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Abstract

As artificial intelligence (AI) transforms society, understanding factors that influence AI receptivity is increasingly important. The

current research investigates which types of consumers have greater AI receptivity. Contrary to expectations revealed in four
surveys, cross-country data and six additional studies find that people with lower AI literacy are typically more receptive to

AI. This lower literacy–greater receptivity link is not explained by differences in perceptions of AI’s capability, ethicality, or feared

impact on humanity. Instead, this link occurs because people with lower AI literacy are more likely to perceive AI as magical and
experience feelings of awe in the face of AI’s execution of tasks that seem to require uniquely human attributes. In line with this

theorizing, the lower literacy–higher receptivity link is mediated by perceptions of AI as magical and is moderated among tasks

not assumed to require distinctly human attributes. These findings suggest that companies may benefit from shifting their
marketing efforts and product development toward consumers with lower AI literacy. In addition, efforts to demystify AI may

inadvertently reduce its appeal.

Keywords

artificial intelligence, algorithms, AI literacy, AI adoption, technology, human–computer interaction, awe

Online supplement: https://doi.org/10.1177/00222429251314491

Submitted May 17, 2024

Artificial intelligence (AI) systems—automated systems so

advanced that they can mimic or outperform human cognition

—are radically transforming our society. Companies operating

in the private and public sectors have been rapidly adopting

AI systems due to the competitive advantages and operational

efficiencies they offer (Brynjolfsson, Li, and Raymond 2025).

Indeed, global investments in AI have grown substantially in

the last decade, a trend that is forecasted to continue (Maslej

et al. 2023). Most recently, generative AI—AI systems

capable of autonomously generating textual, visual, or auditory

data—has reached the public at large with the release in 2022 of

text-to-image models like DALL-E, text-to-video systems like

Make-A-Video, and chatbots like ChatGPT. Thus, consumers

are encountering AI-driven products and services in nearly

every aspect of their personal, social, and professional life, in

the form of digital personal assistants, recommendation agents

on social media, and customer service chatbots.

Due to the many potential benefits of AI to consumers, com-

panies, and society at large (Brynjolfsson, Li, and Raymond

2025; Hermann, Yalcin Williams, and Puntoni 2024), substan-

tial research has examined the determinants of consumer’s

receptivity toward AI—consumers’ proclivity toward AI

usage. This research has typically focused on situational

factors associated with receptivity to AI (e.g., Castelo, Bos,

and Lehmann 2019; Valenzuela et al. 2024). However, market-

ers must also understand which consumers are more likely to

adopt their AI products for optimal targeting and product devel-

opment. Much less is known about how systematic differences

across consumers—that is, individual-level factors—predict AI

receptivity, which is the focus of the present research.

More specifically, in the current work we explore the rela-

tionship between consumers’ AI literacy (i.e., their objective

knowledge about AI) and their AI receptivity (i.e., proclivity

toward AI usage). Though most people forecast that consumers

with greater AI literacy are more receptive to AI, we theorize
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and demonstrate that it is those with lower AI literacy who

exhibit greater AI receptivity— a relationship we refer to as

the lower literacy–higher receptivity link.

The lower literacy–higher receptivity link occurs because AI

systems are executing tasks that were once thought to require

uniquely human traits, such as feeling emotions, having a per-

sonality, and holding beliefs (see Santoro and Monin 2023).

Whereas people with higher AI literacy recognize that AI can

execute such tasks without actually having distinctly human

attributes, people with lower AI literacy perceive AI’s execution

of such tasks as more magical and experience greater feelings of

awe when thinking about AI executing such tasks. In turn, per-

ceptions of AI as magical and ensuing feelings of awe explain

the lower literacy–higher receptivity link. Thus, when AI exe-

cutes tasks that are not associated with distinctly human attri-

butes—tasks less likely to evoke perceptions of AI as magical

and feelings of awe—the relationship between AI literacy and

receptivity is moderated. In addition, we find that people with

higher AI literacy generally perceive AI to be more capable

and more ethical, have less fear of AI, and exhibit greater read-

iness to adopt technology in general than people with lower AI

literacy. Thus, people with lower literacy exhibit greater AI

receptivity despite, rather than because of, these alternative

explanations.

Theoretically, our research identifies AI literacy as an impor-

tant yet overlooked individual-level predictor of AI receptivity.

In explaining the lower literacy–higher receptivity link, we

present a theory of AI receptivity based on perceptions of AI

as magical and ensuing feelings of awe that can help reconcile

conflicting findings on consumer responses to new technolo-

gies. Practically, our research suggests that marketing manag-

ers’ inclinations toward targeting consumers with higher AI

literacy for AI-based products and services may be misguided.

Instead, businesses may benefit from targeting those with lower

AI literacy, designing products to meet the needs of this target

segment, and tailoring their marketing messages to highlight

the perceived magicalness of AI solutions. This is particularly

true for AI products and services designed to execute tasks per-

ceived to require distinctly human attributes.

Theoretical Development

AI Receptivity

The adoption of AI-based products and services by consumers

plays a pivotal role in the success and growth of businesses

and society (Hermann and Puntoni 2024). AI-based products

and services can address complex challenges and provide solu-

tions that may not be achievable through traditional methods

alone. For instance, in health care, AI applications can assist

in early disease detection, improve diagnostic accuracy, and

support treatment decisions (Topol 2019), and in finance, AI

tools have the potential to increase financial inclusion (e.g.,

Wang et al. 2019).

Reaping the benefits of AI critically depends on AI receptiv-

ity, which we define as consumers’ proclivity toward AI usage.

This includes an individual’s openness, readiness, and/or likeli-

hood of integrating AI into their own lives and to have AI inte-

grated into the world around them. Substantial conceptual and

empirical research has indeed explored the determinants of

people’s receptivity toward AI. This research has highlighted

the situational factors related to variability in AI receptivity:

how characteristics of the task (e.g., subjectivity vs. objectivity),

salient consumer goals (e.g., hedonic vs. utilitarian consider-

ations), and attributes of the AI agent (e.g., performance,

actual and perceived capabilities, social distance) affect con-

sumers’ responses to AI (Castelo, Bos, and Lehmann 2019;

De Bellis, Johar, and Poletti 2023; Longoni and Cian 2022;

Yalcin et al. 2022; for reviews, see Puntoni et al. 2021;

Valenzuela et al. 2024).

In contrast, seemingly little research focuses on individual

factors that systematically predict receptivity toward AI (cf.

Liu, Kirshner, and Lim 2023). It is important to consider how

individual-level differences across consumers might impact

their receptivity toward AI use to better understand to the opti-

mality of targeting different marketing segments, to appreciate

and evaluate the implications of policy recommendations, and

to optimize the design of AI applications. Yet, individual-level

factors have been largely neglected by empirical AI research.

One important yet overlooked factor that may impact AI recep-

tivity, and is the focus on the present research, is consumers’

degree of knowledge about AI—their AI literacy.

AI Literacy

By AI literacy, we refer to a person’s objective knowledge about

AI, including conceptual and technical knowledge, best prac-

tices in AI development and use, and regulatory requirements.

At the moment, it is unclear how AI literacy might impact con-

sumers’ receptivity toward AI, in part due to lack of appropriate

measurement of AI literacy. Academic work has often conflated

AI knowledge with opinions about how algorithms operate in

specific settings like Facebook News Feed and TikTok (e.g.,

Rader and Gray 2015; Siles, Valerio-Alfaro, and

Meléndez-Moran 2022), or measured knowledge in terms of

self-reported assessments of competency. Indeed, existing mea-

sures of AI knowledge tend to capture whether people believe

they have the necessary technical skills to use technologies,

and whether they believe they know a lot about technologies

(e.g., Kabakus, Bahcekapili, and Ayaz 2023), rather than

people’s objective AI knowledge. Even when AI knowledge

has been assessed more directly and objectively, research has

not directly connected such knowledge to consumers’ receptiv-

ity toward AI (e.g., Dogruel, Masur, and Joeckel 2022; Latzer,

Festic, and Kappeler 2021; Zarouali, Boerman, and De Vreese

2021). Finally, methodologically, research exploring consum-

ers’ knowledge about algorithms has been predominantly con-

ceptual or qualitative, relying on open-ended protocols,

interviews, and opinion surveys (e.g., Cotter and Reisdorf

2020; Hargittai et al. 2020). In contrast to beliefs, opinions,

and subjective perceptions about AI, in the current research

we develop and employ objective, quantitative measures of
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AI literacy to examine its relationship with receptivity toward

AI-based products and services.

AI Literacy and AI Receptivity: Competing Predictions

There are competing predictions with respect to the relationship

between AI literacy and AI receptivity. Perhaps the most

straightforward prediction is that higher levels of AI literacy

are associated with greater receptivity toward AI-based products

and services. For example, research shows that consumers are

less dissatisfied after being denied services by an algorithm if

they are provided an explanation of what the overarching goal

or objective of the algorithm is (Tomaino et al. 2022). This

finding insinuates that people’s lack of knowledge about how

AI works makes them more cynical toward AI making deci-

sions. In line with this idea, some researchers have explicitly

advocated for greater education about technology to increasing

its adoption (e.g., Richter and Sinha 2020). Such assertions

further imply that AI literacy is positively associated with

greater receptivity toward utilizing AI-based products and

services.

Most people appear to share the intuition that people with

more knowledge about AI will be more receptive toward it.

Indeed, in four surveys among consumers from different popu-

lations—X (formerly Twitter) users, LinkedIn users, business

undergraduate students, and an online sample—we asked

people to predict whether people with more (vs. less) AI literacy

would want to use AI more versus less, or whether there would

be no relationship with AI usage. Across all four samples,

people believed that greater AI literacy would be associated

with greater propensity to use it. The results of these polls are

reported in Table 1. In addition, we surveyed a group of 36

top line executives at a major European insurance company

and asked them which customer segment they would be more

likely to target for AI-based products in development. All 36

executives indicated that they would target consumers with

higher (vs. lower) AI literacy. In summary, current wisdom

favors the prediction that people with higher AI literacy are

more receptive to AI.

In contrast to these forecasts, we propose and demonstrate

that AI receptivity is greater among those with lower AI liter-

acy, due to perceptions of AI as magical, as we elucidate next.

The Lower Literacy–Higher Receptivity Link

Artificial intelligence is an umbrella term for computing

systems capable of performing tasks traditionally performed

by humans, such as reasoning, making decisions, or solving

problems (McCarthy et al. 2006). These “intelligent machines”

can operate in ways that resemble human cognition, executing

tasks and making decisions that are typically linked to distinctly

human attributes such as having a personality or holding beliefs.

AI’s ability to execute tasks once thought to be exclusively

carried out by humans such as producing speech, creating a

movie or playing an instrument can seem to transcend the

boundaries of conventional technology. Of course, AI systems

do not actually need to possess human attributes to perform

these tasks. For example, large language models can generate

seemingly empathetic responses without experiencing

empathy themselves. This can create an illusory perception

that AI has human attributes when it executes these tasks.

Indeed, interviews with teachers of machine learning found

that students often readily attribute human qualities to such

technology (Sulmont, Patitsas, and Cooperstock 2019). This

misattribution of human attributes to AI systems is related to

the concept of anthropomorphism in technology. As discussed

by Epley, Waytz, and Cacioppo (2007), people tend to ascribe

human characteristics to nonhuman agents, especially when

these agents exhibit behavior that resembles human actions.

We suggest that AI executing tasks previously believed to

require distinctly human attributes and the resulting perceptions

of AI as having humanlike attributes can result in people per-

ceiving AI as magical.

Indeed, AI has been likened to a form of magic, in part due to

the illusory manner in which it can appear to have distinctly

human attributes and even sentience (Sharkey and Sharkey

2006). This assertion aligns with Arthur Clarke’s third and best-

known law: “Any sufficiently advanced technology is indistin-

guishable from magic” (Clarke 1968, p. 255). The notion of AI

as magical further echoes with depictions of AI in popular

culture. AI is frequently portrayed in popular culture with an

aura of mystery and power that exceeds human comprehension,

even surpassing the limits of human cognition. For example, in

The Matrix, the AI that governs the virtual world is portrayed as

having godlike control over reality, bending physical laws in

ways that seem magical. In fact, the premise that people

readily think of AI as magical can help explain terminology

used in AI coding such as “spellcasting,” which indicates the

provision of an input in a prompt to a language model, and

the naming of AI tools like Google’s AI Agent “Magical,”

which provides AI-enabled autofill.

We suggest that, to the extent that AI is perceived as magical,

it should elicit feelings of awe. Awe typically results from

encountering something of such magnitude that the experience

surpasses one’s existing comprehension of the world (Keltner

Table 1. People’s Forecasts About the Relationship Between AI
Literacy and AI Receptivity.

Participants N

Want

to Use

AI

More

Want

to Use

AI

Less

No

Relationship

X users 63 66.7%a 19.0%b 14.3%b

LinkedIn users 30 73.0%a 10.0%b 17.0%b

Business students 38 73.7%a 13.2%b 13.2%b

Prolific respondents 301 63.8%a 17.3%b 18.9%b

Notes: The question asked was “Do you think that people with more (vs. less)
knowledge of AI and algorithms: (a) Want to use AI more, (b) Want to use
AI less, (c) No relationship.” Proportions on the same row with different
subscripts are significantly different from each other at p≤ .001.
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and Haidt 2003). Prior research has connected the experience of

awe to adoption of virtual reality and virtual assistants (Kautish

et al. 2023; Quesnel and Riecke 2018). Accordingly, we expect

that the more people perceive AI as magical, the greater their

experience of awe, and the greater their AI receptivity.

