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 A B S T R A C T

As artificial intelligence (AI) continues to advance, understanding public perceptions—including biases, risks, 
and benefits—is essential for guiding research priorities and AI alignment, shaping public discourse, and 
informing policy. This exploratory study investigates cultural differences in mental models of AI using 71 
imaginaries of AI’s potential futures. Drawing on cross-cultural convenience samples from Germany (N=52) 
and China (N=58), it identifies significant differences in expectations, evaluations, and risk–benefit tradeoffs. 
Participants from Germany generally provided more cautious assessments, whereas participants from China 
expressed greater optimism regarding AI’s societal benefits. Chinese participants exhibited relatively balanced 
risk–benefit tradeoffs (𝛽 = −0.463 for risk and 𝛽 = +0.484 for benefit, 𝑅2 = .630). In contrast, German 
participants placed greater emphasis on AI’s benefits and comparatively less on risks (𝛽 = −0.337 for risk and 
𝛽 = +0.715 for benefit, 𝑅2 = .839). Visual cognitive maps illustrate these contrasts, offering new perspectives 
on how cultural contexts shape AI acceptance. Our findings suggest factors influencing public perception and 
provide pointers for future research to align AI with societal values and promote equitable and culturally 
sensitive integration of AI technologies.
. Introduction

Artificial Intelligence (AI) is rapidly transforming societies,
conomies, and governance structures worldwide. Its applications now 
pan a wide range of domains, including education (Chen et al., 2020), 
ealthcare (Katrin et al., 2024), journalism (Diakopoulos, 2019), agri-
ulture (Holzinger et al., 2024), as well as manufacturing and produc-
ion (Brauner et al., 2022). While some view AI as a powerful transfor-
ational technology that enhances efficiency, innovation, and conve-
ience (Brynjolfsson & McAfee, 2014; Makridakis, 2017), others high-
ight fundamental concerns regarding ethical challenges (Awad et al., 
018), privacy infringement (Leschanowsky et al., 2024), job displace-
ent (Acemoglu & Restrepo, 2017), and related societal risks (Bostrom, 
003; Cath, 2018). As AI technologies become increasingly embedded 
n everyday life, it is therefore essential to investigate how people 
erceive them, as well as the risks and benefits they associate with 
hem. Moreover, because AI applications are deployed globally, un-
erstanding how different cultural contexts shape perceptions of AI’s 
isks, benefits, and values is critical for responsible development, value 
lignment, adoption, and regulation.
AI broadly refers to computational systems that perform tasks re-

uiring human-like abilities such as classification, learning, and rea-
oning (McCarthy et al., 2006; Russell & Norvig, 2009). Generative AI 
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(GenAI), in contrast, denotes a subset of AI models specifically designed 
to create content, including text, code, or images (Goodfellow et al., 
2016). The public release of ChatGPT in 2022, followed by systems 
such as DeepSeek in 2025, triggered unprecedented public and media 
attention towards AI and led to a sharp increase in research on how 
(Gen)AI is perceived and understood (Hu, 2023).

Despite this growing body of literature, our understanding of how 
AI is perceived and the implications of these perceptions for individual 
lives, societal integration, and governance frameworks remains frag-
mented and incomplete. A key research gap concerns the so-called 
‘‘alignment problem’’, that is, the challenge of aligning AI systems with 
individual norms and values (Gabriel, 2020; Hristova et al., 2024). 
This gap is particularly evident because much of the existing research 
either focuses narrowly on specific (Gen)AI use cases or distinct user 
populations, or remains at the level of broad philosophical principles 
and generic value attributions. However, AI perceptions are highly 
heterogeneous, shaped not only by usage domain and within-country 
factors, such as education, personality traits, and socio-economic con-
ditions (Bozkurt & Gursoy, 2023; Brauner et al., 2025; Castelo & Adrian, 
2021; Moravec et al., 2024), but also by cultural contexts. Values 
differ across cultures (Hofstede, 1984; Jan et al., 2022), hence cultural 
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differences may play a pivotal role in shaping societal interpretations 
of AI, influencing how individuals and societies perceive, adopt, and 
desire to regulate AI technologies. Yet, empirical comparisons between 
countries are still relatively rare and empirical evidence is often synthe-
sized from national studies. This underscores the need for comparative 
approaches to better understand how diverse cultural backgrounds 
shape AI perceptions and inform strategies for equitable AI governance.

