a cluster as follows: For each dominant metaphor, we
computed the centroid as the average of all the embeddings of the metaphors
belonging to that cluster. Then, for each outlier metaphor m, we measured

P
the cosine similarity of its embedding e(im,) to each centroid. m, was then

categorized under the dominant metaphor with the highest cosinﬁ:7 similarity
if the similarity was greater than 0.6, a threshold we determined based on
manual inspection of how conceptually similar the metaphors are at dif-
ferent thresholds. This process enabled us to automatically categorize
metaphors that aligned with the broader themes identified in the manual
refinement phase, but may have been too semantically different to be
initially identified. This process results in 10,629 of the 11,789 metaphors

being assigned to a dominant metaphor.

Measuring implicit perceptions of Al from metaphors. To measure
implicit perceptions, we developed a scalable, systematic framework to
score metaphors on the dimensions of anthropomorphism, warmth, and
competence. Our approach is based on methods to automatically score
any open-ended text on these dimensions, and thus, we apply them to
every individual metaphor. For each dominant metaphor, we compute
the mean anthropomorphism, warmth, and competence score across the
individual metaphors in that cluster.

Anthropomorphism. To assess the extent to which people’s meta-
phors of AI ascribed human-like characteristics to Al, we adapted
AnthroScore”, an automatic metric of implicit anthropomorphism in
language. In their work, they use the masked language model RoBERTa to
calculate the relative probability that a given entity (e.g., “AI”) in a text
would be replaced by human pronouns versus non-human pronouns.
Specifically, the degree of anthropomorphism for entity x in sentence s is
measured as:

P
ACs,) =10gP Human(Sy) :
NON—HUMAN (5¢)

where

P(w), Pxon—muman(s) = Z P(w),

wenon—human pronouns

Prypan(sy) = Z

wehuman pronouns

where P (w) is the model’s outputted probability of replacing the mask with
the word w. We apply AnthroScore to the entities x € {it, Al artificial
intelligence} to measure the anthropomorphism of Al in each metaphor 11,,.
If the metaphor does not contain any of these entities, we use the spacy
package® to identify whether the metaphor is only a noun phrase. If so, we
prepend the phrase “Al is” and then apply AnthroScore to the now-present
term “AI” to measure anthropomorphism. Since this score is a relative log
probability, a score greater than 0 suggests that the entity is more likely to be
human, and a score less than 0 suggests that the entity is more likely to be
non-human. For example, in the metaphor “Al is a teacher” (and the entity
“AT”), we compute the probability of the sentence “He is a teacher” and the
sentence “It is a teacher.” Because the former is a much more probable
sentence, this metaphor has AnthroScore > 0, indicating that it
anthropomorphizes Al For interpretability, we use an indicator score of

whether A(s,) is greater than 0:

A" (m,) = 1(A(m,)>0)

This binary form allows us to easily and directly measure the percen-
tage of metaphors that are anthropomorphic (i.e., Ab‘“(mp) =1), as reported
in the following sections.

Measuring warmth and competence. We were also interested in
understanding the extent to which people’s metaphors characterized Al
as being warm and competent - two fundamental dimensions of social
perception that are well-established psychological constructs for esti-
mating perceptions of people” and anthropomorphized non-human
entities””. These dimensions reflect, respectively, perceived friendliness,
trustworthiness, and empathy (warmth) versus capability, intelligence,
and effectiveness (competence).

To assess these qualities in the context of AT metaphors, we applied the
contextualized semantic axes method™’'. This approach quantifies con-
ceptual dimensions, such as warmth and competence, by measuring the
semantic similarity between a given text (in our case, a metaphor about AI)
and the constructed contextualized semantic axis. This method enables us to
position words or phrases on a continuous spectrum between two extremes
(e.g., warm vs. cold or competent vs. incompetent) using contextualized
embeddings derived from a sentence embedding model, specifically all-
mpnet-base-v2.

Following the method of ref. 30 for constructing semantic axes for
warmth and competence, we employed validated lexicons for warmth and
competence as anchors to define these axes. These lexicons include words or
phrases strongly associated with high or low warmth and competence,
enabling robust alignment of the embedding space with human perceptions.
For each metaphor, we computed its cosine similarity to the axis, resulting in
a score (between -1 and 1) that indicates its warmth and competence. By
assigning a score between —1 and 1 for warmth and competence for each
metaphor, this enables the systematic analysis of people’s perceptions of Al
Specifically, the semantic axes are defined as follows: for a given dimension
D (warmth or competence), we construct the semantic axis by taking the
mean of the embeddings for each word in the lexicon that are positively
associated with that dimension, and subtract the mean of the embeddings
for each word in the lexicon that are negatively associated with it:

m

k
Ap = %;e(wi) - %Ze(w’j)

=1

where w;/w'; is a word in the set of words positively/negatively associated
with that dimension respectively. We again use all-mpnet-base-v2 to com-
pute the embeddings. For each metaphor m, embedded as e(m,), we
compute its warmth and competence as the cosine similarity of the
embedding e(m,) to this axis, ie.,

Warmth(mp) = Cos(e(mp)7Awarmth)7 Competence(mp) = cos(e(mp)7 Acompetence)v

resulting in two scores (each between -1 and 1) that represent the
metaphor’s warmth and competence respectively. Examples of metaphors
with varying warmth and competence scores are in Table 2.