Importantly, we argue that people with lower AI literacy are

more likely to perceive AI as magical. Magic often relies on

people not understanding or paying attention to how a magic

trick works (e.g., Ekroll, Sayim, and Wagemans 2017). In

much the same way, AI should be perceived as more magical

when people do not understand or pay attention to how AI is

able to execute tasks. This is more likely to be the case

among those with lower rather than higher AI literacy.

Without technical knowledge about how AI operates—such

as the use of algorithms, training data, and computational

models—those with lower AI literacy are more likely to per-

ceive AI’s outputs as extraordinary or even supernatural. That

is, when people with lower AI literacy envision AI executing

tasks that they believe require distinctly human attributes,

they may perceive AI executing these tasks as magical

because they cannot understand how AI is able to do so. In con-

trast, people with greater AI literacy may be more readily able to

understand how AI can execute such tasks without actually pos-

sessing human attributes, dampening perceptions of magical-

ness and subsequent awe. Indeed, once a person understands

the mechanism behind a magic trick, it seems less magical

and can ruin a sense of wonder and excitement for magic

more broadly (Braxton 1998).

To illustrate, people with lower AI literacy may view AI as

possessing a sense of humor if it predicts the funniness of a

joke, leading to a perception of magicalness and feelings of awe

at the thought of AI predicting joke funniness. In contrast,

people with higher AI literacy are more likely to understand

that through pattern matching and algorithms, it is possible for

AI to predict joke funniness without having a sense of humor.

This demystification of AI as having distinctly human attributes

should result in lower perceptions of AI as magical among

those with greater AI literacy. In turn, they should experience

less awe and exhibit lower AI receptivity. In summary, we

predict that people with lower AI literacy will exhibit greater AI

receptivity, and that this difference will be explained through dif-

ferences in perceptions of AI as magical and the ensuing feelings

of awe that people feel when envisioning AI executing tasks.

Importantly, our theorization suggests that this effect

depends on thinking about AI accomplishing tasks typically

associated with distinctively human attributes (e.g., feeling

emotions, having culture, a sense of humor; Santoro and

Monin 2023). That is, when AI executes tasks that typically

require distinctively human attributes, those with lower (vs.

higher) AI literacy are more likely to perceive AI as having dis-

tinctively human attributes, resulting in perceptions of AI as

magical and greater AI receptivity. Although AI is distinguished

from other forms of technology in its ability to emulate human

intelligence specifically, AI can be used to execute tasks that are

more readily recognized as requiring nondistinctly human attri-

butes (e.g., having logic, doing computations, sensing

temperature; Santoro and Monin 2023). When AI performs

these types of tasks, perceptions of AI as magical should not

arise and differences in AI receptivity should be moderated.

Overview of the Current Research

Contrary to the results of four forecasting studies and a survey

of top executives, seven studies demonstrate that people with

lower AI literacy are more receptive toward AI. We explore

the relationship between AI literacy and AI receptivity across

a range of populations including students, online participants,

and citizens across countries. We employ the following

methods of measuring AI literacy to ensure that the results are

not a function of any specific way of assessing it: a third-party

measure of AI expertise assessed through AI education, skills,

and jobs (Study 1), a 25-item measure developed by the

authors (Studies 2, 4, and 6); and a 17-item measure developed

by AI (Claude.AI and ChatGPT-4; Studies 3, 5, and 7). Finally,

we operationalize AI receptivity in several ways. We assess AI

receptivity via general measures of AI adoption readiness

(Studies 1 and 5), propensity to use generative AI for oneself

(Study 2), frequency of past AI usage (Study 3), and relative

preference for human versus AI task execution across a range

of tasks (Studies 4, 6, and 7). Study 1 shows that cross-country

differences in AI literacy predict country-level variation in AI

receptivity. Study 2 demonstrates that undergraduate students

with lower AI literacy are more receptive to using AI to com-

plete academic assignments compared with those with higher

AI literacy. Study 3 finds that AI literacy provides predictive

ability in explaining AI receptivity, operationalized as reported

AI usage over the previous six months, beyond other individual

differences potentially related to AI literacy (i.e., technology

readiness, autonomy, or general knowledge). Studies 4 repli-

cates the lower literacy–higher receptivity link, providing evi-

dence that this relationship is mediated through perceptions of

AI as magical. Study 5 further provides evidence in favor of

the role of magical perceptions, demonstrating serial mediation

through ensuing feelings of awe, and provides evidence that this

link occurs despite rather than because of alternative explana-

tions based on perceived AI capability and fear of AI’s

impact on humanity. Study 6 generalizes the lower literacy–

higher receptivity link across a broad range of tasks. Two post-

tests reported in Web Appendix E show that these results are not

explained by ethicality or capability perceptions. However, in

line with our theorizing, the results are moderated by the

extent to which tasks are perceived as more objective and less

likely to be associated with distinctly human attributes, since

such tasks should not elicit perceptions of AI as magical.

Finally, in Study 7, we directly manipulate the extent to

which tasks are perceived to necessitate distinctly human attri-

butes for task execution between subjects. Among participants

evaluating tasks needing some level of distinctly human attri-

butes, we replicate the lower literacy–higher receptivity link.

However, among participants evaluating tasks not requiring dis-

tinctly human attributes, this relationship reverses, and people

with higher literacy exhibit greater AI receptivity. Table 2
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Table 2. Overview of the Study Designs and Results for the Main Dependent Variables.

Study 1: Cross-country differences in AI literacy predict AI receptivity (N= 27 countries; secondary data from Ipsos and

Tortoise Media; AI literacy is log-transformed)

AI Literacy

AI receptivity (AI adoption readiness) B=−8.80, SE= 2.36, t(25)=−3.73, p< .001

Main findings: Lower AI literacy among people within a country predicted greater country-level AI receptivity.

Study 2: AI literacy predicts student receptivity toward using generative AI (N= 234; lab; undergraduate students)

AI Literacy

AI receptivity (propensity to use generative AI for writing
assignments)

B=−.05, SE= .02, t(232)=−3.62, p < .001

Main findings: Lower AI literacy predicted greater propensity to use AI to execute written assignments.

Study 3: AI literacy predicts reported past AI usage beyond other individual-level differences (N=401; Amazon

Mechanical Turk)

AI Literacy

AI receptivity (reported usage of AI over previous six
months)

B=−.09, SE= .02, t(399)=−5.73, p < .001

Main findings: Lower AI literacy predicted more frequent reported usage of AI over the previous six months. This predictive ability was largely
unchanged when including other individual differences such as technology readiness, general knowledge, and desire for autonomy.

Study 4: AI literacy predicts receptivity toward using AI (vs. human) to execute five different tasks, a relationship explained by

perceptions of AI as magical (N= 1,006; Lucid; U.S. representative sample)

AI Literacy

AI receptivity (relative preference for AI vs. human task
execution)

B=−.10, SE= .01, t(1,004)=−10.80, p< .001

Perceptions of AI as magical B=−.09, SE= .01, t(1,004)=−11.30, p< .001

Main findings: Lower AI literacy predicted greater preference for AI (vs. human) task execution. Differential AI receptivity was explained by
perceptions of AI as magical (95% CI: [−.03, −.01]).

Study 5: AI literacy predicts receptivity toward using AI, a relationship serially explained by perceptions of AI as magical and

inspiring feelings of awe. AI’s capability perceptions and fear of AI do not explain the results (N= 1,000; Prolific Academic)

AI Literacy

AI receptivity (AI adoption readiness) B=−.04, SE= .017, t(998)=−2.25, p= .024

Perceptions of AI as magical B=−.13, SE= .020, t(998)=−6.83, p< .001

Extent to which AI inspires feelings of awe B=−.14, SE= .021, t(998)=−6.79, p< .001

Perceptions of AI’s capability B= .07, SE= .014, t(998)= 4.94, p< .001

Fears about AI’s impact on humanity B=−.09, SE= .024, t(998)=−3.56, p< .001

Main findings: Lower AI literacy predicted greater interest in AI-based products and services, a relationship explained by greater perceptions of AI
as magical and greater feelings of awe toward AI (95% CI: [−.05, −.02]). Lower AI literacy predicted greater fear and reduced perceptions of AI
capability; controlling for AI fear and AI capability perceptions strengthened the relationship between AI literacy and AI receptivity.

Study 6: AI literacy predicts receptivity toward relying on AI (vs. human) to execute 26 different tasks (N=1,099; Amazon

Mechanical Turk)

AI Literacy Objectivity Interaction

AI receptivity (relative preference for AI vs. human task
execution) across task objectivity

B=−.05, SE= .01,
t(1,096.61)=−6.38,
p< .001

B= .01, SE < .01,
t(27,456.70)= 16.87,
p< .001

B= .001, SE < .01,
t(27,456.53)= 7.59,
p< .001

AI Literacy

Distinctly Human vs.

Shared Attributes Interaction

AI receptivity (relative preference for AI vs. human task
execution) across distinctly human vs. shared attributes

B=−.05, SE= .01,
t(1,096.81)=−6.38,
p< .001

B= .86, SE= .01,
t(27,456.56)= 93.94,
p< .001

B= .04, SE < .01,
t(27,456.44)= 16.19,
p< .001

(continued)
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summarizes our empirical package, details of empirical testing,

and results. Studies 2–7 were preregistered. For these studies,

our sample size and data exclusions were determined before

data collection, and we report all conditions, measures, and

data exclusions. Preregistrations, data, and research materials

for all studies are available at https://researchbox.org/1491.

Study 1: Cross-Country Differences in AI

Literacy Predict Country-Level AI

Receptivity

Study 1 combines a dataset capturing differences in people’s

proficiency and knowledge of AI across countries with a sepa-

rate dataset of cross-country AI receptivity to explore whether

differences in AI literacy across countries predict country-level

receptivity toward AI-based products and services.

Data

AI literacy. The Global AI Index (GAII) was created by Tortoise

Media in 2019 to assess the level of investment, innovation, and

implementation of AI around the world. Relevant to the current

research, the 2021 GAII (version 3.0) was extended to include a

measure of AI “talent” (Tortoise Media 2023). The AI talent is a

weighted combination of the number of people with AI-related

job titles, online programming conversations and activity, and

measures of AI-related knowledge through coursework by com-

bining data from LinkedIn, GitHub, UNESCO, Coursera,

Kaggle, CRAN, Alexa API, and Google BigQuery within a

country. This measure should thus capture differences in the

level of AI literacy across countries and served as our

measure of AI literacy. This measure was available for 62 coun-

tries. AI literacy ranged from 1.72 to 100 (M= 20.51). Since the

measure demonstrated a highly skewed distribution, we log-

transformed it for our analysis. AI literacy (log-transformed)

ranges from .54 to 4.61 (M= 2.69).

AI receptivity. In 2022, Ipsos released the results of its Global

Opinions and Expectations About AI Survey, which polled

19,504 online adults aged 16–74 across 28 countries between

November and December of 2021 (Ipsos 2022). This survey

asked participants about a variety of perceptions regarding AI.

For the purposes of the current research, four of the measures

assessed AI adoption readiness: “Products and services using

artificial intelligence will profoundly change my daily life in

the next 3–5 years,” “Products and services using artificial intel-

ligence make my life easier,” “Products and services using arti-

ficial intelligence have more benefits than drawbacks,” and “I

trust companies using artificial intelligence as much as I trust

other companies.” The survey asked respondents whether they

agreed with each of these four statements (yes/no). These data

thus indicate, for each of the four measures, the percentage of

respondents in each country who indicated that they agreed

with the statement. These four measures, available for 28 coun-

tries, were strongly related (Cronbach’s α= .983), and we aver-

aged them into an index capturing AI receptivity. AI receptivity

ranges from 37.25 to 80.25 (M= 54.97).

Results and Discussion

All countries available in the Ipsos dataset, with the exception of

Peru, were available in the GAII. Thus, across the two datasets,

there were 27 overlapping countries. In line with our predic-

tions, regressing AI receptivity on AI literacy revealed that

lower levels of AI literacy within a country predicted greater

AI receptivity (B=−8.80, 95% CI: [−13.67, −3.94], SE=

2.36, t(25)=−3.73, p < .001; see Figure 1). Because the

United States had a significantly greater literacy score than

the other countries, we also examined the relationship across

countries, excluding the United States. Among the remaining

26 countries, there remained a significant negative relationship

between AI literacy within a country and AI receptivity (B=

−8.95, 95% CI: [−14.53, −3.37], SE= 2.70, t(24)=−3.31, p

= .003). The direction and significance of the results were

unchanged using each of the four individual measures of AI

receptivity rather than the index (all p≤ .003).

One may wonder about the extent to which these cross-

country results reflect differences in AI literacy as compared

Table 2. (continued)

Main findings: Lower AI literacy predicted greater relative preference for AI (vs. human) task execution. This relationship was attenuated among
tasks rated as more objective and those less likely to need distinctly human attributes to execute.

Study 7: AI literacy predicts receptivity toward relying on AI (vs. human) to execute ten tasks varying in their association with

distinctly human attributes vs. shared human and AI attributes (N= 1,006; Toluna)

AI Literacy

Distinctly Human vs.