To address this gap, this study examines how respondents from a 
convenience sample from Germany and China assess a broad range of 
potential (Gen)AI capabilities in terms of their perceived likelihood of 
emergence, the risks and benefits they attribute to them, and whether 
participants evaluate the topics’ overall impact as positive or negative 
across different application domains. We used convenience sampling 
due to resource constraints and to avoid the low motivation and 
inattentive responses often found in paid participant pools (Brühlmann 
et al., 2020; Westwood, 2025). This is appropriate for the exploratory 
nature of the study, which aims to identify initial patterns in AI 
perception rather than to produce statistically representative estimates. 
However, the choice of Germany and China offers a theoretically 
meaningful contrast. Both countries are major global economies and 
are at the forefront of AI development (Statista, 2026; Tortoise Media, 
2023). At the same time, Germany represents a highly regulated, risk-
sensitive European context with a strong focus on personal privacy and 
individual autonomy, which may foster a more critical view of AI (Hof-
stede, 1984). Germans also report comparatively lower acceptance of 
multiple emerging technologies (Rieger et al., 2021), including facial 
recognition (Kostka et al., 2021) and smart home technologies (Meyer-
Waarden et al., 2022), and tend to express higher concern regarding 
privacy risks associated with digital technologies. China, by contrast, 
reflects a rapidly innovating, state-driven technological environment. 
Its more collectivist cultural orientation, with a stronger emphasis 
on community and societal harmony, may yield more favorable per-
ceptions of AI, particularly when technologies are framed as serving 
the common good (Hofstede, 1984). In addition, public support for 
government control of technologies is generally stronger in China than 
in Germany, reflecting the respective political contexts (Rieger et al., 
2021). China’s long-term strategic planning, exemplified by initiatives 
such as ‘‘Made in China 2025’’, may further shape public expectations 
that AI will be a cornerstone of future national success (State Council 
of the People’s Republic of China, 2025).

These differing cultural orientations, governance traditions, and 
levels of AI integration provide a foundation for examining how socio-
cultural variation influences public attitudes towards AI, even within an 
exploratory design based on non-probability sampling. We analyze sim-
ilarities and differences between both cultural contexts and illustrate 
the results using visual cognitive maps of the queried topics. Overall, 
this article offers insights into how diverse potential AI applications 
are perceived and ranked in terms of expectancy, overall evaluation, 
as well as risk and benefit perception, and how cultural socialization 
shapes these perceptions.

The article’s structure is as follows. Section 2 reviews the related 
work on public perception of AI and examines cultural differences 
in technology perception. Section 3 describes our methodological ap-
proach, the design of our survey, and the two samples of participants 
from Germany and China. Section 4 reports present the results of the 
study, and Section 5 analyzes and contextualize these findings in depth, 
along with the presentation of the limitations of the study. Section 6 
summarizes this article and provides suggestions for future research and 
governance measures.

2. Related work

Public acceptance and societal integration of technology depend 
not only on its technical performance but critically on how people 
perceive its consequences (Araujo et al., 2020; Fischhoff, 2015; Siegrist 
2 
et al., 2016). Among the various dimensions of AI perception, per-
ceived risk plays a particularly important role, as it shapes trust in 
AI systems, willingness to adopt them, and support for governance 
and regulation (Gillespie et al., 2023; Lee & See, 2004). Unlike many 
earlier technologies, AI is associated with both highly visible benefits 
and far-reaching, uncertain societal consequences, including concerns 
related to autonomy, privacy, fairness, and labor markets (Acemoglu 
& Restrepo, 2017; Brauner et al., 2025; Grassini & Ree, 2023). As 
these impacts are often difficult for laypeople to evaluate objectively, 
subjective and affective risk and benefit perceptions become a key 
explanatory factor for understanding public attitudes (Fischhoff, 2015; 
Siegrist et al., 2007; Slovic, 1987). Against this background, the fol-
lowing section situates our study within three strands of related work: 
(1) the psychometric approach to risk perception, (2) research on 
general public perceptions of AI, and (3) cross-cultural differences in 
AI perception with a focus on Germany and China.