Multivariable regression. Next, we measured how dominant metaphors
and implicit perceptions help explain two attitudinal variables with
consequential outcomes: trust in AI and willingness to adopt AL W
conducted a pair of hierarchical multiple regressions that entered (1)
participant demographics, (2) average Al use, (3) the number of Al tools
heard of, (4) dominant metaphors, and 5) implicit perceptions to
examine the extent to which each block explained additional variance in
trust in Al and willingness to adopt AL This sequential approach, which
has been previously used to understand the explanatory power of
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Table 2 | Metaphors with varying levels of warmth and competence

Positive warmth, negative competence:

“It’s like a dog. On one hand, it can be gentle and loving. However, you
don’t know if it may suddenly bite.”

“Like an imaginary friend”

“Al s like Your uncle is who right 50% of time. because They have a lot
to say but don’t understand the context.”

“Al is like having a forever friend because they cant get up and leave”

Positive warmth, positive competence:

“Alis like having a ‘phone a friend’ lifeline on the TV gameshow, ‘Who wants to be a millionaire.’
You can ask for assistance from a more knowledgeble entity for personal assistance or gain.”
“Al'is like a wise old friend because it knows a lot and can give very helpful advice.”

“It makes me think of a fairy god mother. All knowing and there to help you out”

“It’s like a robot that can learn over time”

Negative warmth, negative competence:

“It grinds my gears”

“Like a turtle trying to run like a rabbit.”

“Its a computer predicting the next word It has no understanding”
“Shoddy thief”

Negative warmth, positive competence:

“Adetective that collects clues from different recourses, analyzes them and uses that information
to make a prediction or solve a problem”

“Its a computer system that is loaded with a bunch of data. ALI the data is tied to keywords so
when the key word us used a bunch of data with that tag is pulled up.”

“It's like a copy machine that takes info and tries to replicate it”
“Putting human knowledge into a system and then having it spit out | got stood at you. It could be
in the form or writing or even art.”

independent variables (e.g. refs. 92,93), allowed us to better understand
the additional explanatory value provided by considering metaphors and
their implicit perceptions beyond assessments of AI use and demo-
graphic factors.

All predictors were standardized to the range [0,1] to ensure com-
parability of effect sizes. We first conducted a regression to explain the
dependent variable (trust or adoption) using a foundational set of pre-
dictors related to demographics and familiarity with Al time, frequency of
Al tool use, number of AI tools heard of, gender, race/ethnicity, age,
education level, and work level. (To avoid collinearity, we drop the most
common value for the categorical variables of gender, race/ethnicity, and
education level. That is, the regression is relative to the variables of Male
gender, white race/ethnicity, and Bachelor’s degree education level. In the
second step, we introduce the second block of variables, which consists of
20 variables, each representing the presence of a dominant metaphor
(tool, robot, assistant, etc.). Finally, we incorporated the third block of
variables, which are the implicit perceptions measured by our framework:
anthropomorphism, warmth, and competence. Model assumptions,
including linearity, multicollinearity, and homoscedasticity, were also
checked to ensure the validity of the results. Our experiments were not
preregistered.

Results

Dominant conceptualizations of Al: Most people understand Al
through one of 20 dominant metaphors

As detailed in Methods, we used a combination of automatic clustering and
manual iterative coding to identify the 20 dominant clusters of metaphors
that people used to conceptualize Al in our dataset (Table 3). The most
prevalent framed Al as being like a tool, such as a calculator or Swiss Army
knife (10%); an external biological brain capable of reasoning and logic
(10%); and a powerful search engine capable of navigating large databases
(9%). However, the metaphors were still highly diverse. Some viewed Al as
an intelligent teacher (“Al is like a professor because it always has the
answer”, 3%) whereas others viewed it as akin to a child (“It needs to learn,
but is happy to provide output and is proud of it, 4%). People also drew
inspiration from popular conceptions of Al likening it to the Terminator
and other humanoid robots (8%). In contrast to its mechanical nature, many
also likened AI to pets (“It’s like training your dog to do something”, 2%) or
unexplored wilderness (“Al is like the ocean, there is so much uncertainty
and so much to discover”, 2%).

Implicit perceptions of Al: Metaphors reveal temporal shifts in
people’s implicit perceptions of Al

The metaphors people use to describe Al can reveal the implicit perceptions
they hold about Al Applying our framework to measure implicit percep-
tions from the metaphors, we compute mean anthropomorphism, warmth,
and competence scores for each dominant metaphor. This revealed that
people hold nuanced views of how human-like they perceive Al to be, and
generally view Al to be both warm and competent (Fig. 1). For example,

describing Al as being like “a child” humanizes it while highlighting its
potential to learn. Seeing Al as a “Swiss Army knife” frames it as inherently
mechanical and capable of many functions. A notable exception is the
metaphor of Al as a “thief”, which reflects a negative perception of its
intentions.

Analyzing month-over-month shifts revealed how public perceptions
of AT have changed over time (Fig. 2). People anthropomorphized Al more
over time (+34% over the 12 months, r'°=0.80, p = 0.002, 95% CI [0.42,
0.94]), becoming more likely to describe Al as being like a teacher (' = 0.75,
p=0.005,95% CI [0.30, 0.92]), a friend ('* = 0.75, p = 0.005, 95% CI [0.32,
0.93]), or an assistant ('° = 0.60, p = 0.040, 95% CI [0.04, 0.87]). Conversely,
people became less likely to see Al as a distinctly non-human entity such asa
computer (r'’ = —0.92, p < 0.001, 95% CI [—0.98, ——0.74]), a search engine
(r'=—-0.63, p=0.029, 95% CI [—0.88, —0.08]), a mirror (r'’=—0.70,
p=0.012,95% CI [—0.91, —0.20]), or a synthesizer (r'°= —0.91, p < 0.001,
95% CI [—0.98, —0.71]).