Shared Attributes Interaction

AI receptivity (relative preference for AI vs. human task
execution) across distinctly human vs. shared attributes

B= .08, SE= .02,
t(1,002)= 3.57,
p< .001

B=−1.17, SE= .09, t(1,002)
=−13.15, p< .001

B=−.19, SE= .03, t(1,002)
=−6.38, p < .001

Main findings: Lower AI literacy predicted greater relative preference for AI (vs. human) task execution when the task was associated with
distinctly human attributes (B=−.12, SE= .02, t(1,002)=−5.43, p < .001), a relationship reversed when the task was associated with shared
attributes (B= .08, SE= .02, t(1,002)= 3.57, p < .001).
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with other factors that vary across more developed versus less

developed countries. Thus, as a robustness check, we examined

the relationship between AI literacy and AI receptivity, adjust-

ing for the Human Development Index (HDI) measured by the

United Nations Development Programme (2022). The HDI

measures life expectancy, level of education (expected years

of schooling, mean years of schooling), and income (gross

national income per capita) within a country. The scores for

these dimension indices are then aggregated into a composite

index to create a singular HDI score. Table 3 provides the anal-

ysis including the HDI index (Model 2) and the three individual

components that make up the HDI index (Model 3).1 Note that

excluding the United States does not change the significance

level of AI literacy in either of these models. For additional

robustness, we also considered the GDP growth rate and popu-

lation growth rate as further controls. These results provide

initial evidence for a negative relationship between AI literacy

and AI receptivity.

Study 2: AI Literacy Among College Students

Predicts Receptivity Toward Using

Generative AI to Complete Assignments

Study 2 explores the relationship between AI literacy and recep-

tivity to using generative AI chatbots, a type of AI increasingly

used by students to complete academic assignments. We

measure AI literacy using a multiple-choice test and then

assess undergraduate students’ propensity to use a generative

AI agent to complete writing assignments.

AI Literacy Measurement

To develop ameasure of AI literacy, we reviewed academic schol-

arship, public resources, and practitioner-focused pedagogy cov-

ering the topics of AI, algorithms, and digital literacy. These

data sources included the AI Education Project (aiEDU 2023),

UNESCO’s Algorithm & Data Literacy project (Digital

Moment 2023), and the National University of Singapore’s

library on digital literacy (National University of Singapore

2023). This led to the development of a set of 47 possible ques-

tions covering awareness of where AI and algorithms are used,

whether they are responsible for a given action or outcome, con-

ceptual and technical knowledge, best practices in usage, and reg-

ulatory requirements. These questions were refined to a final set of

25 questions based on feedback from several data scientists, pro-

grammers, and ChatGPT-3. Full details about the development of

this measure and the 25 items are available in Web Appendix A.

Procedure

This study was run in four weekly laboratory sessions, with

each week having up to a maximum of 100 participants. An

error in a previous study’s redirect link resulted in only 23

responses in the first week. In total, we recruited 234 partici-

pants across the four sessions (Mage= 19.4 years, SD= .95;

female= 45.7%, male= 53.4%, nonbinary/third gender= .4%,

prefer to not say= .4%).

First, participants saw a brief introduction that explained the

goal of the task: to assess people’s knowledge of AI, algorithms,

online behavior, and data privacy. They also read that they

would be asked to complete this test relying solely on their

knowledge and without looking up answers online, that they

needn’t be experts on the topic, and that their performance on

Figure 1. Relationship Between AI Literacy (Log-Scaled) and AI Receptivity Across 27 Countries.

1 We averaged expected years of schooling and mean years of schooling to

create a single education measure.
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the test would not impact their participation credit. Finally, par-

ticipants were asked to answer to the best of their knowledge

and choose the answer that they believed was most accurate.

Participants then completed the AI literacy test, with the sum

of the correct responses serving as a participant’s AI literacy

score. The order of questions and the order of answers within

each question were randomized. Our dependent variable was

AI receptivity as measured by propensity to use a generative

AI agent to complete assignments. Participants read a

description of what a generative AI agent is, how it works,

and the length of time that it typically takes to generate

content. Participants then saw a real example of

ChatGPT-3’s written output in response to the prompt

“write a one-page report about a recent war and the resulting

impact on culture.” After reviewing this example, partici-

pants read that we were interested in their likelihood of

using this generative AI agent in their own assignments if it

was available to them at no cost. Participants then rated

their propensity to use this generative AI agent to complete

four assignments, described to them as follows and presented

in random order: “An opinion piece on the ethics of a vege-

tarian lifestyle,” “A report about how the assassination of

Archduke Franz Ferdinand led to the beginning of World

War 1,” “A poem about falling in love in Venice,” and “A

creative writing story about the perils of adolescence.”

Specifically, they indicated whether and in what way they

would use this generative AI agent using the following

5-point scale: 1 = “I would not use the generative AI

agent,” 2 = “I would use the generative AI agent to come

up with ideas, but would write the assignment myself,” 3 =

“I would use the generative AI agent to write the first draft,

but would re-write it before submitting it,” 4 = I would use

the generative AI agent to complete the assignment, but

would fact check it to fix any errors before submitting it,”

and 5 = “I would use the generative AI agent to complete

the assignment, and submit it as written.” Students completed

an instructional manipulation check (IMC: “This question is

NOT interested in your marital status. Instead, it is designed

to ensure you are taking the time to read all questions, even

toward the end of the survey. As such, instead of indicating

your marital status from the options below, please select

“married” from the options below.”) before providing demo-

graphic information (i.e., gender and age).

Results and Discussion

We had an unexpectedly high failure rate on the IMC (41.9% of

participants failed), and this failure rate was significantly corre-

lated with scores on the AI literacy test (r= .13, p= .044). Thus,

we report the results without any exclusions. However, the sig-

nificance of our results is unchanged if we exclude participants

based on the IMC as preregistered.

AI literacy. We computed an AI literacy score for each partici-

pant by summing the number of correct responses. The

median score was 18 (range: 3–24, M= 16.99, SD= 3.61).

AI receptivity. As preregistered, we calculated participants’

receptivity to using generative AI to complete written assign-

ments by averaging reported likelihood of using AI across the

four assignments into an AI receptivity index; higher numbers

on the index indicate greater propensity to use AI

(Cronbach’s α= .78). A linear regression on AI receptivity

revealed that lower AI literacy scores were associated with

higher AI receptivity (B=−.05, 95% CI: [−.08, −.02], SE=

.01, t(232)=−3.62, p< .001). To ensure that the results were

Table 3. Results of Study 1: Cross-Country AI Literacy Predicts AI Receptivity.

Model 1 Model 2 Model 3 Model 4

No Controls Controlling for HDI

Controlling for HDI

Components

Controlling for HDI

Components and

Economic

Indicators

AI literacy (log-transformed) −8.804*** (2.361) −5.265* (2.057) −5.849** (1.990) −5.858* (2.071)

Human Development Index
(HDI)

−82.953*** (20.575)

Life expectancy .174 (.438) .131 (.462)

Education −4.338* (1.724) −4.318* (1.829)

Income (GNI, log-transformed) −1.079 (6.579) −.339 (7.409)

GDP growth rate .373 (.666)

Population growth rate −.489 (3.547)

Intercept 78.695*** (6.653) 140.412*** (16.181) 128.492** (37.209) 121.614* (46.241)

Adjusted R2 .332 .585 .621 .589

*p≤ .05.
**p≤ .01.
***p≤ .001.
Notes: N= 27. Values reflect unstandardized coefficients. GNI = gross national income.
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not driven by one assignment in particular, we also ran a

mixed-regression model, regressing propensity to use AI to

complete each individual task on the literacy scores, including

fixed effects for the specific assignment and a random intercept

for each participant to account for the repeated measures. This

model similarly indicated a negative relationship between AI lit-

eracy and AI receptivity (B=−.05, 95% CI: [−.08, −.02], SE=

.01, t(231.93)=−3.63, p < .001). In Figure 2 we plot separate

regressions for each assignment type by AI literacy. As

another robustness check, we considered the possibility that

people with higher AI literacy have a better understanding of

the potential pitfalls of generative AI’s output. If so, people

with higher AI literacy may not be less receptive to using AI

but believe it cannot be used to the same extent. To examine

this possibility, we recoded the dependent measure to be a

binary variable indicating whether participants would use AI

at all. The results showed that those with lower AI literacy

were more likely to use AI (at all) compared with those with

higher literacy (B=−.13, 95% CI: [−.23, −.03], SE= .05, z=

−2.65, p < .001).

Overall, this study shows that students with lower AI lit-

eracy exhibit greater propensity to use AI to complete their

assignments compared with students with higher AI liter-

acy. Notably, our study design provided participants

with an example of AI’s abilities and held the cost of the

AI agent constant (i.e., using the generative AI agent

was free). Thus, observed differences in utilization

propensity are unlikely to be explained by differences in

expectations of what the AI’s output would be or the cost

of using it.

Study 3: The Predictive Power of AI Literacy

Beyond Other Individual Differences

Study 3 explores AI receptivity operationalized through the fre-

quency of past AI usage, a conservative test of the hypothesized

relationship, since greater exposure to AI could increase literacy

through greater awareness of how and where AI operates. If so,

people with more frequent past usage would be those with

greater, rather than lesser, knowledge—the opposite of the pre-

diction made by the current theorizing. An additional goal of

Study 3 is to measure other individual differences that may sys-

tematically vary across people with lower and higher AI literacy

to examine the unique predictability of AI literacy. Specifically,

we consider the possibility that people with greater AI literacy

may have a generally higher desire for self-reliance and thus

have a reduced preference for help of any kind. Since it has

been shown that one of the impediments to adoption of auton-

omous products may be a desire to complete a task oneself

(De Bellis, Johar, and Poletti 2023), we measured motivation

for autonomy. In addition, it is possible that this effect is not

specific to AI, and that people with less AI literacy are simply

more inclined to adopt technology of any kind. To examine

this, we assess participants’ technology readiness, a measure of

a person’s propensity to adopt new technologies (Victorino,

Karniouchina, and Verma 2009). Finally, it is possible that AI lit-

eracy is simply a proxy of general knowledge, and that this effect

stems from people with less general knowledge rather than knowl-

edge of AI specifically. Thus, we administer a test of general

knowledge across a variety of subjects to see whether AI literacy

provided predictive ability beyond general knowledge.

Figure 2. Lower AI Literacy Predicts Higher Propensity to Use AI Across Four Assignments.
Notes: Each line in Figure 2 represents a separate linear regression predicting AI utilization from AI literacy for a single assignment. Shaded areas indicate 95%
confidence intervals.
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AI Literacy Measurement

For this study, we developed a new measurement of AI literacy

based on previously identified AI literacy “competencies.”

Specifically, Long and Magerko (2020) identify 17 competen-

cies that they consider to be the core foundations of AI literacy.

These 17 competencies were described to both Claude.AI and

ChatGPT-4. We then asked these AI tools to create one

multiple-choice question for each of the 17 competencies.

From these two sets, we selected the question that seemed

most representative of the competency, for a final set of 17 ques-

tions. Details of the development of this measure and the 17

items are available in Web Appendix B.

Procedure

We posted the survey for 400 participants on Amazon

Mechanical Turk via Cloud Research. We received 401 com-

pleted responses (4 participants did not complete the survey

because they failed the attention check at the beginning of the

survey; Mage= 43.9 years, SD= 13.2; female= 43.9%, male=

54.6%, nonbinary/third gender= .5%, prefer to not say= 1%).

We first measured AI receptivity through participants’

reported frequency of usage of AI-based products and services

over the previous six months. Specifically, they were asked, “In

the last six months, how often have you used …” (1) “A digital

image generator (e.g., DALL-E, Midjourney, …),” (2) “An

AI-powered productivity tool for note taking, scheduling,

inbox management (e.g., Zapier),” (3) “An AI-powered

design service to create a website (e.g., Canva),” (4) “An

AI-powered health app to meditate, monitor sleep (e.g.,

Headspace, Sleep.ai),” or (5) “An AI-tool as a writing assistant

(e.g., ChatGPT).” These were all measured on the following

five-point scale: 1 = “Never,” 2= “Once or twice,” 3=

“Occasionally (more than once or twice but not more than

once a month), 4= “Frequently (more than once a month),”

and 5= “On a weekly basis.” We combined their responses

into an index, coded such that higher numbers on the index indi-

cate greater AI receptivity (Cronbach’s α= .74).

We next assessed AI literacy with a 17-item measure created

by AI, as described previously.

Then, we measured general readiness to adopt technology,

desire for self-reliance, and general knowledge. Readiness to

adopt technology was measured using the ten-item technology

readiness index from Victorino, Karniouchina, and Verma

(2009). We measured general attitudes toward self-reliance

versus dependence on others through four items assessing moti-

vation for autonomy (from Dahl and Moreau [2007]): “To what

extent do the following statements describe you?” (1) “I want to

be free to make my own choices,” (2) “I want to express

myself,” (3) “I don’t want to be controlled,” and (4) “I don’t

want to feel pressured” (1= “Not at all,” and 7=

“Extremely”). General knowledge was measured with 20

multiple-choice questions assessing the following four topics

(5 questions each): history, biology, geography, and literature.