2.1. Risk perception and the psychometric model

Individual risk and benefit perceptions influence attitudes, usage 
intentions, and actual behaviors (Fischhoff, 2015; Hoffmann et al., 
2015; Witte & Allen, 2000). Risk can be conceptualized from two 
perspectives (Aven & Renn, 2009; Fischhoff, 2015): On the one hand, 
risk can be modeled as the likelihood of negative events multiplied 
by the severity of the negative consequences (that is expected values). 
However, difficulties arise if probabilities and consequences cannot 
easily be modeled for complex and multifaceted fields, such as the 
potential implications of AI. On the other hand, risk can be viewed as 
events and their perceived consequences and an individual’s perceived 
threat from these consequences can be measured using subjective rating 
scales (Slovic et al., 1979). This so-called psychometric model offers 
a framework for understanding how individuals perceive and balance 
risks and benefits, making it particularly useful for studying perceptions 
of emerging technologies or technologies whose implications are not 
easily understood by laypeople (Fischhoff, 2015; Slovic et al., 1986). 
For example, research explored the role of risk perception in areas such 
as gene technology (Connor & Siegrist, 2010), technologies for Carbon 
Capture and Utilization (Arning et al., 2020), genetically modified 
food (Verdurme & Viaene, 2003), nuclear energy (Slovic et al., 2000), 
and climate change (Pidgeon & Fischhoff, 2011).

A commonly observed pattern across all topics is the inverse rela-
tionship between perceived risks and perceived benefits (Alhakami & 
Slovic, 1994; Efendić et al., 2021): When a technology is perceived 
as risky, its benefits or utilities are often viewed as less significant, 
whereas technologies perceived as safer tend to be associated with 
higher perceived benefits, and vice versa.

2.2. Public perception of AI

Research indicates a dynamic and multifaceted landscape of at-
titudes and perceptions of AI that are shaped based on time, usage 
context, cultural background, and individual differences. Given the 
breadth of tasks and domains affected by AI, providing an exhaustive 
account of public perceptions, especially concerning risk–benefit trade-
offs, is challenging. Further, the unprecedented adoption of ChatGPT 
following its public release in 2022 (Hu, 2023) has intensified schol-
arly interest in AI. Consequently, we will give a brief but necessarily 
incomplete overview of this rapidly evolving field that has yet to be 
consolidated.

For instance, Fast and Horvitz examined three decades of AI cover-
age in the New York Times, highlighting a marked increase in public 
interest in AI after 2009. Their findings revealed a blend of opti-
mism and concern, with AI generally portrayed in a more favorable 
than unfavorable light. More recently, however, anxieties regarding 
loss of control and ethical challenges have become increasingly pro-
nounced, contrasting with continued optimism, particularly regarding 
AI’s potential in healthcare.
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Public surveys suggest that the general population often lacks an 
understanding of AI’s technical achievements and limitations, leading 
to misconceptions about its functions and potential risks (Ipsos, 2022). 
Research also indicates that public concern regarding the ethical use 
of AI is increasing, particularly as awareness of biased algorithms and 
discriminatory outcomes has risen (O’Neil, 2016).

A study from the UK investigated common narratives about AI and 
identified four pessimistic and four optimistic themes (Cave et al., 
2019). It suggests that AI is often linked to anxiety, as only two of eight 
identified narratives outweigh the benefits over the concerns (such as 
the idea that AI could make life easier). Further, participants reported 
to feel powerless over AI as developments in the realm of AI are driven 
by government and corporate interests. Only half of the respondents 
could provide a plausible definition of what AI is, while a quarter 
thought AI is equivalent to robots.

Two different studies addressed the perception of AI in each country 
individually. In Germany, public perception of AI is marked by a mix of 
admiration for its potential and fear of its risks, particularly cybersecu-
rity threats. Many view AI as a ‘‘black box’’, leading to uncertainties and 
biased control beliefs (Brauner et al., 2023). Germans tend to have a 
cautious approach, with lower trust in AI correlating with a perception 
of higher risks and lower likelihood of positive impacts. This cautious 
stance is reflected in the need for promoting AI literacy to facilitate 
informed decision-making (Brauner et al., 2025, 2023).

Cui and Wu (2019) investigated the link between media usage and 
perception of AI in China. The study measured several factors including 
media usage frequency, risk perception, benefit perception, policy sup-
port, personal relevance, and perceived knowledge. It found a strong 
public support for AI and the perception of AI’s benefits generally out-
weighs the perceived risks. In the study, media usage was linked only 
to benefit perceptions, likely due to government-controlled media por-
traying AI in a positive light. Interestingly, personal relevance reduced 
this influence, fostering more critical perspectives among individuals 
highly engaged with AI.