People also saw Al as being warmer over time (4+41% over 12 months,
r'’=0.62, p = 0.030, 95% CI [0.08, 0.88]). Notably, however, this did not
correspond to an increased perception that Al is competent; implicit per-
ceptions of Al as competent instead decreased by 8% over time (r'’ = —0.60,
p = 0.039, 95% CI [—0.87, —0.04]). Accordingly, the highest-warmth-
dominant metaphors (friend, assistant, and god (god: r'* = 0.64, p = 0.025,
95% CI [0.11, 0.89])) became more common over time, whereas several of
the highest-competence metaphors (computer, synthesizer, and search
engine) became less common.

Dominant metaphors and implicit perceptions help explain trust
and willingness to adopt Al

Understanding how people think and feel about Al can help explain how
people respond to the integration of Al in society. We conducted a pair of
hierarchical multiple regression analyses to examine the extent to which
dominant metaphors and perceptions can explain variance in 1) people’s
trust in Al and 2) their willingness to adopt Al relative to demographic and
Al familiarity differences, over and above demographic differences and
individuals’” experiences with AI (Fig. 3).

For trust, the baseline model including demographics and Al famil-
iarity was significant, F(14, 9480)=152.39, p<0.001, R>=0.184, adj.
R?=0.182. Adding dominant metaphors significantly improved model fit,
F(32, 9462) =77.20, p < 0.001, R*=0.207, adj. R*=0.204, AR*=0.023, F-
change(18, 9462) =1547, p<0.001. Including implicit perceptions
(anthropomorphism, warmth, competence) further improved the model,
F(35, 9459) = 96.90, p < 0.001, R?=0.264, adj. R?=0.261, AR*=0.057, F-
change(3, 9459) = 243.60, p < 0.001.

For willingness to adopt Al the baseline model (demographics + AI
familiarity) explained a smaller but still significant portion of variance, F(14,
9480) = 117.92, p < 0.001, R*=0.148, adj. R*=0.147. Adding metaphors
increased explanatory power, F(32,9462) = 59.19, p < 0.001, R*=0.167, adj.
R?=0.164, AR*=0.018, F-change(18, 9462)=11.65, p <0.001. Finally,
adding perceptions (anthropomorphism, warmth, competence) yielded a
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Fig. 1 | Mean anthropomorphism, warmth, and competence of dominant
metaphors for AI (n = 11,790). Error bars show 95% confidence intervals of the
mean (see Table 1 for # of each dominant metaphor). Colors correspond to
anthropomorphism rate. The dominant metaphors (n = 20) vary widely in
anthropomorphism. They are all positive in both mean warmth and mean com-
petence (except “thief”); based on qualitative inspection of the individual metaphors,
we find that this is because although some of the dominant metaphors reflect
concepts that may have negative connotations, participants focus on warm and
competent aspects of these concepts in their responses. For example, when

describing Al as a “child,” participants often describe its learning and growing
capabilities, and when describing AI as a “genie,” participants focus on its cap-
abilities, which seem magical in their scope. For the dominant metaphor of
“unexplored realm”, rather than expressing fear of the unknown, participants’
metaphors discuss the potential for discovery and capacity for “wonder and beauty.”
Even for the dominant metaphor of “thief,” participants’ responses describe, for
instance, that Al is stealing work and that it is able to accomplish many tasks
through this stealing.

Implicit Perceptions Over Time
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Fig. 2 | Shifts in public perceptions of Al over time (n = 11,790). Monthly mean
warmth and competence scores (left y-axis, range [-1, 1]) and percentage of
anthropomorphic metaphors (right y-axis). Shaded bands indicate 95% confidence
intervals across monthly means. Month-by-month prevalence of each dominant
metaphor with significant temporal change (|r | > 0.3, p < 0.05). Lines are color-

coded by the proportion of anthropomorphic metaphors within each dominant
metaphor. Shading represents a 3-month rolling average. Anthropomorphic and
warm metaphors increase in frequency over time, whereas competence-focused
metaphors decrease. Missing months reflect survey interruptions due to technical
issues.

substantial improvement, F(35, 9459) =71.49, p <0.001, R?=0.209, adj.
R?=0.206, AR?=0.042, F-change(3, 9459) = 169.04, p < 0.001.

Overall, the first block of variables (demographics + Al familiarity)
explained 18% and 15% of the variance in trust and willingness to adopt Al,
respectively (adj. R*=0.18, 0.15). The second block (dominant metaphors)
explained an additional 2-3% of variance (p < 0.001), and the third block
(implicit perceptions) explained an additional 4-6% (p < 0.001). Together,
the dominant metaphors and implicit perceptions account for substantially

more variance—44% more for trust and 40% more for willingness to adopt
—than demographics and frequency of use alone (Fig. 3; see detailed results
in Table 4).

Specific metaphors and perceptions are associated with trust
and adoption

Regression coefficients from the full model (Fig. 3) show that, beyond Al use
and familiarity, warmth and competence are the strongest predictors of trust
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Fig. 3 | Dominant metaphors and implicit per-
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and Al adoption. For trust, warmth (b = 1.804, SE = 0.142,1(9467) = 12.69, p
< 0.001, 95% CI [1.526, 2.083]) and competence (b =1.821, SE =0.124,
t(9467) = 14.63, p < 0.001, 95% CI [1.577, 2.064]) were both highly sig-
nificant predictors. For adoption, warmth (b=2.455 SE=0.234,
t(9467) =10.52, p < 0.001, 95% CI [1.998, 2.913]) and competence
(b=2.499, SE=0.204, t(9467) = 12.23, p < 0.001, 95% CI [2.098, 2.899])
again showed strong positive effects.