Similarly to how the AI literacy test was created for this

study, these questions were generated by AI (i.e., ChatGPT-4)

to be representative of knowledge in these areas. Finally, we

collected demographic information (gender, age, and income).

Results and Discussion

AI literacy. We computed AI literacy by summing the number of

correct responses to the 17 questions, such that higher scores

indicate higher AI literacy. The median score was 13 (range:

1–17, M= 12.5, SD= 2.28).

AI receptivity. A linear regression on AI receptivity revealed that

lower AI literacy was associated with greater frequency of AI

usage (B=−.09, 95% CI: [−.13, −.06], SE= .02, t(399)=

−5.73, p < .001). AI literacy was unrelated to age (r= .06, p=

.214) and income (r= .03, p= .507). However, it was related

to other factors. It was positively related to technology readiness

(r= .27, p < .001), motivation for autonomy (r= .12, p= .015),

general knowledge (r= .51, p < .001), and being male (r=

.210, p < .001). Moreover, each of these factors was associated

with past AI usage, such that technology readiness (r= .17, p <

.001) and being male (r= .10, p= .037) positively predicted past

usage, and motivation for autonomy (r=−.14, p= .007) and

general knowledge (r=−.24, p< .001) negatively predicted

past usage. Therefore, as preregistered, we regressed AI recep-

tivity on AI literacy, technology readiness, motivation for

autonomy, general knowledge, and gender (male). The results

are reported in Model 2 in Table 4. Even when controlling for

these factors, lower AI literacy was associated with greater fre-

quency of AI usage (B=−.11, 95% CI: [−.15, −.07], SE= .02,

t(373)=−5.70, p < .001).

Beyond our preregistered analyses, we performed additional

robustness checks. Specifically, lower AI literacy predicted

increased AI receptivity in a model in which only factors that

negatively predicted AI receptivity were included (e.g., AI liter-

acy, general knowledge, motivation for autonomy) and a model

that included all factors and demographics.2

This study finds that people with lower AI literacy exhibit

greater AI receptivity, as operationalized by frequency of past

AI usage. This relationship cannot be explained by people

with lower AI literacy liking technology more in general. In

fact, people with greater AI literacy are those who indicate

being more ready to adopt technology in general, as captured

by the technology readiness index. This relationship is also

not explained by differences in motivation for autonomy or

general knowledge. In fact, a model that includes these factors

leaves the predictive ability of AI literacy largely unchanged.

2 In all studies with available demographic information, a robustness check con-

trolling for demographics remained significant. In addition, the AI literacy

measure in this study exhibited skewness levels greater than |1|. The results of

this and all studies exhibiting skewness remain significant adjusting for skew-

ness through square root transformation as a robustness check.
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Study 4: Testing Perceptions of AI as Magical

Study 4 examines our proposed explanation that the lower liter-

acy–higher receptivity link is the result of differential percep-

tions of AI as magical. We do so by measuring perceptions of

AI as magical and examine whether these perceptions explain

the relationship between AI literacy and AI receptivity.

Additionally, Study 4 distinguishes receptivity toward AI

from propensity to execute the task oneself to ensure that this

relationship is not due to a desire to derive meaning from

doing the task oneself (De Bellis, Johar, and Poletti 2023).

Finally, in this study, we recruit a nationally representative

U.S. sample.

Procedure

We requested 1,000 participants from the platform Lucid, which

uses quota sampling to provide respondents representative of

the U.S. population on age, gender, ethnicity, and geographic

region. This study included, as preregistered, one IMC

(“Please indicate you are taking the time to read the instructions

carefully by completing the following simple math question. If

Jennie starts with a dozen eggs and uses four eggs to make an

omelet, how many eggs does she have left? Please write a

numeric answer only [no letters]. Answering this question

incorrectly will end the survey.”). This was asked at the begin-

ning of the survey, and participants who failed this question did

not complete the survey (i.e., we collected no data for them, and

incorrect responses did not affect our target sample size). In

total, Lucid recruited 1,090 participants, with 84 participants

failing to accurately answer the attention check and thus not

completing the survey. As such, 1,006 participants successfully

completed the study (Mage= 45.6 years, SD= 16.8; female=

51.1%, male= 47.5%, nonbinary/third gender= .9%, other=

.1%, prefer to not say= .4%3).

AI literacy was assessed using the 25-item measure. After

completing the AI literacy test, participants rated their agree-

ment with seven statements designed to assess the proposed

mediator of beliefs of AI as magical (all on seven-point

scales, 1= “Strongly disagree,” and 7= “Strongly agree”).

These statements, presented to them in random order, were:

“Artificial intelligence seems magical,” “Artificial intelligence

seems to conjure answers out of thin air,” “Artificial intelligence

seems like wizardry,” “Artificial intelligence seems supernatu-

ral,” “Artificial intelligence seems irrational,” “Artificial intelli-

gence has an air of mystique,” and “If I could see how artificial

intelligence works, it would look like a magic show.” We aver-

aged the seven statements assessing perceptions of AI as

magical into an index (Cronbach’s α= .86).

We measured AI receptivity via participants’ preference to

have the target task carried out by a human or an AI algorithm

using a seven-point scale (1= “Definitely prefer the human,” 4

= “Indifferent,” and 7= “Definitely prefer the AI algorithm”).

For generalizability, we used five new tasks, presented in

random order: creating a new recipe, designing a business

plan, recommending what to do on a date, onboarding/training

new employees, and coming up with a funny story. We aver-

aged preferences across these five tasks into an AI receptivity

index (Cronbach’s α= .78). Finally, we collected participants’

gender, age, marital status, employment status, and industry

that best described their field of expertise.

Results and Discussion

AI literacy. We computed an AI literacy score for each partici-

pant as in previous studies. The median score was 13 (range:

1–24, M= 13.15, SD= 4.63).

AI receptivity. Participants with lower AI literacy were more

receptive to have AI complete the tasks (B=−.10, 95% CI:

[−.11, −.08], SE= .01, t(1,004)=−10.80, p < .001).

Perceptions of AI as magical. Participants with lower AI literacy

perceived AI as magical to a greater extent than those with

higher AI literacy (B=−.09, 95% CI: [−.11, −.07], SE= .01,

t(1,004)=−11.30, p< .001).

Mediation. We tested whether differences in AI receptivity as a

function of AI literacy were mediated by perceptions of AI as

magical. Hayes’s (2017) PROCESS Model 4 macro with

10,000 bootstrapped samples supported the proposed media-

tion, as the 95% confidence interval for the indirect pathway

did not include zero (95% CI: [−.03, −.01]).

Table 4. Results of Study 3.

Model 1 Model 2

No Controls

Controlling for Factors

Negatively Associated

with AI Receptivity

AI literacy −.095*** (.017) −.110*** (.019)

Technology readiness
indexa

.033*** (.006)

General knowledge −.027* (.012)

Motivation for
autonomy

−.095* (.045)

Gender (male) .250** (.076)

Intercept 2.952*** (.210) 3.797*** (.333)

Adjusted R2 .074 .184

Observations 401 379a

*p≤ .05.
**p≤ .01.
***p≤ .001.
aThe technology readiness index had 22 missing observations compared with
the full sample. Running Model 1 without these observations does not affect our
findings.
Notes: Values reflect unstandardized coefficients.

3 The demographic information reported here is based on self-reports, which

vary slightly from demographic information provided by Lucid. All demograph-

ics (self-reported and Lucid-reported) are available in the dataset in

ResearchBox.
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Overall, Study 4 replicates the relationship between lower AI

literacy and greater AI receptivity among a nationally represen-

tative U.S. sample generalizing the results to five new tasks.

Moreover, these results suggest that differences in AI receptiv-

ity are explained by differences in perceptions of AI as magical:

those with lower AI literacy perceive AI as more magical, which

explains their greater AI receptivity.

Study 5: Examining Serial Mediation Through

Perceptions of AI as Magical and

Awe-Inspiring

Study 5 builds on Study 4 in four ways. First, Study 5 serves as

a conceptual replication operationalizing AI literacy with the

17-item measure, and operationalizing AI receptivity using

more general measures of AI receptivity adapted from the

Ipsos Global Opinions and Expectations About AI Survey

(the same measures used in Study 1). This measurement

allows for generalizability, as participants can think of any

AI-based products and services that come to their minds.

Second, in Study 5, we delve further into the proposed mecha-

nism by measuring perceptions of AI as magical as well as feel-

ings of awe that are inspired by AI, which we argue explain

increased receptivity among people with lower AI literacy.

Third, we measure perceptions of AI’s capability to complete

several tasks to test the alternative explanation that people

with lower (vs. higher) AI literacy believe that AI is more

capable, with differences in capability perceptions explaining

differences in receptivity. Finally, we measure fear of the

impact of AI on humanity to test the alternative explanation

that those with lower (vs. higher) AI literacy are more receptive

to AI because they are less worried about the potential negative

effects of AI for humanity.

Procedure

We requested 1,000 participants from Prolific Academic. This

experiment included, as preregistered, one IMC (“This question

is just to make sure you are taking the time to read questions

carefully. This is not a trick question. What is 12 − 4? Please

use a numeric value only [no letters].”). This was asked at the

beginning of the survey, and participants who failed this ques-

tion did not complete the survey (i.e., we collected no data for

them, and incorrect responses did not affect our target sample

size). In total, 1,020 people started the survey, with 20 partici-

pants failing to accurately answer the attention check and thus

not completing the survey. As such, 1,000 participants success-

fully completed the study (Mage= 39.84 years, SD= 13.27;

female= 46.5%, male= 50.9%, nonbinary/third gender=

1.8%, prefer to not say= .8%).

We assessed AI literacy with the 17-item test used in Study

3. In all the subsequent sections, participants read that we were

interested in their beliefs about AI, and it was stressed that there

were no right or wrong answers. We measured AI receptivity

using the four general statements assessing AI adoption

readiness from the Ipsos Global Opinions and Expectations

About AI Survey used in Study 1. However, instead of a

binary response, participants indicated their responses on a

seven-point scale (1= “Not at all,” and 7= “Very much”), and

responses were combined into an index (Cronbach’s α= .83).

Perceptions of AI as magical were measured as in Study 4,

although we did not include the statement about AI seeming

irrational based on its lower conceptual fit (Cronbach’s α=

.91). Awe was measured using level of agreement with four

items taken from Kautish et al. (2023): “If I think about artificial

intelligence that powers products and services…” (1) “I experi-

ence feelings of awe,” (2) “I feel that I am witness to something

grand,” (3) “I perceive vastness and I feel my jaw drop,” and (4)

“I have goosebumps and gasp” (seven-point scale: 1=

“Strongly disagree,” and 7= “Strongly agree”; Cronbach’s α

= .92). Fear of AI was measured with four items taken from

Cave and Dihal (2019). Specifically, participants indicated

their level of agreement with the following statements: (1) “I

fear that artificial intelligence will make us lose our humanity,”

(2) “I fear that artificial intelligence will turn against humans,”

(3) “I fear that artificial intelligence will make humans become

obsolete,” and (4) “I fear that artificial intelligence will make

humans lose the ability to connect with each other” (seven-point

scale: 1= “Not at all,” and 7= “Very much”; Cronbach’s α=

.87). Finally, we measured AI capability by asking respondents

to what extent they thought that an AI algorithm was capable of

executing each of the following tasks: (1) composing a song, (2)

recommending a gift, (3) playing the piano, (4) writing a news

article, (5) driving a car, (6) piloting a plane, and (7) recom-

mending music (seven-point scale: 1= “Definitely incapable,”

and 7= “Definitely capable”). Note that these seven tasks are

a subset of the tasks used in Castelo, Bos, and Lehmann

(2019; Study 1). The seven measures assessing AI capability

perceptions cohered well (Cronbach’s α= .83) and were com-

bined. Finally, we collected gender, age, and income.

Results and Discussion

AI literacy. We computed an AI literacy score for each partici-

pant as in previous studies. The median score was 13 (range:

1–17, M= 12.55, SD= 2.28).

AI receptivity. As predicted, participants with lower AI literacy

scores indicated greater AI receptivity (B=−.04, 95% CI:

[−.07, −.01], SE= .02, t(998)=−2.25, p= .024).

Perceptions of AI as magical. Participants with lower AI literacy

perceived AI as more magical than those with higher AI literacy

(B=−.13, 95% CI: [−.17, −.10], SE= .02, t(998)=−6.83,

p < .001).

Experience of awe. Participants with lower AI literacy reported

experiencing greater feelings of awe when thinking about AI

powering products and services (B=−.14, 95% CI: [−.18,

−.10], SE= .02, t(998)=−6.79, p < .001).
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Serial mediation. Before examining serial mediation, we con-

ducted a factor analysis on the set of measures assessing percep-

tions of AI as magical and experience of awe to examine the

distinctiveness of the constructs. Both exploratory and confir-

matory factor analysis suggested that these factors were

related but separate constructs. Serial mediation using Hayes’s

(2017) PROCESS Model 6 macro with 10,000 bootstrapped

samples provided support for the proposed mediation (95%

CI: [−.05, −.02]).

Capability of AI. In contrast to the alternative explanation that

people with lower AI literacy perceive AI as more capable,

we found a positive association such that those with lower AI

literacy perceived AI as less capable (B= .07, 95% CI: [.04,

.10], SE= .01, t(998)= 4.94, p< .001).