2.3. Culture, AI and technology perception

Grassini and Ree (2023) show that cultural backgrounds signifi-
cantly shape attitudes towards AI. For instance, individuals from the 
UK and USA exhibit distinct patterns in perceiving AI as either a threat 
or a benefit, influenced by their cultural contexts, age, and gender. A 
recent study examined how generative artificial intelligence (genAI) 
aligns with values across countries (Globig et al., 2024). Findings 
showed that people felt genAI fell short of their desired outcomes. 
Perceptions of alignment differed by region: Western countries were 
generally more sceptical and perceived greater misalignment, while 
Eastern countries tended to be more optimistic, aligned, and trusting. 
Therefore, cultural values such as individualism and techno-skepticism 
in Western countries like Germany may drive a more cautious and risk-
averse attitude towards AI (Dang & Li, 2025; O’Shaughnessy et al., 
2022), whilst collectivist cultures like China may exhibit more trust 
and optimism towards AI technologies (Kelley et al., 2021). Barnes 
et al. (2024) concluded that the cultural identity could influence how 
AI is integrated into self-conception. Western countries may view AI as 
infringing on their autonomy and privacy, while collectivists may see AI 
as an extension of themselves, aiding in conformity and environmental 
responsiveness (Barnes et al., 2024). In a large international study Kel-
ley et al. (2021) surveyed the public opinion on AI of over 10000 
participants from eight countries (Australia, Canada, USA, South Korea, 
France, Brazil, India and Nigeria). The study analyzed the anticipated 
societal impact and the respondents’ attitude towards AI in terms of the 
four key terms ‘‘exciting’’, ‘‘useful’’, ‘‘worrying’’, and ‘‘futuristic’’. Devel-
oped countries—such as USA, Canada, and Australia—predominantly 
expressed worry about AI, alongside with futuristic expectations. Con-
versely, in developing countries—such as India, Brazil, and Nigeria—
excitement about AI’s possibilities was dominant. Korea stood out 
3 
for its emphasis on AI’s usefulness and future applications. Overall, 
there was the widespread expectation that AI will significantly impact 
society, though its implications remained unclear (Kelley et al., 2021). 
This study highlights that AI perception can relate to the country of 
residence, being in turn a proxy for cultural differences or economic 
conditions.

However, both Germany and China are absent in this study. Both 
countries, measured on their GDP, are two of the five largest economies 
in the world and in a leading role regarding AI research (Statista, 2026; 
Tortoise Media, 2023). The direction of AI development in those two 
countries builds upon governmental regulations: Both countries pursue 
their own specific AI strategy with China’s New Generation Artificial 
Intelligence Development Plan and Germany’s AI Made in Germany
strategy (Hälterlein, 2024; Roberts et al., 2021). China’s strategy is 
oriented towards AI’s utility and its economy enabling role, with ethics 
being used as a tool to steer this development. On the other hand, 
Germany’s strategy portrays AI as a technology with high potential 
and high risks and underscore the importance of ethical design and 
implementation. A study by Richter et al. (2025) found that Germany’s 
AI focus lies on sovereignty by regulation, while China sees AI as a 
viable solution to tackle societal challenges. While China prioritizes 
rapid commercialization and short-term returns, Germany acts more 
cautiously, prioritizing safe, long-term development to ensure economic 
competitiveness across various innovation sectors (Richter et al., 2025). 
Additionally, while the German approach is more shaped by discus-
sions and cooperation, the Chinese strategy is led top down by the 
state (Tuzov & Lin, 2024).

Those diverging strategies might manifest in the public’s perception 
of AI: In Chinese media outlets, AI is presented as a future oriented 
and innovation fostering technology with an overall positive stance. 
In German media, AI is met with relative caution regarding aspects 
of privacy, fakes or the general impact on daily lives (Qiu, 2024). A 
study on acceptance and fear of AI comparing a German and Chinese 
sample by Sindermann et al. (2022) confirmed a more positive view and 
higher acceptance of AI in the Chinese sample compared to the German 
sample. Interestingly, this difference was not confirmed in regard to 
fears attached to AI (which relates to this studies focus on perceived 
risks). They further highlighted that personality traits, as measured 
in form of the big five personality model, were weakly associated to 
AI perception (Sindermann et al., 2022). In the context of innovation 
processes in companies, a study suggests that technology perception 
in Germany is influenced by uncertainty avoidance, while Chinese 
perception is shaped by power-distance and face-saving concepts (Tsao 
et al., 2015).