This is likely due to warm and competent metaphors such as
assistant, friend, teacher, and library, which stand out as predicting trust
and adoption positively in a dominant-metaphor-only regression
(Supplementary Fig. 2). For trust, the coefficients were: friend (b = 0.297,
SE = 0.054, t(10616) = 5.45, p < 0.001, 95% CI [0.190, 0.403]), assistant
(b=0.233,SE = 0.034, t(10616) = 6.87, p < 0.001, 95% CI [0.167, 0.300]),
teacher (b=0.092, SE=0.050, t(10616)=1.86, p = 0.063, 95% CI
[-0.005, 0.190]), and library (b = 0.242, SE = 0.040, t(10616) = 6.10, p <
0.001, 95% CI [0.164, 0.320]). For adoption, effects were similarly
positive: friend (b = 0.487, SE = 0.088, t(10616) = 5.53, p < 0.001, 95% CI
[0.314, 0.659]), assistant (b=0.368, SE =0.055, t(10616) =6.69, p <
0.001, 95% CI [0.260, 0.476]), teacher (b=0.168, SE=0.080,
t(10616) = 2.10, p = 0.036, 95% CI [0.011, 0.326]), and library (b = 0.310,
SE = 0.064, t(10616) =4.83, p < 0.001, 95% CI [0.184, 0.435]). These
effects appear mediated by the warmth and competence variables in the
full model (Fig. 3).

Anthropomorphism also predicts positive trust and adoption, but to a
lesser extent. For trust, anthropomorphism (b=0.011, SE=0.003,
t(9467) =3.61, p < 0.001, 95% CI [0.005, 0.016]) showed a small but

significant effect, and for adoption, anthropomorphism (b=0.011, SE =
0.005, £(9467) =227, p = 0.023, 95% CI [0.001, 0.020]) also predicted
modest increases.

Notably, even in combination with the perceptual variables, thief and
synthesizer strongly predicted low trust and reluctance to adopt. For trust,
thief (b = -0.656, SE =0.110, t(9467) = -5.96, p < 0.001, 95% CI [-0.872,
-0.440]) and synthesizer (b = -0.220, SE = 0.047, t(9467) = -4.63, p < 0.001,
95% CI [-0.313, -0.127]) were both negative predictors. For adoption, thief
(b=-0.801, SE = 0.181, t(9467) = —4.43, p < 0.001,95% CI [-1.155, ~0.446])
and synthesizer (b = -0.356, SE = 0.078, t(9467) = -4.57, p < 0.001, 95% CI
[-0.509, -0.203]) similarly reduced adoption. In contrast, brain and god
were linked to higher trust and adoption: for trust, brain (b=0.118, SE=
0.030, t(9467) = 3.87, p < 0.001, 95% CI [0.058, 0.178]) and god (b = 0.163,
SE = 0.072, t(9467) = 2.27, p = 0.023, 95% CI [0.023, 0.303]); for adoption,
brain (b= 0.204, SE = 0.050, 1(9467) = 4.08, p < 0.001,95% CI [0.106,0.302])
and god (b=0.387, SE=0.118, t(9467)=3.29, p 0.001, 95% CI
[0.156, 0.617]).

Building on previous work on the nuanced relationship between
anthropomorphism and trust'®, we find specific metaphors that reveal
what topics are salient to people’s trust and adoption: conceptualizations
of AI as a helpful human-like entity (“friend”, “teacher”, “assistant”), or
as a source of vast amounts of knowledge (“library”, “god”, “brain”)
facilitate trust and adoption. In contrast, anthropomorphic con-
ceptualizations of AI as a human-like “thief” are often related to the
widespread public concerns about copyright issues and Al plagiarizing or
stealing creative work™".
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Table 4 | Hierarchical regression results of demographic and use variables, dominant metaphors, and implicit perceptions on
trust in Al and willingness to adopt Al

Trustin Al Willingness to adopt Al
B adjusted r? Ar? B adjusted r? Ar?
Block 1 - Demographics and use 0.12 0.10
frequency of Al tool use 1.54%%* 2.71%k*
non-man —0.22%** —0.28%***
age 0.38%*** 0.48%**
non-white 0.13%%** 0.10%**
time 0.16%** 0.35%**
Block 2 - Dominant metaphors 0.15 0.03*** 0.13 0.02%**
assistant 0.00 (ns) 0.04 (ns)
brain 0.15%** 0.23***
child —0.17%** —0.06 (ns)
synthesizer —0.22%** —0.39%**
search engine —0.10%* —0.15*
folklore character —0.05 (ns) —0.18 (ns)
friend 0.03 (ns) 0.11 (ns)
future —0.03 (ns) —0.06 (ns)
genie —0.02 (ns) —0.15%
god 0.16* 0.40%**
library 0.04 (ns) 0.00 (ns)
computer —0.00 (ns) —0.05 (ns)
mirror —0.17*** —0.07 (ns)
lifeform 0.08 (ns) —0.03 (ns)
robot 0.02 (ns) —0.07 (ns)
teacher —0.04 (ns) —0.02 (ns)
thief —0.60%** —0.69%**
tool 0.01 (ns) —0.00 (ns)
wilderness 0.01 (ns) —0.03 (ns)
Block 3 - Implicit perceptions 0.21 0.06%** 0.18 0.05%**
anthropomorphism 0.24*** 0.20*
warmth 1.26%** 1.68%**
competence 1.23%** 1.72%%*

*, kR and (ns) denote p <0.05, p <0.01, p <0.001, and no statistical significance respectively.