Fear of AI. In contrast to the alternative explanation that people

with lower AI literacy are less fearful of AI’s impact on humanity,

we found a negative association such that those with lower AI lit-

eracy were more fearful of AI than those with higher AI literacy (B

=−.09, 95%CI: [−.13,−.04], SE= .02, t(998)=−3.56, p< .001).

Study 5 provides more evidence in support of our proposed

account.Differences inAI receptivity acrossAI literacy are serially

mediated by perceptions of AI asmagical and the awe experienced

in thinking about AI powering products and services. Notably,

these results cast doubt on the alternative explanation of percep-

tions of AI capability. Those with lower AI literacy rated AI as

less capable of executing tasks. This suggests that people with

lower AI literacy are more receptive toward AI despite believing

it is less capable. Moreover, Study 5 suggests that differences in

AI receptivity are not a function of fear of AI, since those with

lower AI literacy are more fearful of AI’s potential impact on

humanity. As such, including capability and fear in the analysis

increases rather than decreases the relationship betweenAI literacy

and AI receptivity. These findings suggest that people with lower

AI literacy are more receptive to AI-based products and services

in spite of, rather than because of, their fear about AI and beliefs

in AI’s capabilities. In line with this interpretation, in a supplemen-

tal study reported inWebAppendixD,wefinddirectional evidence

that encouraging people to base their decisions on capability and

efficiencyweakens the link betweenAI literacy andAI receptivity.

Study 6: AI Literacy and AI Receptivity as a

Function of Task Characteristics

We have suggested that differential perceptions of AI as magical

across levels of AI literacy result from differences in how people

interpret AI’s ability to execute tasks once thought to require exclu-

sively human attributes. Generally, viewing AI as capable of exe-

cuting such tasks fosters a perception of magic; however,

individuals with higher AI literacy recognize that AI does not

need humanlike attributes to accomplish these tasks, which

dampens perceptions of AI as magical. The lower literacy–higher

receptivity link emerged using general measures of AI adoption

readiness (Studies 1 and 5), which suggest that the lower

literacy–higher receptivity link does not artificially rely on our

choice of tasks.However, our line of reasoning suggests that differ-

ences in AI receptivity should be moderated when tasks do not

require distinctly human attributes (e.g., objective tasks such as

data analysis). By exploring process through the potentialmoderat-

ing impact of task characteristics, Study 6 aims to address the lim-

itations of the approach of using mediation to examine process

(e.g., Bullock, Green, and Ha 2010; Imai et al. 2011). Finally, we

counterbalance whether the AI literacy test comes before or after

the measure of AI receptivity to explore potential order effects.

Procedure

We posted the survey for 1,000 participants on Amazon

Mechanical Turk via CloudResearch. We received 1,184

responses4 (13 participants did not complete the survey because

they failed the attention check at the beginning of the survey).

We omitted responses from 32 participants who failed the IMC

at the end of the survey, 5 participants who skipped an attention

check question, and an additional 35 participants who indicated

answering the questions randomly (2 of whom also indicated not

trying their best), leaving us with a final sample of 1,099 partici-

pants (Mage= 46.3 years, SD= 60.3; female= 50.1%, male=

48.2%, nonbinary/third gender= .7%, prefer to not say= 1%).

AI literacy was assessed with the 25-item measure used in

Study 2. Participants’ AI receptivity, the dependent measure,

relied on a paradigm used by Castelo, Bos, and Lehmann

(2019; Study 1). Specifically, participants read that we wanted

them to consider various tasks that could be carried out either

by a person or automated and carried out by an AI algorithm

and to rate their preference to have the key decision for that

task carried out by a human versus an AI algorithm. For each

of 26 tasks, briefly described and presented in random order

(e.g., predicting joke funniness, hiring and firing employees,

recommending a romantic partner, predicting student perfor-

mance), participants expressed a preference to have the target

task carried out by a human or an AI algorithm using a seven-

point scale (1= “Definitely prefer the human,” 4=

“Indifferent,” and 7= “Definitely prefer the AI algorithm”).

We then collected demographic variables (gender, age, and

household income), political ideology, and religiosity. The

survey ended with three attention checks. One was the same

IMC used in Study 2. We included two attention checks: partic-

ipants indicated (1) if they responded to the best of their abilities

and (2) if they responded randomly at any point during the

survey (yes/no binary answer for both).

Results and Discussion

AI literacy. We computed the AI literacy score for each partici-

pant as in previous studies. The median score was 19 (range: 4–

25, M= 18.49, SD= 3.81).

4 There was an error with the survey completion code, which may have led to

the higher-than-expected number of survey completions.
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AI receptivity. As preregistered, we calculated AI receptivity by

averaging preferences across the 26 tasks into an index, coded

such that higher numbers on the index indicate greater AI recep-

tivity (Cronbach’s α= .92). A linear regression on average AI

receptivity revealed that lower AI literacy was associated with

greater relative preference for AI task execution (B=−.05,

95% CI: [−.06, −.03], SE= .01, t(1,097)=−6.39, p < .001).

We also explored whether this relationship depended on

whether we assessed AI literacy before or after AI receptivity

using order as an additional factor in the analysis. Regressing

AI receptivity on AI literacy, order, and their interaction

revealed only a main effect of AI literacy (B=−.04, 95% CI:

[−.06, −.02], SE= .01, t(1,095)=−3.50, p< .001). Neither

the effect of order (B= .24, 95% CI: [−.30, .78], SE= .28,

t(1,095)= .86, p= .389) nor the interaction (B=−.02, 95%

CI: [−.04, .01], SE= .01, t(1,095)=−1.05, p= .295) were

significant.5

Task characteristics. Although we found an overall negative

relationship, such that people with lower AI literacy were

more likely to prefer tasks be completed by AI, we explored

whether this difference depended on the level of objectivity

required to complete each task. Subjective tasks are more

likely to typically require more distinctively human attributes

(e.g., having a sense of humor), whereas objective tasks are

more likely to require attributes known to be shared by

humans and AI (e.g., doing computations). As preregistered,

we asked a separate sample of 50 respondents from Amazon

Mechanical Turk (following the inclusion criteria from the

main study, 47 participants were included in the analysis) to

rate each of the 26 tasks on the perceived degree of subjectivity

versus objectivity using definitions provided by Castelo, Bos,

and Lehmann (2019): “For each task, we would like you to

tell us if you think that the task is mostly subjective or mostly

objective. Subjective tasks are tasks that are best carried out

by relying on subjective feelings, intuition, and gut reactions.

Objective tasks are tasks that are best carried out by relying

on objective data, mathematical/statistical relationships, and

objective measures.” Higher ratings indicated higher perceived

objectivity required to complete the task and were mean-

centered. We then ran a mixed-regression model, regressing

AI preference for each individual task on participants’ mean-

centered AI literacy score, the mean-centered objectivity score

of the given task, and their interaction, with a random intercept

for each participant to account for the repeated measures. This

model replicated the negative relationship between AI literacy

and AI receptivity (B=−.05, 95% CI: [−.06, −.03], SE= .01,

t(1,096.61)=−6.38, p < .001). In line with previous research,

objectivity positively predicted AI receptivity (B= .01, 95%

CI: [.01, .01], SE < .01, t(27,456.70)= 16.87, p < .001).

However, there was evidence of a significant interaction (B=

.001, 95% CI: [.001, .001], SE < .01, t(27,456.53)= 7.59, p<

.001). Although those with lower AI literacy had generally

greater AI receptivity, this difference was smaller among

tasks requiring more objectivity (Figure 3).

To more directly test our theory, we ran a subsequent posttest

to evaluate whether each of the 26 tasks was believed to require

more distinctively human attributes versus attributes believed to

be shared among humans and AI. One hundred participants read

through two lists of attributes (distinctly human vs. shared attri-

butes) taken from Santoro and Monin (2023). Then, for each of

the 26 tasks, participants indicated, on a seven-point scale,

whether it was more important for an agent executing the task

to have the attributes that are distinctly human or those that

are shared between humans and AI (1= “Definitely have dis-

tinctively human attributes,” and 7= “Definitely have attributes

shared between humans and AI”). We then ran a

mixed-regression model, regressing AI preference for each indi-

vidual task on participants’ mean-centered AI literacy score, the

mean-centered human versus shared attributes score of the

given task, and their interaction, with a random intercept for

each participant to account for the repeated measures. This

model replicated the negative relationship between AI literacy

and AI receptivity (B=−.05, 95% CI: [−.06, −.03], SE= .01,

t(1,096.81)=−6.38, p < .001). Human versus shared attributes

positively predicted AI receptivity (B= .86, 95% CI: [.84,

.88], SE= .01, t(27,456.56)= 93.94, p< .001). Importantly,

there was evidence of a significant interaction (B= .04, 95%

CI: [.03, .04], SE < .01, t(27,456.44)= 16.19, p< .001).

Similar to task objectivity, the relationship between lower AI lit-

eracy and greater AI receptivity was attenuated among tasks

perceived to require less distinctly human attributes.

This study replicates the relationship between lower AI liter-

acy and higher AI receptivity, in a context in which the AI

receptivity measure is unrelated to participants’ preference to

complete the tasks themselves. This relationship is not contin-

gent on whether AI literacy is assessed before or after partici-

pants provide their relative preference for AI, indicating that

the relationship between AI literacy and AI receptivity is not

dependent on having AI knowledge made salient. Moreover,

in line with our proposed theorization, the relationship

between AI literacy and AI receptivity is more pronounced

among tasks that are subjective and those that typically

require more distinctively human attributes, which are more

likely to evoke perceptions of AI as magical.

In two separate posttests, which we report in full detail in Web

Appendix E, we test two alternative accounts for the lower liter-

acy–higher receptivity link: that people with lower AI literacy

perceive the use of AI to complete tasks as more ethical, or

that they perceive AI as more capable than those with higher

AI literacy. We explore these alternative explanations in two

posttests, one focused on perceived ethicality and one focused

on perceived capability of having AI complete each of the 26

tasks used in Study 6. These posttests show that, despite exhibit-

ing greater AI receptivity, people with lower AI literacy perceive

AI as less ethical than people with higher AI literacy, refuting an

account based on perceived ethicality. Furthermore, people with

lower AI literacy do not perceive AI as being more capable than

5 Results remain consistent in a linear mixed model that includes fixed effects

for each task and a random effect for each subject.
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people with higher AI literacy, which is inconsistent with an

account based on perceived capability.

Study 7: Moderation by Tasks’ Propensity to

Elicit Perceptions of AI as Magical

As Study 6 demonstrated, the lower literacy–higher receptivity

link appears to be moderated by the extent to which people

believe the task requires distinctly human attributes. However,

the tasks in that study differed in several ways. Thus, to more

directly test our theory, Study 7 holds constant the category

of tasks while manipulating, between subjects, the extent to

which the target tasks require distinctly human attributes or

not since tasks that are not perceived to require human attributes

to execute the tasks should not elicit feelings of AI as magical

regardless of AI literacy levels.

Procedure

This study was run in partnership with Toluna, a market

research company with a panel of consumers who complete

company surveys for rewards points. We requested 1,000 com-

pleted surveys. This experiment included, as preregistered, two

attention checks at the beginning of the survey, and only

participants who answered correctly were allowed to complete

the survey. In total, 1,018 people passed the attention check

questions, and we received completed responses from 1,006

participants (Mage= 51.35 years, SD= 16.55; female= 77.3%,

male= 22.7%).

This study entailed two between-subjects conditions that

varied the types of attributes (distinct attributes vs. shared attri-

butes) needed to complete tasks. To create these conditions, we

provided AI (Claude 3.5 Sonnet) a list of distinctly human attri-

butes and a list of shared attributes as identified by Santoro and

Monin (2023) and asked it to create pairs of tasks that come

from the same general category (e.g., news reporting), where

one of the tasks would require more distinctively human attri-

butes and the other would require more shared attributes for

task execution. From these, we created a set of ten pairs of

tasks covering cooking, art, architecture, news reporting,

fashion, advertising, customer experience innovation, customer

engagement and retention, health care, and hospitality manage-

ment, where the two tasks varied in the extent to which they

required distinctly human attributes. For example, in the news

reporting category, the task that required more distinctly

human attribute was “writing an opinionated editorial piece

for a news outlet,” and the one that required more shared attri-

butes was “fact-checking and verifying sources for a news

outlet.” Differences in perceptions of the importance of

Figure 3. Results of Study 6.
Notes: Figure 3 displays preference for AI over human task completion (on the y-axis) across 26 tasks varying in degree of association with distinctly human versus
shared attributes and perceived subjectivity versus objectivity (on the x-axis), ordered in descending degree of association with distinctly human attributes; thus,
lower numbers indicate tasks associated with more distinctly human attributes and higher numbers indicate tasks associated with more shared attributes). Lower
(higher) AI literacy represents predicted preference for AI task execution at 1 SD below (above) the mean AI literacy score.
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distinctly human versus shared attributes for task execution

across the pairs of tasks were validated in a pretest with 102 par-

ticipants on Cloud Connect (t(101)=−24.63, p < .001; see Web

Appendix F for details). For each of the ten tasks, participants

rated the extent to which they would prefer to have the key deci-

sion for that task carried out by a human or by an AI algorithm

on a seven-point scale (1= “Definitely prefer the human,” and 7

= “Definitely prefer the AI algorithm”). We assessed AI literacy

with the 17-item test used in Studies 3 and 5. Other measures

unrelated to the present research were included for the interests

of Toluna (the company running the survey). These were

administered after assessing AI receptivity and AI literacy.