A survey in 17 countries (including China and Germany) conducted 
in 2023 assessed public willingness to trust AI across applications, 
perceptions of AI’s benefits and risks, and expectations for its de-
velopment, governance, and oversight (Gillespie et al., 2023). They 
found that while most people recognize potential benefits, many remain 
ambivalent or distrustful, with concerns about privacy, fairness, and 
control, and that trust relies heavily on institutional safeguards and 
clear knowledge. The report tracks shifts since 2020, highlighting in-
creased AI awareness and acceptance in Western countries but enduring 
doubts about regulatory efficacy.

Regarding international comparisons, recent studies consistently 
identify a trust gap between China and Germany. Dang and Li (2025) 
report higher aggregate trust in China (69.7%) than in Germany
(54.4%), a trend corroborated by Dong et al. (2024), who noted higher 
initial trust scores among Chinese participants.

A qualitative study by Dumbach et al. (2021) comparing the adop-
tion of AI in German and Chinese healthcare enterprises does empha-
size that German companies are more focussed on challenges related to 
AI use compared to the Chinese companies, which are more focused on 
development and future research (Dumbach et al., 2021).  Busch et al. 
(2023) further investigated attitudes towards AI in a cross-sectional 
survey among medical, dental and veterinary students from 48 different 
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Fig. 1. Illustration of the components of the survey and key characteristics of both samples under consideration.
countries. They found that students from Asian countries felt more 
prepared for working with AI in the future in comparison to students 
from north-west Europe (Busch et al., 2023). These results highlight 
one way of how public AI perception can manifest into actual behavior. 
Understanding both national AI strategies and the respective public’s 
perception in terms of their risk–benefit tradeoff regarding AI can (a) 
foster understanding in collaborative scenarios between German and 
Chinese actors and (b) can help adapt national strategies in preparation 
to international efforts that might take a different path.

Recently, Wang (2025) conducted a large-scale survey of public 
perceptions of AI across 20 countries, incorporating Hofstede’s dimen-
sions of national culture. The study found that AI perceptions were 
primarily explained by sociodemographic factors, with men, younger 
individuals, and those with higher levels of education showing more 
positive attitudes towards AI. While similar in scope and larger in scale 
than our study, the study did not specifically examine the interrela-
tionships between perceived risk, perceived benefit, and the integration 
into attributed value.

2.4. Research questions

Different cultures hold varying beliefs, values, and priorities regard-
ing technology in general (Hofstede, 1984; Siegrist et al., 2016; Slovic 
et al., 2000) and in AI in particular (Gillespie et al., 2023; Globig 
et al., 2024; Rieger et al., 2021). What is considered beneficial or harm-
ful, risky or safe, or socially valuable can differ substantially across 
societies (Slovic et al., 2000). If (Gen)AI technologies are developed 
based on assumptions from a single cultural context (such as those from 
OpenAI or DeepSeek), they may be ill-aligned and face public resistance 
or even produce unintended harm when used elsewhere. Understanding 
these cultural differences is essential for developing culturally informed 
Gen(AI) systems and policies that are globally equitable and locally 
appropriate. This study explores these themes through the following 
research questions:

1. Do people from Germany and China differ in their mental models 
of AI, particularly regarding expectations, perceived risks and 
benefits, and overall attributed value?

2. To what extent is the perceived value of AI influenced by per-
ceived benefits versus perceived risks?

3. Do participants from Germany and China differ in how they 
integrate the perceived risks and benefits of AI’s when forming 
an overall AI value judgment?

3. Method

The aim of this study is to explore public perceptions of AI-related 
risks and benefits, and to examine whether individuals from different 
cultural backgrounds hold similar or divergent expectations, evalua-
tions, and risk–benefit tradeoffs regarding AI. We selected Germany and 
4 
China as study sites based on convenient access to participant pools 
in both countries. While this choice is not grounded in a theoretically 
driven cross-cultural comparison, it nonetheless allows for a meaningful 
exploration of how public perceptions of AI may differ between two 
countries with distinct technological, political, and cultural contexts. 
Given the breadth and complexity of the field, we did not focus on 
a single application but instead examined a diverse set of AI-related 
topics, including more specific AI and GenAI capabilities, as well as 
broader societal implications. Our research was guided by the following 
hypotheses:

1. Perceived risks and benefits across the topics are negatively cor-
related. This pattern is frequently observed in other domains (Al-
hakami & Slovic, 1994; Efendić et al., 2021) and we assume it 
carries over to AI perception.

2. Perceived risk is negatively associated with overall evaluations 
of AI, whereas perceived benefits are positively associated.