Demographic differences reveal disparities in trust and adoption
Finally, it is important to recognize that people from different backgrounds
think about Al differently. Dominant metaphors and implicit perceptions
provide insights into these phenomena, though we emphasize the need for
additional research to establish causal relationships and a deeper under-
standing. Figure 4 shows differences in trust, adoption, and perceptions, and
Supplementary Fig. 3 shows detailed differences in dominant metaphors for
each demographic.

Gender

For trust, women (M = 0.54 [0.54, 0.55]) and non-binary participants
(M=0.41 [0.37, 0.44]) reported substantially lower scores than men
(M=0.62 [0.61, 0.63]); pairwise comparisons showed that women
trusted AI less than men, #(10175.27) = -18.98, p <0.001, AM = -0.08
[-0.09, -0.07], while non-binary participants trusted AI markedly less
than both women, #(186.24) = 7.64, p <0.001, AM =0.14 [0.10, 0.17],
and men, #(187.68) =12.03, p <0.001, AM =0.21 [0.18, 0.25]. A similar
pattern emerged for adoption: women (M = 0.48 [0.48, 0.49]) and non-
binary participants (M =0.39 [0.35, 0.43]) reported lower willingness
than men (M = 0.56 [0.55, 0.56]); women < men, £(10102.52) = -16.60,
p<0.001, AM=-0.07 [-0.08, -0.07]; women > non-binary,

£(185.68) = 4.89, p<0.001, AM =0.10 [0.06, 0.13]; and men > non-
binary, #(187.48) = 8.66, p < 0.001, AM =0.17 [0.13, 0.21]. Both women
(M =0.53 [0.53, 0.54]) and non-binary participants (M =0.50 [0.48,
0.51]) described Al in less warm terms than men (M = 0.54 [0.53, 0.54]);
women < men, #(11362.23)=-2.44, p=0.015, AM=-0.01 [-0.01,
-0.00]; and non-binary < men, #207.29) =5.98, p <0.001, AM = 0.04
[0.03, 0.06]. A comparable pattern held for competence, with women
(M =0.63 [0.62, 0.63]) rating AI as slightly less competent than men
(M =0.64[0.64,0.64]), 1(11398.71) = ~7.94, p < .001, AM = —0.02 [-0.02,
-0.01]. Women’s metaphors were also more anthropomorphic
(M=053 [0.52, 0.53]) than men’s (M=0.52 [0.51, 0.52]),
£(11136.83) = 3.06, p = 0.007, AM = 0.01 [0.00, 0.01], though this effect
was small. Together, these results indicate that women and especially
non-binary people conceptualize Al as less warm and competent, and in
turn are less trusting of and less willing to adopt it.

Differences in rates of dominant metaphors give some insight into
these patterns. Based on two-sample binomial tests, “robot” (men = 34.2%,
women and non-binary = 65.8%), p <0.001, and “genie” (men = 37.3%,
women and non-binary = 62.7%), p < 0.001, were disproportionately more
frequently provided by women and non-binary respondents. In contrast,
men significantly more frequently provided highly competent or warm—
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Fig. 4 | Demographic differences in perceptions of AI (n = 11,790). Each panel
shows mean normalized perception scores (range [0, 1]) across demographic groups.
Error bars denote 95% confidence intervals. Group comparisons were performed
with two-sample t-tests between: men vs non-men (gender); white vs non-white
(race/ethnicity); 18-37 vs 37+ years (age); individual contributors vs managers
(work level); no college degree vs college degree or higher (education); using < 3
times versus > 3 times (frequency of use); and 0 vs > 0 Al tools heard of (number of
tools heard of). Asterisks indicate significant differences (*p < 0.05, **p < 0.01,

[ 1-2

. 3+

ek

anthro* warmth*** comp

*¥%p < 0.001). Men report higher trust, adoption, warmth, and competence but
lower anthropomorphism. Non-white participants exhibit higher trust, adoption,
and anthropomorphism. Older participants trust and anthropomorphize AI more.
Managers rate Al as warmer, more competent, and more trustworthy than indivi-
dual contributors. Frequent users of AI show higher scores on all perception
dimensions, whereas those unfamiliar with AT tools perceive Al as warmer but less
competent.

but not necessarily anthropomorphic—metaphors such as “teacher” (men =
53.0%, women and non-binary = 47.0%), p = 0.009; “search engine” (men =
50.5%, women and non-binary = 49.5%), p = 0.004; library (men = 50.3%,
women and non-binary =49.7%), p = 0.035; and “computer” (men = 49.4%,
women and non-binary = 50.6%), p=.047, invoking entities that are
familiar, helpful, and epistemically competent.

Race/ethnicity
Black participants had significantly higher trust (M = 0.66 [0.65, 0.67]) and
willingness to adopt AI (M =0.58 [0.57, 0.59]) than white participants