Demographic information was provided by Toluna.

Results and Discussion

AI literacy. We computed an AI literacy score for each partici-

pant as in previous studies. The median score was 10 (range:

1–17, M= 9.99, SD= 2.94).

AI receptivity. As preregistered, we calculated AI receptivity by

averaging preferences across the ten tasks into an index, coded such

that higher numbers on the index indicate greater AI receptivity

(Cronbach’s α= .89). We regressed this receptivity rating on their

AI literacy score (mean-centered), condition (0= shared, 1= dis-

tinct), and their interaction. People were less receptive to AI in the

distinct condition (B=−1.17, 95% CI: [−1.34, −.99], SE= .09,

t(1,002)=−13.15, p< .001), and AI literacy score positively pre-

dicted AI receptivity (B= .08, 95% CI: [.03, .12], SE= .02,

t(1,002)=3.57, p< .001). Critically, we found the expected interac-

tion (B=−.19, 95%CI: [−.25,−.13], SE= .03, t(1,002)=−6.38, p

< .001).6 Simple slope analysis showed a full reversal of the AI lit-

eracy effect across conditions. In the distinct attributes condition,we

replicated our previous studies such that people with lower AI liter-

acy indicated greater AI receptivity (B=−.12, 95% CI: [−.16,

−.08], SE= .02, t(1,002)=−5.43,p< .001).However, this relation-

ship reversed in the shared attributes condition, with greater AI lit-

eracy indicatingmore receptivity (B= .08, 95%CI: [.03, .12], SE=

.02, t(1,002)=3.57, p< .001) (see Figure 4).

This study provides strong support for our theorizing about

the role of distinctly human attributes in driving the relationship

between AI literacy and AI receptivity. When considering tasks

that require distinctly human attributes, we replicated our previ-

ous findings—those with lower AI literacy exhibited greater

receptivity toward AI executing such tasks. However, this rela-

tionship reversed for tasks associated with shared attributes

between humans and AI. This reversal helps reconcile the fact

that people with higher literacy perceive AI as more capable,

but they generally have lower receptivity. Absent the

“magical” element, those with higher AI literacy demonstrate

greater receptivity.

General Discussion

AI is rapidly transforming our society. Research to date has typ-

ically focused on situational processes to understand differences

in AI receptivity. Our research highlights the importance of con-

sidering systematic differences across people, demonstrating

that differences in AI literacy across people predict differences

in AI receptivity. In contrast to what was predicted in four sep-

arate forecasting surveys and a survey of executives, seven

studies using diverse samples supported the predicted lower lit-

eracy–higher receptivity link.

People with lower AI literacy were more receptive to person-

ally using AI to execute tasks (Studies 2 and 3). This link was

not due to feelings of personally autonomy, as it generalized

to preferences for tasks to be executed by AI versus a human

(Studies 4, 6, and 7). Moreover, this link emerged when recep-

tivity was operationalized as general measures of AI adoption

readiness (Studies 1 and 5), suggesting that this relationship

exists in the absence of any specific task being highlighted.

We explain this link through perceptions of AI as magical.

When people think about AI executing tasks that are typically

associated with requiring distinctly human attributes, those

with lower AI literacy are more likely to believe that AI actually

possesses these humanlike attributes, leading to greater percep-

tions of AI as magical and feelings of awe. In line with this the-

orizing, perceptions of AI as magical and ensuing feelings of

awe explained the lower literacy–higher receptivity link

(Studies 4 and 5). Moreover, the lower literacy–higher receptiv-

ity link was moderated when participants explicitly considered

tasks that were assumed to not require distinctly human attri-

butes (Studies 6 and 7). This link was not explained by partic-

ipants’ general knowledge, their attitudes toward self-reliance

versus dependence, or their general readiness to adopt technol-

ogy (Study 3). Further, our results suggest that this link emerged

despite, rather than because of, differences in perceptions of AI

capability (Study 5 and Study 6 posttest), ethicality (Study 6

posttest), and fear of its impact on humanity (Study 5).

Theoretical and Managerial Implications

First, we contribute to research on the psychological responses

to AI (Puntoni et al. 2021; Valenzuela et al. 2024). Whereas

prior work in this area has predominantly investigated situa-

tional factors, we focus on the overlooked question of how dif-

ferences across consumers influence AI receptivity. In doing so,

our research suggests a need for future research to identify other

such individual-level differences. By considering individual

traits, attitudes, and predispositions, researchers can better com-

prehend the underlying motivations and preferences that shape

individuals’ propensity to use AI-based products and services,

enabling better development of predictive models and improv-

ing customization and targeting of AI solutions.

Second, our theorizing offers a means of reconciling seem-

ingly conflicting findings regarding people’s responses to new

technologies. Prior work has documented both cases in which

consumers exhibit favorable responses to new technologies

6 Results remain consistent in a linear mixed model that includes fixed effects

for each task and a random effect for each subject.
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(i.e., “automation bias” or “algorithm appreciation”; e.g.,

Longoni and Cian 2022; Mosier and Skitka 2018) and cases

in which consumers are averse to new technologies (i.e., “algo-

rithm aversion”; e.g., Dietvorst, Simmons, and Massey 2015).

By identifying perceptions of AI as magical and the accompany-

ing feelings of awe as important yet overlooked predictors of AI

receptivity, we suggest that whether consumers will be recep-

tive to new technologies will hinge on individual-level (e.g., lit-

eracy about the new technology) and situational (e.g., whether

the new technology performs tasks associated with distinctly

human attributes) factors that affect perceptions of new technol-

ogies as magical.

Third, our research offers important and timely managerial

implications, as it suggests that companies’ product manage-

ment and marketing efforts should be tailored to different

group of consumers. While the insurance company executives

we surveyed unanimously believed that targeting consumers

with higher AI literacy would be more effective for marketing

AI products, our findings suggest otherwise. New AI-based

products and services may be more readily adopted among

those with lower literacy, particularly for applications that are

believed to be associated with distinctly human attributes.

To the extent that companies target low-AI-literacy consum-

ers, it is important that they design AI products and services

with the welfare and needs of these consumers in mind.

Indeed, these recommendations should not be taken as a call

to exploit low-AI-literacy consumers and their potential vulner-

ability to new AI initiatives. Instead, these insights highlight an

opportunity to develop and market AI products for a potentially

overlooked yet highly receptive audience.

Further, the results of Study 7 suggest that there are opportu-

nities to target not only those with lower AI literacy but also

those with higher AI literacy, as long as these two groups of

consumers are targeted differently. Specifically, our findings

suggest that marketing efforts aiming to make AI more accessi-

ble to a broader audience by demystifying how AI works may

inadvertently reduce consumers’ receptivity toward AI by

making it seem less magical. Thus, marketing efforts targeting

low-AI-literacy consumers may benefit from promoting an

aura of magic around AI by emphasizing how the AI powering

the respective product or service emulates human characteris-

tics. Conversely, marketing efforts targeting high-AI-literacy

consumers may benefit from highlighting how their AI-based

products and services execute tasks that are based on character-

istics shared between humans and AI.

Limitations and Future Research

Meaningfully changing people’s AI literacy is difficult, espe-

cially in a short time frame. It typically requires motivation

from the learner as well as the ability to calibrate materials

and tailor content to a person’s current AI literacy (Long and

Magerko 2020). Thus, the current research relied on measuring

AI literacy and demonstrating the proposed process through

mediation and moderation. However, future research should

examine how AI literacy initiatives causally affect AI

Figure 4. Reversal of the Lower Literacy–Higher Receptivity Link.
Notes: Figure 4 displays the relationship between AI literacy and AI receptivity (relative preference for AI vs. human task completion) across tasks varying in the
extent to which they require distinctly human versus shared attributes. Each regression line represents the average trend within each attribute type, with its slope
reflecting the impact of AI literacy on AI receptivity for that type. Shaded areas indicate 95% confidence intervals.
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receptivity and whether the content and style of AI education

influence this relationship.

The lower literacy–higher receptivity link emerged when AI

literacy was measured using a human-constructed and validated

measure (Studies 2, 4, and 6), an AI-constructed measure based

on AI competencies identified in previous research (Studies 3, 5,

and 7), and when based on country-level differences in AI

expertise associated with AI-related proficiencies and skills

(Study 1). One may wonder whether AI literacy should be con-

ceptualized as a single factor or whether there are important sub-

factors that should be analyzed separately. Factor analyses

performed on both the 25-item measure and the 17-item

measure produced scree plots that supported a single-factor sol-

ution. Further, our results are robust to separately analyzing

questions assessing technical understanding, limitations, and

ethical considerations (see Web Appendix C). However, we

note that these subfactors are highly correlated. Future research

may develop measures of subcomponents of AI literacy that are

more statistically distinct.

Our results suggest that as people become more AI literate

over time, general AI receptivity may decrease. Thus, our find-

ings suggest that until capability considerations outweigh AI

receptivity fueled by perceptions of AI as magical, there may

be unintended consequences of policy makers’ efforts to

educate the public about AI. Of course, other factors—such as

shifting norms and expectations about AI adoption or improve-

ments in AI capabilities—may affect and change the nature of

the relationship between literacy and receptivity over time.

Future research could examine the lower literacy–higher recep-

tivity link longitudinally.
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Web Appendix A: Development of the 25-item AI Literacy Measure 

To develop our first instrument to measure AI literacy, we began with reviewing 

academic scholarship, public resources, and practitioner-focused pedagogy covering the topics of 

AI, algorithms, and digital literacy. These data sources included the AI Education Project (aiEDU 

2023), UNESCO’s Algorithm & Data Literacy project (Digital Moment 2023), and the National 

University of Singapore's library on digital literacy (NUS 2023).  

This led to the development of a set of 47 possible questions conceptual and technical 

knowledge, best practices in AI development and usage, and regulatory requirements. At this 

point, we sought feedback from several data scientists and programmers on the initial set of 

questions. We asked them to evaluate the questions based on their relevance, accuracy, potential 

to become obsolete or change over time, comprehensibility, and any other feedback. This 

reduced our pool to 30 questions, as 17 questions were deemed irrelevant, too niche to measure 

actual AI literacy, too easy or too difficult. Simultaneously, we asked an AI program, ChatGPT 3, 

to similarly evaluate the questions and provide explanations for the answers to identify questions 

that could plausibly be confusing, have multiple answers, or may be subject to change over time. 

This step resulted in an additional 7 questions that were deemed to be problematic (e.g., AI 

suggested that a different response was possibly correct), two overlapping with questions that 

were excluded based on feedback from the data scientists and programmers. Thus, in total, the 

initial set of 47 questions was refined to 25 questions. The 17 multiple-choice questions that 

comprise the AILT are available in Table 1 below. 

Table 1: The 25-Item AI Literacy measure 

 

Question 
Note. Order of questions and order of answers within each question were randomized.  
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1. Which of the languages below are used to code a robot? 
a) Python [correct] 
b) HTML   
c) Computer Vision   
d) Hypertext   
 
2. Which technology is the primary enabler of Artificial Intelligence? 
a) Machine Learning [correct] 
b) Electric Battery   
c) Robotics   
d) Engineering   
 
3. Which of the following tasks was the first to be performed well by Artificial Intelligence? 
a) The complete replacement of a doctor in the treatment of patients   
b) The implementation of psychotherapies   
c) The analysis of X-ray images, for example to detect a torn meniscus or a tumor [correct] 
d) The performance of complex physical work that requires dexterity or precise hand-eye coordination   
 
4. Which of these is a notable algorithmic problem? 
a) Counting   
b) Sorting [correct] 
c) Multiplication   
d) Division   
 
5. What was the purpose of the PCI DSS (payment card industry data security standard)? 
a) Regulate financial transactions [correct] 
b) Manage browser cookies   
c) Standardize credit score data   
d) Enable websites to accept crypto currencies   
 
6. Which of these is not a best practice when trying to protect your privacy online? 
a) Using a two-factor authentication to access account and devices   
b) Storing your passwords in the notes section of your smartphone  [correct] 
c) Updating your operating system promptly when an update becomes available   
d) Using different login information   
 
7. If using an algorithm, can the results be biased against specific groups of people? 
a) No, unlike humans, algorithms are free of emotions and cannot be wrong   
b) Yes, but only if you train them on privileged populations   
c) Yes, but only if you use them with incomplete data   
d) Yes, even with correct data and training, algorithms can provide biased results [correct] 
 
8. How algorithmic decisions best explained? 
a) Only for very basic and simple algorithms   
b) They can be explained by sharing the algorithm with everyone   
c) As complex code, they cannot be explained   
d) Algorithms can be explained by sharing the contributing factors to decisions [correct] 
 
9. When programming stock investment recommendation algorithms, these algorithms are typically programmed to: 
a) Ignore smaller companies   
b) Give more weight to random fluctuations in the market   
c) Consistently keep track of investments [correct] 
d) Prefer indices over specific stocks   
 
10. According to the Health Insurance Portability and Accountability Act of 1996 (HIPAA), protected health information 
cannot be shared with: 
a) The patient’s employer [correct] 
b) The patient   
c) Law enforcement   
d) The patient’s health insurance   
 