(M=056 [0.55, 0.56] for trustt M=0.50 [0.50, 0.51] for adoption),
t(2317.74) =-16.83, p < 0.001, AM = -0.10 [-0.11, -0.09] for trust;
1(2262.02) =-11.44, p < 0.001, AM = -0.08 [-0.09, -0.06] for adoption.
Asian (M =0.58 [0.56, 0.59]) and Hispanic participants (M =0.59 [0.57,
0.60]) also reported higher trust than white participants, t(1311.93) = -2.88,
p=0.049, AM =-0.02 [-0.03, -0.01]; and t(1016.54) = -3.81, p = 0.002, AM
-0.03 [-0.05, -0.01], respectively. In contrast, participants identifying as
“Other” race/ethnicity (M = 0.52 [0.49, 0.54]) had significantly lower trust,
1(294.01) = 3.02, p =0.035, AM = 0.04 [0.01, 0.07], suggesting that within the
participants of color, perceptions vary widely.
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Participants of color viewed AI as more warm, competent, and
anthropomorphic than white participants. For warmth, Black (M =0.55
[0.54, 0.55]) and Asian (M = 0.55 [0.54, 0.55]) participants rated Al higher
than white (M=0.53 [0.53, 0.53]), #(2488.86)=-6.35 p<0.001,
AM =-0.02 [-0.02, -0.01], and #1372.58) = —5.17, p < 0.001, AM = —0.02
[-0.03, -0.01], respectively. Competence followed a similar pattern: Black
(M =0.64 [0.64, 0.65]) and Asian (M = 0.65 [0.64, 0.65]) participants rated
Al as slightly more competent than white (M =0.63 [0.62, 0.63]),
#(2523.77)=-5.72, p<0.001, AM=-0.02 [-0.02, -0.01]; and
£(1418.09) =-6.14, p<0001, AM=-002 [-0.03, -001]. Anthro-
pomorphism was also marginally higher among Black (M =0.54 [0.53,
0.54]) than white (M =0.52 [0.51, 0.52]), #2504.47) =-5.56, p <0.001,
AM =-0.02 [-0.03, -0.01]. Two-sample binomial tests comparing each
non-white racial group to white participants revealed significant differences
in metaphor usage. “Search engine” metaphors were significantly more
common among white participants (73.0% white, 95% CI [70.2%, 75.6%],
P <0.001), while “genie” metaphors were more common among partici-
pants of color (58.2% white, 95% CI [53.9%, 62.5%], p = 0.009).

Age

Older people trust Al more and are more willing to adopt it, and view it as
more anthropomorphic but less competent: Adults 38-53 reported higher
trust than those aged 18-37 (M =0.59 [0.58, 0.60] vs 0.56 [0.56, 0.57]),
#(7371.56) = -6.36, p < 0.001, AM =-0.03 [-0.04, ~0.02]; and those 54+
were also higher than 18-37 (M =0.59 [0.58, 0.60]), t(1437.06) = -3.68,
P <0.001, AM =-0.03 [-0.04, -0.01]). For adoption, 38-53 exceeded 18-37
(M =0.54 [0.53, 0.54] vs 0.50 [0.50, 0.51]), #(7346.26) =-7.15, p <0.001,
AM = -0.04 [-0.04, -0.03], though the 54+ category did not reliably differ
from 18-37 (#(1423.66) =-1.55, p=0.122). Anthropomorphism was
slightly higher among 54+ than 18-37 (M = 0.53 [0.52, 0.54] vs 0.52 [0.52,
0.52]), #(1665.39) = -2.52, p = 0.035, AM = -0.01 [-0.02, ~0.00]. For com-
petence, 18-37 exceeded 54+ (M =0.63 [0.63, 0.64] vs 0.63 [0.62, 0.63]),
#(1626.33) =2.48, p=0.039, AM=0.01 [0.00, 0.02]. Using two-sample
binomial tests, the dominant metaphor “friend” was significantly less
common among 18-37 (44.8% [39.1%, 50.5%], p = 0.001), “child” was more
common among 18-37 (65.6% [61.0%, 70.0%], p = 0.004).

Work level

We find that individuals higher in the organizational hierarchy—speci-
fically frontline managers and managers-of-managers—are significantly
more likely to perceive Al as warm and competent, and to express greater
trust in and willingness to adopt Al compared to individual contributors.
For trust, group means increased linearly from individual contributors
(M =0.548 [0.542, 0.553]) to frontline managers (M=0.616 [0.608,
0.624]) to managers-of-managers (M=0.654 [0.641, 0.668]),
£(5848.68) = -14.16, p <.001, AM = -0.068 [-0.078, -0.059] for the first
contrast and #(1245.37) = ~14.50, p < .001, AM = ~0.107 [-0.121, ~0.092]
for the second. Similarly, for willingness to adopt, individual contributors
(M=0.490 [0.484, 0.496]) scored lower than frontline managers
(M =0.561 [0.553, 0.570]; £(5799.46) = ~13.89, p < 0.001) and managers-
of-managers (M =0.595 [0.580, 0.610]; #(1204.74) = -12.71, p <0.001),
again showing a clear linear trend. For warmth and competence, the
pattern paralleled trust and adoption but with smaller effect sizes: warmth
rose modestly from 0.530 to 0.542 (individuals — frontline managers;
#(6697.57) = -5.06, p <0.001, g=-0.11), and competence from 0.627 to
0.639 (#(6960.69) = -5.39, p < 0.001). Taken together, these results indi-
cate a graded relationship between organizational rank and positive Al
perceptions: managers-of-managers are the most trusting and adoption-
oriented, followed by frontline managers, with individual contributors
expressing the least enthusiasm. Based on two-sample ¢-tests, individual
contributors were more likely to describe Al using metaphors such as
“brain”—term suggesting replacement of human cognitive labor (brain =
54.3% [51.3%, 57.3%], p=0.024)—whereas managers tended to use
“animal” (e.g., animal = 69.2% [62.4%, 75.3%], p = 0.084), which confers
less agency to Al

Education

We find no statistically significant differences across education levels. This
may be because educational attainment reflects a broad range of knowledge
and experiences not necessarily related to AI or technology experience, and
because we do not differentiate between those currently in college versus
those who did not enter, which may reflect different socioeconomic groups.