11. AI can take images and short sound clips of people and create long, convincing impersonation of these people 
saying anything. What is this technology called? 
a) Deepmind   
b) Deepfake [correct] 
c) Deeplearn   
d) Deepvoice   
 
12. Google automatically completes the text you type in the search bar... 
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a) By looking at the most common search terms used by others and your search history [correct] 
b) Based only on your search history   
c) Based only on what people in your zip code are searching for   
d) By using your phone camera when you type and reading your lips   
 
13. Algorithms may improve website performance by doing all of the following except for…. 
a) Showing us content that might interest us   
b) Showing us relevant ads   
c) Monitoring which content we engage in   
d) Changing our screen brightness [correct] 
 
14. What information do social media algorithms not typically use when deciding what information to display to a 
person? 
a) Articles people have previously clicked on   
b) Videos people have previously watched online   
c) Information people have shared on social media   
d) What would benefit society [correct] 
 
15. When you use a web-based service which stores its data in "the cloud", where is the data actually stored? 
a) In a hidden folder in your computer   
b) At the company's headquarters   
c) At a large server farm [correct] 
d) In your browser's cookies   
 
16. If you turn off personalized ads, you are most likely to see ads... 
a) Targeting people similar to you   
b) That are relevant for you   
c) That are interesting to you   
d) For commonly purchased products [correct] 
 
17. Pattern recognition is a decision-making step employed by... 
a) Algorithms   
b) Humans   
c) Both [correct] 
d) Neither   
 
18. When do algorithms tend to perform better than humans? 
a) When lots of structured data is involved and the risk from a wrong answer is minimal [correct] 
b) When there is no structured data available and the risk from a wrong answer is minimal   
c) When lots of structured data is involved and the risk from a wrong answer is significant   
d) When there is no structured data available and risk from a wrong answer is significant   
 
19. What is training data and why is it important? 
a) Training data is used when the model is fully calibrated, to train new users with how to work with the model   
b) Training data is used to calibrate the model during creation, creating a model that performs best according to that data  

[correct] 
c) Training data is used to test the model after it was created, to see how it works with new data   
d) Training data is used to minimize bias in older models and train them to new population types   
 
20. Indicate if the following is primarily the result of an algorithm or not: 
What I write in a post on social media 
a) Yes   
b) No [correct] 
 
21. Indicate if the following is primarily the result of an algorithm or not: 
What I type in a text message to a friend 
a) Yes   
b) No [correct] 
 
22. Indicate if the following is primarily the result of an algorithm or not: 
When I read a direct message on a social media platform  
a) Yes   
b) No [correct] 
 
23. Indicate if the following is primarily the result of an algorithm or not: 
Returning the results of a search query on a search engine (e.g., Google) 
a) Yes [correct] 
b) No   
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24. Indicate if the following is primarily the result of an algorithm or not: 
Dual authentication to access one of my accounts 
a) Yes [correct] 
b) No   
 
25. What is the process of a machine learning model making a prediction based on new data called? 
a) Coding   
b) Training   
c) Testing   
d) Inference [correct] 
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Web Appendix B: Development of the 17-item AI Literacy Measure 

To make sure our findings are not dependent on the 25-item measure we developed 

(described above), we leveraged AI to develop a second measurement of AI literacy based on 

previously identified competencies in AI literacy. Specifically, Long and Magerko (2020) 

identify a comprehensive list of 17 competencies that they consider to be the core foundations of 

AI literacy (e.g., recognizing AI, Interdisciplinarity of AI, the role of humans in AI).  

These 17 competencies were described to both Claude.AI and ChatGPT-4. We then asked 

these AI tools to create a multiple-choice question that would assess each of the 17 

competencies, one question per competency. From these two sets, we selected the question that 

seemed most representative for each of the AI competencies for a final set of 17 questions. The 

17 multiple-choice questions that comprise the AILT are available in Table 2 below. 

Question 
Note. Order of questions is by the order of competencies at Long and Magerko (2020), order of answers within 
each question were randomized.  
 
Recognizing AI: 
1. Which of the following is NOT powered by AI? 

a) Self-driving cars 
b) Google's search algorithm 
c) A basic calculator (correct) 
d) Chatbots 

 
Understanding Intelligence: 
2. Which form of intelligence involves emotional understanding and social skills? 

a) Machine Intelligence 
b) Human Intelligence (correct) 
c) Animal Intelligence 
d) Artificial General Intelligence 

 
Interdisciplinarity: 
3. Which of the following fields contributes to the development of artificial intelligence? 

a) Computer science  
b) Mathematics  
c) Psychology  
d) All of the above (correct) 

 
General vs Narrow AI: 
4. What is the term for AI systems that can perform any intellectual task that a human can? 

a) Narrow AI 
b) General AI (correct) 
c) Weak AI 
d) Strong AI 

 
AI's Strengths and Weaknesses: 
5. In which area does AI typically excel? 

a) Emotional understanding 
b) Pattern recognition (correct) 
c) Moral reasoning 
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d) Creativity 
 
Imagine Future AI: 
6. Which of the following is NOT a likely future application of AI? 

a) Personalized healthcare 
b) Emotional robots 
c) Time travel (correct) 
d) Sustainable energy management 

 
Representations: 
7. What is a common form of knowledge representation in AI? 

a) Neural networks (correct) 
b) Waterfall model 
c) Agile methodology 
d) SWOT analysis 

 
Decision-Making: 
8. Which algorithmic approach is commonly used for decision-making in AI? 

a) Dijkstra's algorithm 
b) Depth-first search 
c) Decision trees (correct) 
d) Fourier Transform 

 
Machine Learning Steps: 
9. What is the first step in a typical machine learning process? 

a) Data collection (correct) 
b) Model selection 
c) Prediction 
d) Model evaluation 

 
Human Role in AI: 
10. Who is primarily responsible for the ethical considerations of an AI system? 

a) The AI system itself 
b) Data providers 
c) Human developers (correct) 
d) End-users 

 
Data Literacy: 
11. Which of the following is an example of metadata? 

a) A spreadsheet of numbers 
b) Column headers in a table (correct) 
c) A chart visualization  
d) Raw sensor data 

 
Learning from Data: 
12. How do supervised machine learning algorithms learn? 

a) From labeled data (correct) 
b) From rewards and punishments 
c) By observing human behavior 
d) From intrinsic motivation 

 
Critically Interpreting Data: 
13. Why can data not be taken at face value? 

a) It is always inaccurate 
b) It requires interpretation (correct) 
c) It is self-explanatory 
d) It is always biased 

 
Action & Reaction: 
14. How can an AI system interact with the physical world? 

a) By planning movements  
b) By reacting to sensor inputs 
c) By actuating motors  
d) All of the above (correct) 

 
Sensors: 
15. Which of the following sensors allow an AI system to perceive the world? 

a) Cameras 
b) Microphones 
c) Thermometers  
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d) All of the above (correct) 
 
Ethics: 
16. Which is a key ethical issue surrounding AI? 

a) Algorithmic efficiency 
b) CPU usage 
c) Privacy (correct) 
d) Code readability 

 
Programmability: 
17. Which statement best describes the programmability of AI systems? 

a) They cannot be programmed by humans 
b) They program themselves 
c) They are programmed using data 
d) They are programmed by computer code (correct) 
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Web Appendix C: Factor Loading Analysis of the AI Literacy Measures 

To determine whether our findings were driven by a subset of the AI literacy questions or 

reflected the AI literacy measures as a whole, we combined responses across studies. 

Specifically, we combined the three studies utilizing the 25-item AI literacy measure: Study 2, 

Study 4, and Study 6 and three studies using the 17-item AI literacy measure: Study 3, Study 5, 

Study 7, and supplemental study. Each set (the 25-item studies and the 17-item studies) was 

analyzed separately. Factor analysis performed on both the 25-item and 17-item measures 

produced scree plots (Figure WA3a and Figure WA3b for the 25-item and 17-item measures, 

respectively) that show the most significant drop after the first factor. This indicates that 

subsequent factors only marginally increase the explained variance in the data, and that the AI 

literacy measure is best described as a single factor. 

Figure WA3a: Scree plot analysis of the 25-item measure. 
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Figure WA3b: Scree plot analysis of the 17-item measure. 

 

 

 

However, we conducted robustness checks that assess whether questions tapping into (1) 

limitations and ethicality considerations and (2) technical understanding both separately predict 

the lower literacy-higher receptivity link. These are conceptual distinctions agreed upon by the 

authors.  

For the 25-items measure, the factor allocation was:  

1. Limitations and ethical considerations: Questions 5, 6, 7, 10, 11, 14, 24. 

2. Technical understanding: Questions 1, 2, 3, 4, 8, 9, 12, 13, 15, 16, 17, 18, 19, 20, 

21, 22, 23, 25. 

For the 17-items measure, the factor allocation was:  
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1. Limitations and ethical consideration: 2, 4, 5, 6, 10, 13, 16. 

2. Technical understanding: 1, 3, 7, 8, 9, 11, 12, 14, 15, 17. 

We then regressed the AI receptivity measures on the AI literacy measure and on each of 

the two factors to check if both factors still capture the association between AI receptivity and AI 

literacy, we ran the regression for the measure and each of the factors separately to see if they 

capture the association with AI receptivity and also included a dummy for the study number as 

control in each of the regressions. For these analyses, we excluded Study 7 since the shared (non-

distinctly human) attribute condition exhibited a full reversal of the lower literacy-higher 

receptivity link.  

Our results are robust to these analyses. For the 25-item measure, the measure was 

negatively associated with AI receptivity (B25-item = -.05, 95% CI (-.06, -.04), SE = .004, t(2738) 

= -10.605, p < .001), and similarly for each of the factors, (B25-item_1 = -.12, 95% CI (-.15, -.10), 

SE = .01, t(2738) = -9.551, p < .001; B25-item_2 = -.05, 95% CI (-.07, -.04), SE = .01, t(2738) = -

9.43, p < .001). Similarly, for the 17-item measure, the measure was negatively associated with 

AI receptivity (B17-item = -.04, 95% CI (-.05, -.02), SE = .01, t(2422) = -4.688, p < .001), and 

similarly for each of the factors, (B17-item_1 = -.07, 95% CI (-.10, -.04), SE = .01, t(2422) = -5.047, 

p < .001; B17-item_2 = -.04, 95% CI (-.06, -.01), SE = .01, t(2422) = -2.961, p = .003).  
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Web Appendix D: Supplemental Study  

This supplemental study examines how encouraging participants to base their preferences 

to use AI on the more emotional vs. practical aspects of AI influences the relationship between 

AI literacy and AI receptivity.  

Method 

Participants. We requested 1,000 participants from the platform Lucid, which uses quota 

sampling to provide respondents representative of the U.S. population on age, gender, ethnicity, 

and geographic region. This experiment included, as pre-registered, one IMC (“This question is 

just to make sure you are taking the time to read questions carefully. This is not a trick question. 

What is 12-4? Please use a numeric value only (no letters)”). This was asked at the beginning of 

the survey and participants who failed this question did not complete the survey (i.e., we 

collected no data for them, and incorrect responses did not affect our target sample size). In total, 

Lucid recruited 1,134 participants, with 102 participants failing to accurately answer the 

attention check and thus not completing the survey. As such, 1,032 participants successfully 

completed the study (Mage = 45.5, SD = 16.7; Females = 51.1%, Males = 47.8%, Non-

binary/Third gender = .6%, Other: .1%, Prefer to not say:.4%1).  

Procedure. AI literacy was measured using the 17-item instrument. In addition to 

measuring AI literacy, there were two between-subjects conditions manipulating people’s focus 

on different potential aspects of AI (emotional vs. practical). Participants were asked to consider 

AI-generated music. However, we encouraged participants to focus on the more emotional 

versus practical using the following blurb with differences across condition in brackets, “Today, 

 
1 The demographic information reported here is based on self-report, which varies slightly from demographic 

information provided by Lucid. Note that two respondents provided numbers for age that appeared to be years of 

birth (1977 and 2002) and were therefore changed. All demographics (self-reported and Lucid-reported) are 

available in the dataset in ResearchBox. 
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we want you to consider the [enchanting and magical / practical and efficient] world of AI-

generated music. In today’s world, technology [inexplicably / efficiently] translates emotions, 

stories, and personal experiences into melodious songs. This is about appreciating the [magic 

and awe-inducing nature of AI as it weaves personal stories into harmonies and tunes / speed, 

efficiency, and high-quality that AI brings to the table]. AI in this context is [an artist in its own 

right / a capable and reliable composing tool], offering [wonder and astonishment / precision 

and consistency] in creating music tailored to people’s tastes.” Then, participants were asked, 

“Given how [amazing and magical / capable and efficient] you think it would be to have AI 

write a song, how likely would you be to use AI to write a song for a friend's birthday?” (1 = 

very unlikely, 7 = very likely). The order of the AI receptivity question and the AI literacy 

instrument were counterbalanced. Finally, participants provided demographic information 

(gender, age, and income).  

Results and Discussion  

AI literacy.  We computed an AI literacy score for each participant as in previous studies.  

The median score was 11 (range: 1-16, M = 10.21, SD = 2.92).  

AI receptivity. We first regressed AI receptivity on AI literacy score. Replicating the 

findings of the other studies, AI literacy negatively predicted AI receptivity, B = -.06, 95% CI [-

.10, -.02], SE = .03, t(1028) = -2.77, p = .006. We then regressed AI receptivity on AI literacy 

(mean-centered), condition (0 = practical, 1 = emotional), and their interaction. None of the 

effects were significant (AI literacy: B = -.04, 95% CI [-.10, .02], SE = .03, t(1026) = -1.30, p = 

.195; condition: B = .02, 95% CI [-.22, .27], SE = .13, t(1026) = 0.19, p = .846; interaction: B = -

.04, 95% CI [-.12, .05], SE = .04, t(1026) = -0.88, p = .382). Despite the lack of a significant 

interaction, correlations by condition were directionally consistent with our hypothesis. In the 
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emotional condition, we replicated the relationship seen in other studies, such that people with 

lower AI literacy had greater AI receptivity, r = -.12, p = .009. However, when asked to consider 

the more practical aspects of AI-generated music, this relationship was not significant, r = -.06, p 

= .198. 
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Web Appendix E: Study 6 Post-tests: Perceived AI Ethicality and AI Capability  

Study 6 finds that people with lower AI literacy prefer having AI complete a broad range 

of tasks. We argue that this is because people with lower AI literacy are more likely to perceive 

AI as being magical, and hence experience greater feelings of awe towards AI task completion. 

However, it is possible that people with lower AI literacy perceive the use of AI to complete 

tasks as more ethical, or that they perceive AI as more capable than those with higher AI literacy. 

To examine these possibilities, we run two post-tests. One post-test explores the relationship 

between AI literacy and the perceived ethicality of having AI complete each of the 26 tasks used 

in study 6. The second post-test explores the relationship between AI literacy and the perceived 

capability of AI completing each of the 26 tasks used in study 6. 

Perceived AI Ethicality Post-test 

 

Procedure. We requested 200 participants through Cloud Research. This experiment 

included, as pre-registered, one IMC (“This question is just to make sure you are taking the time 

to read questions carefully. This is not a trick question. What is 12-4? Please use a numeric value 

only (no letters)”). This was asked at the beginning of the survey and participants who failed this 

question did not complete the survey (i.e., we collected no data for them, and incorrect responses 

did not affect our target sample size). In total, 214 participants opened the survey. Four people 

failed the attention check and another seven participants did not finish the survey leaving a final 

sample of 202 (Mage = 40.4, SD = 12.4; Females = 48.0%, Males = 50.0%, Non-binary/Third 

gender = 1.0%, Prefer to not say: 1%).  

First, we measured AI literacy using the 25-item measure used in the main study. We 

then assessed perceptions of ethicality by asking participants “To what extent do you think it is 

ethical to have an AI algorithm complete each of the following tasks?” followed by the same 26 
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tasks used in Study 6 (7-point scales: 1 = Definitely unethical, 7 = Definitely ethical). Finally, we 

collected gender and age.  

Results and Discussion.  

AI literacy.  We computed an AI literacy score for each participant as in previous studies.  

The median score was 19.5 (range: 4-24, M = 18.12, SD = 4.56).  

Perceived AI ethicality. We calculated participants’ average perceptions of the ethicality 

of having AI complete the tasks. In contrast to what would be predicted by the alternative 

explanation, we found a positive relationship between AI literacy and perceived AI ethicality 

such that people with greater AI literacy believed that it was more ethical to have AI complete 

the tasks, B = .036, 95% CI (.003, .068), SE = .016, t(200) = 2.172, p = .031. Figure WAE1 

shows the relationship for each of the 26 tasks.  

Perceived AI Capability Post-test 

Procedure. We requested 200 participants through Cloud Research. This experiment 

included the same IMC as the ethicality post-test. In total, 216 participants opened the survey. 

Two people failed the attention check and another eleven participants did not finish the survey 

leaving a final sample of 203 (Mage = 40.9, SD = 11.7; Females = 53.7%, Males = 45.8%, Prefer 

to not say: .5%).  

First, we measured AI literacy using the 25-item measure used in the main study. We 

then assessed perceptions of AI capability by asking participants “To what extent do you think 

that an AI algorithm is capable of completing each of the following tasks?” followed by the same 

26 tasks used in study 6 (7-point scales: 1 = Definitely incapable, 7 = Definitely capable). 

Finally, we collected gender and age.  

Results and Discussion. AI literacy.  We computed an AI literacy score for each 
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participant as in previous studies.  The median score was 19 (range: 5-24, M = 17.41, SD = 4.73).  

Perceived AI capability. We calculated participants’ average AI capability perceptions 

across the 26 tasks. In contrast to what would be predicted by the alternative explanation, people 

with lower AI literacy did not perceive AI as being more capable, B = .01, 95% CI (-.02, .04), SE 

= .01, t(201) = 0.63, p = .531. Figure WAE2 shows the relationship for each of the 26 tasks.  

Overall, these post-tests challenge alternative explanations of the lower literacy-higher 

receptivity link based on perceived AI ethicality and AI capability. Despite exhibiting greater AI 

receptivity, people with lower AI literacy perceive AI as less ethical to use to complete tasks, 

refuting an account based on perceived ethicality. Furthermore, they do not perceive AI as being 

more capable, which is inconsistent with an account based on perceived capability. 
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Figure WAE1: Ethicality post-test figure 
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Figure WAE2: Capability post-test figure 
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Web Appendix F: Study 7 Pre-test 

In Study 7, we sought to manipulate the type of attributes required to execute tasks—

specifically, distinctly human attributes versus shared attributes (attributes common to both 

humans and AI). To ensure that our task pairs effectively differed across these attributes, we 

conducted a pretest to validate the perceived differences in attribute requirements. 

Participants 

A total of 102 participants from Cloud Connect completed the pretest survey (Mage = 

35.68, SD = 11.88; Females = 56.9%, Males = 42.2%, Preferred not to say=1%;). 

Method 

We generated 10 pairs of tasks across various domains such as cooking, art, architecture, 

and healthcare. Each pair consisted of one task requiring distinctly human attributes, and one 

task requiring shared attributes. These tasks were developed with the assistance of an AI 

language model (Claude model 3.5 Sonnet) and based on attribute classifications identified by 

Santoro and Monin (2023). For each of the 10 tasks, participants were asked to look at two 

columns of attributes. Column A included all of the distinctly human attributes identified by 

Santoro and Monin (2023) and Column B included all of the shared tasks identified by that 

research. It then asked participants, to what extent they believe the following sets of attributes 

would be important for the task above (1 = the attributes in column A are much more important, 

7 = the attributes in column B are much more important). Thus, higher scores indicated a belief 

that less distinctly human attributes were needed to execute the task. The task pairs were as 

follows: 
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 Distinctly Human Attribute Task Shared Attribute Task 

Cooking Creating a recipe for a fusion dish that 

represents a specific cultural heritage 

Scaling a recipe originally intended to serve 4–

6 people to serve 75–100 people 

 

Art Creating an abstract painting expressing 

inner emotions 

Reproducing a photorealistic portrait from a 

reference image 

Architecture Designing a monument to celebrate an 

important cultural and historical moment 

Creating precise technical blueprints for a 

building 

News reporting Writing an opinionated editorial piece 

for a news outlet 

Fact-checking and verifying sources for a news 

outlet 

Fashion Designing an avant-garde fashion 

collection 

Calculating fabric requirements for mass 

production of a clothing line 

Advertising Creating an authentic social media 

campaign 

Conducting A/B testing on email marketing 

campaigns 

Experience 

Innovation 

Designing an experiential marketing 

event to build brand community 

Implementing a dynamic inventory 

management system based on predictive 

analytics 

Customer 

engagement & 

retention 

Creating an immersive brand experience 

for a pop-up store 

Developing a predictive model for customer 

churn 

Healthcare Providing end-of-life care and 

counseling 

Analyzing medical test results and providing a 

report 

Hospitality 

Management 

Designing a unique and memorable 

wedding event for a hotel chain 

Managing room bookings for optimal capacity 

of a hotel chain 

 

The results validated that there were differences in perceptions of the importance of 

distinctly human versus shared attributes for task execution across the pairs of tasks.  The tasks 

designed to require more distinctly human attributes were perceived as having a greater need for 

those attributes as indicated by lower scores on the dependent measure (Mhuman = 3.19, Mshared = 

5.96; t(101) = -24.63, p < .001; d = -2.439).  

We also conducted paired t-tests for each of the 10 task pairs to ensure that the distinction 

was consistent across all categories. Below are the results for each pair: 

1. Cooking (Mshared =6.10 , Mhuman =2.89 ; t(101) = 17.18, p < .001). 

2. Art (Mshared =4.85 , Mhuman =2.10 ; t(101) = 13.93, p < .001). 

3. Architecture (Mshared =6.49 , Mhuman =2.94 ; t(101) = 21.11, p < .001). 

4. News reporting (Mshared =6.03, Mhuman =4.12 ; t(101) = 9.95, p < .001). 

5. Fashion (Mshared =6.17 , Mhuman =2.75 ; t(101) = 16.39, p < .001). 

6. Advertising (Mshared =5.66 , Mhuman =3.30 ; t(101) = 12.64, p < .001). 
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7. Customer experience innovation (Mshared =6.40 , Mhuman =4.30 ; t(101) = 11.63, p < .001). 

8. Customer engagement & retention (Mshared =5.63 , Mhuman =3.75 ; t(101) = 8.95, p < .001). 

9. Healthcare (Mshared =6.36 , Mhuman =2.41 ; t(101) = 21.41, p < .001). 

10. Hospitality management (Mshared =5.90, Mhuman =3.29 ; t(101) = 13.30, p < .001). 

 

All 10 pairs of tasks showed significant differences in the expected direction, with 

participants rating distinctly human attributes as more important for the tasks designed to require 

distinctly human attributes (vs. the tasks designed to require shared attributes).  
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	 &/title;&p;Artificial intelligence (AI) systems—automated systems so advanced that they can mimic or outperform human cognition—are radically transforming our society. Companies operating in the private and public sectors have been rapidly adopting AI systems due to the competitive advantages and operational efficiencies they offer (Brynjolfsson, Li, and Raymond 2025). Indeed, global investments in AI have grown substantially in the last decade, a trend that is forecasted to continue (Maslej et al. 2023). Most recently, generative AI—AI systems capable of autonomously generating textual, visual, or auditory data—has reached the public at large with the release in 2022 of text-to-image models like DALL-E, text-to-video systems like Make-A-Video, and chatbots like ChatGPT. Thus, consumers are encountering AI-driven products and services in nearly every aspect of their personal, social, and professional life, in the form of digital personal assistants, recommendation agents on social media, and customer service chatbots.&/p;&p;Due to the many potential benefits of AI to consumers, companies, and society at large (Brynjolfsson, Li, and Raymond 2025; Hermann, Yalcin Williams, and Puntoni 2024), substantial research has examined the determinants of consumer's receptivity toward AI—consumers’ proclivity toward AI usage. This research has typically focused on situational factors associated with receptivity to AI (e.g., Castelo, Bos, and Lehmann 2019; Valenzuela et al. 2024). However, marketers must also understand which consumers are more likely to adopt their AI products for optimal targeting and product development. Much less is known about how systematic differences across consumers—that is, individual-level factors—predict AI receptivity, which is the focus of the present research.&/p;&p;More specifically, in the current work we explore the relationship between consumers’ AI literacy (i.e., their objective knowledge about AI) and their AI receptivity (i.e., proclivity toward AI usage). Though most people forecast that consumers with greater AI literacy are more receptive to AI, we theorize and demonstrate that it is those with lower AI literacy who exhibit greater AI receptivity— a relationship we refer to as the lower literacy–higher receptivity link.&/p;&p;The lower literacy–higher receptivity link occurs because AI systems are executing tasks that were once thought to require uniquely human traits, such as feeling emotions, having a personality, and holding beliefs (see Santoro and Monin 2023). Whereas people with higher AI literacy recognize that AI can execute such tasks without actually having distinctly human attributes, people with lower AI literacy perceive AI's execution of such tasks as more magical and experience greater feelings of awe when thinking about AI executing such tasks. In turn, perceptions of AI as magical and ensuing feelings of awe explain the lower literacy–higher receptivity link. Thus, when AI executes tasks that are not associated with distinctly human attributes—tasks less likely to evoke perceptions of AI as magical and feelings of awe—the relationship between AI literacy and receptivity is moderated. In addition, we find that people with higher AI literacy generally perceive AI to be more capable and more ethical, have less fear of AI, and exhibit greater readiness to adopt technology in general than people with lower AI literacy. Thus, people with lower literacy exhibit greater AI receptivity despite, rather than because of, these alternative explanations.&/p;&p;Theoretically, our research identifies AI literacy as an important yet overlooked individual-level predictor of AI receptivity. In explaining the lower literacy–higher receptivity link, we present a theory of AI receptivity based on perceptions of AI as magical and ensuing feelings of awe that can help reconcile conflicting findings on consumer responses to new technologies. Practically, our research suggests that marketing managers’ inclinations toward targeting consumers with higher AI literacy for AI-based products and services may be misguided. Instead, businesses may benefit from targeting those with lower AI literacy, designing products to meet the needs of this target segment, and tailoring their marketing messages to highlight the perceived magicalness of AI solutions. This is particularly true for AI products and services designed to execute tasks perceived to require distinctly human attributes.&/p;&/sec;
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