Number of Al tools heard of

We find that participants who had not heard of any listed AI tools viewed AT
as warmer and more anthropomorphic relative to those familiar with more
tools. For warmth, those who had heard of 0 tools (M = 0.56 [0.55, 0.56]) >
1-2 (M =0.53 [0.53, 0.53]), #(1915.59) = 7.60, p < 0.001, AM =0.02 [0.02,
0.03]; and 0>3+ (M=053 [0.53, 0.53]), #(2562.11)=7.33, p<0.001,
AM =0.03 [0.02, 0.03]. For anthropomorphism, 0 > 3+, #(2395.55) = 2.40,
p=.049, AM =0.01 [0.00, 0.02]. This suggests that limited knowledge of AI
may foster more relational or human-like conceptualizations, potentially
due to unfamiliarity with its actual capabilities or limitations. In turn, this
suggests that knowledge about, or lack thereof, shape participants’ meta-
phors and influences downstream attitudes regarding trust and adoption.

Frequency of Al use

Participants who used AI more frequently had significantly higher trust,
adoption, warmth, and competence scores than those who used Al rarely or
not at all. For trust, frequent users (10+ times per week; M = 0.69 [0.66,
0.73]) exceeded moderate users (3-10; M=0.64 [0.63, 0.64]),
t(148.15) =-3.18, p = 0.002, AM = -0.06 [-0.09, -0.02], who in turn
exceeded infrequent users (<3; M = 0.52 [0.51, 0.52]), t(10 487.88) = -29.93,
p<0.001,AM =-0.12 [-0.13,-0.11]. For adoption, frequent users (M = 0.67
[0.64, 0.71]) again exceeded both moderate (M =0.58 [0.57, 0.58]),
t(148.90) = -5.24, p <0.001, AM = -0.10 [-0.13, -0.06], and infrequent users
(M =0.45 [0.45,0.46]), t(10 478.90) = -28.73, p < 0.001, AM = -0.12 [0.13,
-0.12]. For warmth, frequent users (M = 0.56 [0.54, 0.57]) were higher than
moderate (M =0.55 [0.54, 0.55]), t(148.97) =-1.07, p = 0.285, and both
exceeded infrequent users (M = 0.52 [0.52, 0.53]), t(10 787.56) = -10.08, p <
0.001, AM = -0.02 [-0.02, -0.02]. Competence followed a similar pattern:
frequent users (M = 0.64 [0.63, 0.66]) and moderate users (M = 0.64 [0.64,
0.65]) both scored higher than infrequent users (M = 0.62 [0.62, 0.62]);
<3-3-10 t(11 075.03)=-12.05, p < 0.001, AM = -0.02 [-0.03, -0.02];
<3-10+ t(149.42) =-2.80, p = 0.012, AM = -0.02 [-0.04, -0.01]. This
suggests that more frequent users not only trust and adopt AI more readily,
but also conceptualize it in ways that are both human-like and agentic.

Discussion
Identifying the dominant metaphors people use to understand Al reveals
the public’s rich and complex understanding of these evolving, increasingly
ubiquitous tools. Our work complements existing psychological approaches
for understanding human-AI relationships through surveys and experi-
ments (e.g., refs. 49,97,98, by leveraging large-scale analyses of metaphors
through a scalable framework. Eliciting participants’ perceptions allows
people of all levels of familiarity with Al to express how they feel about Al
even if they do not have the technical language to articulate their thoughts™.
Using this approach, we observe evidence of a social shift where the US
population increasingly ascribe anthropomorphic and warm qualities to AL
This movement from perceiving Al as a “tool” or a “calculator” towards
seeing it as an “assistant” or “friend” aligns with recent marketing narratives
from AI companies that increasingly frame their products as “co-pilots” or
“companions™” - raising important questions about the benefits and
harms of ascribing greater agency to these technologies™. Although our data
contrast findings from several years ago indicating people’s resistance to
viewing Al relationally as “friends™, they align with more recent research
indicating that people tend to view Al as more humanlike as they come to
use it more'”". It is also notable that fewer shifts were seen in perceptions of
competence. An analysis of newspaper Al coverage from the last four
decades found that popular narratives around Al tended to concern its
perceived capabilities, such as the idea that it may develop into
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“superintelligence” . Together, our findings suggest that public percep-
tions of AI may be taking a relatively recent shift toward relational
framing™'*.

Understanding the extent to which people believe that Al-based
technologies have agency is increasingly important as anthropomorphism
increases and the perceived gap between humans and AI continues to
narrow’®'™. Scholars have long known that people implicitly view tech-
nologies as having human-like qualities, a perception that can shift their
behaviors and outcomes (e.g, the computers-as-social-actors
framework'”). When people perceive an entity - human or artificial - to
be more similar to themselves, they tend to increase their mind
perception'®. Anthropomorphizing Al can make people ascribe more
mental capacities, such as believing they can experience human feelings or
drives (i.e., hunger, fear, pride) or have the agency to develop and act on its
own judgment'”'*”. These perceptions can be strong predictors of indivi-
dual interactions with Al For example, people tend to like service robots
that are perceived as having human feelings, and are also more likely to
forgive them for mistakes'”.

This social shift has important implications for ongoing efforts to
appropriately calibrate trust in AI'". People tend to trust human-like Al
systems more”'"', which raises both opportunities and risks. On the bene-
ficial side, technological systems that have anthropomorphic qualities, such
as the ability to have human-like conversations or human-like avatars, can
be perceived as easier to use and more accessible to people of all levels of
technical expertise''>'"". However, this increase in trust may increase indi-
viduals’ willingness to disclose sensitive personal information'' and their
susceptibility to persuasion or deception™.

Crucially, our work highlights how individuals from different back-
grounds perceive Al in substantively different ways. In line with past
work®»*>**!'311 we found that men tended to trust and hold more positive
attitudes toward Al more than women. However, closer examination of the
metaphors they used to describe Al revealed that women and non-binary
people provided more anthropomorphic metaphors of AI - highlighting the
importance of considering perceptions of Al through different approaches.
Our findings also reveal unexpectedly higher levels of trust among older
adults and US Americans of color. While previous research found that
Hispanic and Asian individuals tend to report more positive experiences
with AI while white and Black individuals viewed AI as more harmful®, our
findings add nuance to these results by examining how diverse US Amer-
icans think and feel about Al in multifaceted ways. Older people may index
more strongly on Al as potential companions, though further research is
needed to understand this phenomenon. Our findings also align with evi-
dence that lower-ranking employees are more likely to perceive Al as a
threat to their job security or as a potential replacement. These findings
point to the importance of identity in human-AlI interactions and under-
score the need to consider these differences in both design and policy.

Limitations
This study has several limitations that should be considered when inter-
preting our results. First, we note that we chose to focus on examining the
anthropomorphism, warmth, and competence of the metaphors we studied,
given our research interests in examining perceptions of the similarity of AI
to humans"*. However, many other perceptual dimensions of metaphors of
Al exist™. For example, people vary in their beliefs about the power and
control they have over AI systems and may perceive Al as acting with
differing degrees of agency'**'". These perceptions may also be reflected in
the metaphors people use to describe Al such as viewing it as a “tool” they
are in control of using or a “thought partner” that is viewed as more like an
intellectual equal'’”. While our research advances our understanding of how
the US population’s mental models of AI have shifted in terms of their
similarity to humans, future research should further investigate shifts in
additional dimensions of AI perceptions to obtain a fuller picture of how
people’s views of Al may be changing'”.

Future research should examine how people perceive different kinds of
Al-based technologies. This study focused on investigating broad public

conceptualizations of Al: when 90% of the population reports familiarity
with AL what exactly are they referring to? However, people may come to
hold different beliefs about distinct tools, such as LLM-based chatbots like
ChatGPT, virtual assistants like Alexa, and companions like Replika, that
vary in their design and stated purpose''"'"*. Understanding shifts in public
perception in specific Al tools is particularly important as these technologies
continue to evolve and as more people gain familiarity with a greater variety
of tools and usage increases'”. In particular, individuals’ willingness to trust
Aland adopt it in the future often depends on specific tools and the extent to
which each aligns with their goals (see refs. 76,120).

Similarly, more research is needed to examine how individual differ-
ences in individuals’ knowledge of Al shapes the metaphors they use to
conceptualize Al, and their trust and willingness to adopt it. While this study
examined how participants’ awareness of Al tools and usage of these tools
related to their perceptions of Al, it did not assess their Al literacy: their
capacity to understand and apply Al tools to relevant tasks, to do so
authentically by focusing on genuine communication, to take accountability
for the reliability and validity of content generated with Al and to maintain
their agency by retaining decision-making rights and avoiding long-term
dependency'”'. People with different levels of Al literacy should perceive Al
differently, given previous work on algorithmic literacy indicating that
having more in-depth knowledge and experience with complex socio-
technical systems, like recommendation algorithms, changed how people
viewed the role it played in their lives'’, underscoring our findings that
limited knowledge of AI may foster more relational or human-like con-
ceptualizations, potentially due to unfamiliarity with its actual capabilities or
limitations. Understanding how Al literacy relates to people’s metaphors of
Al (ie., “Al is a thief”, “Al is a copycat”) can help scholars identify com-
munities that may be disproportionately, negatively affected by Al even if
they do not have the technical vocabulary to express these concerns fully.

Finally, we note that we prioritized collecting a large, representative
dataset from each month in our sample. As a result, this may result in more
variables being significant in our analyses. Effect sizes with betas and con-
fidence intervals, such as those in Fig. 3, should be taken into consideration
when interpreting these analyses.

Conclusion

Our study examines the evolution of public perceptions of Al over time
among the US American public through a novel dataset of 12,000 meta-
phors. Within the short timespan of just a year and a half, we see substantial
shifts in how people think and feel about Al highlighting the impact that the
rapid adoption of systems like ChatGPT and Gemini have on our collective
consciousness. Taken together, our findings reflect a societal shift in people
seeing Al as being more human-like and warm, and increasingly distinct
from other digital technologies. Our findings also provide evidence that
people from different backgrounds conceptualize Al differently, which in
turn influences downstream attitudes regarding trust and adoption.
Increasing perceptions of Al as warm and human-like has important
implications in the design, deployment, and regulation of AI systems.
Designers may consider adopting interventions to reduce human-likeness
in Al system outputs and/or include disclaimers when concerns about
over-reliance are salient'”. In the domain of deployment, while perceptions
of warmth and anthropomorphism may be beneficial in specific contexts—
for example, therapeutic or assistive settings—we call for further research
into when and where such design choices meaningfully enhance utility
without exacerbating risks. For instance, important questions remain
around acceptable practices in high-stakes applications, such as whether
chatbots aimed at children may legally present themselves as “friends,” or
what boundaries should exist in systems that function as social
replacements™.

Data availability

All data is available at https://doi.org/10.17605/OSF.I0/P6KFC. The dataset
contains de-identified participant-level responses, including the metaphors,
demographic variables, and derived scores and dominant metaphors used in
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the analyses. The latter variables were computed by the authors based on the
open-ended metaphor responses and subsequent coding and scoring pro-
cedures described in the Methods section. The dataset is publicly available
and can be downloaded under a CC-BY 4.0 license.

Code availability
All code is available at https://doi.org/10.17605/OSF.IO/P6KEC.
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