3. Participants from Germany will exhibit a more critical stance 
towards AI technology compared to participants from China.

To test our hypotheses, we developed an online questionnaire that 
captured perceptions of AI through a series of imaginary futures (or 
micro-scenarios). In addition to the constructs relevant to our core 
hypotheses, we included socio-demographic and individual-level vari-
ables based on implicit assumptions and prior research. The survey 
was administered in German, English, and Simplified Chinese. Fig.  1 
illustrates our research approach and the following sections describe 
the design and measured variables in detail.

3.1. Capturing perception of AI using many scenarios

The survey asked participants to assess a randomized random subset 
of 15 out of 71 micro-scenarios (Brauner, 2024). Each micro scenario is 
a brief statement on potential AI developments, capabilities, or impacts 
in the next decade that is evaluated on the same four outcome variables.

The list of scenarios was compiled based on previous research 
and refined through an expert workshop. We drew on Luhmann’s 
systems theory (‘‘Systemtheorie’’), which posits that modern society 
is structured around six essential, functionally distinct, and comple-
mentary subsystems: economy, law, science, politics, religion, and ed-
ucation (Luhmann, 1989; Peterson et al., 2004). The selected topics 
spanned a spectrum from more concrete scenarios—such as AI creating 
jobs or fostering innovation—to more speculative ones, including AI 
acting on moral principles or perceiving humans as a threat. Table  5 
shows the complete list of topics.

For evaluating these scenarios, we draw on the psychometric model 
of risk perception (Slovic et al., 1985, 1979). For each topic, partic-
ipants rated its expectancy (likelihood of occurrence within the next 
decade), personal risk, and expected benefits (or perceived utility), using 
single 6-point semantic differential scales. Additionally, we asked the 
participants to evaluate the societal risk of each statement (we excluded 
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this variable from the analysis due to the very strong correlation with 
personal risk assessment. For interested scholars all data is available 
in the OSF repository.). Based on the Value-based Adoption Model 
by Kim et al. (2007), we further included the attributed value (or 
valence or sentiment), as a target variable to examine how perceived 
risks and benefits relate to overall evaluations of the technology. This 
approach allows us to assess whether the positive or negative value 
assigned to AI correlates systematically with its perceived risks and 
perceived benefits. Using single-item scales is admissible and valid to 
capture these constructs (Fuchs & Diamantopoulos, 2009; Rammstedt 
& Beierlein, 2014; Wolfers & Baumgartner, 2025).

This survey approach with micro scenarios provides two comple-
mentary perspectives (Brauner, 2024): Firstly, the average evaluations 
of each participant across all topics evaluated by each participant can 
be viewed as individual differences (psychometrically, it is a repeated 
reflexive measurement of the same latent construct). This allows for 
the analysis of how participants vary in their evaluations and what 
influences these evaluations. Secondly, the average evaluations of each 
topic across all participants can be seen as a topic factor or topic 
assessment. The scores for each topic can then equally be analyzed, 
visually placed on spatial maps, and examined for relationships and 
patterns between the many topics.

3.2. Demographics and individual level differences

Besides the micro scenario evaluations, the survey also queried 
the participants demographic characteristics and individual-level dif-
ferences (potentially related personality traits). For the demographics, 
we asked for the participants’ country of origin, age (in years), and 
gender (following Spiel et al. (2019) as male, female, diverse, or prefer 
not to say) as well as their highest educational attainment and current 
employment.

Since technology can be perceived as a social actor (Fogg & Tseng, 
1999; Reeves & Nass, 1996) (Computers as Social Actors, CASA), we 
hypothesized that trust would influence the overall evaluation of AI. 
Therefore, we measured interpersonal trust using the three-item KU-
SIV3 scale (Nießen et al., 2021). The scale shows strong psychometric 
properties while being quick to administer. We further measured the 
participants’ technology readiness (or technology commitment) using a 
subset of items from the Technology Commitment Scale (Neyer et al., 
2016). It describes an individual’s tendency to embrace and effectively 
use new technologies. We assume that this trait positively influences 
attitudes towards AI. Additionally, we measured the participants will-
ingness to take or tolerate risks on the single-item Risk Proneness Short 
Scale (R-1) (Nießen et al., 2020). We propose that risk proneness is 
associated with the perceived risk of AI and may negatively impact 
the overall evaluation of AI. Lastly, we also administered the General 
Attitude towards AI scale (GAAIS) with its positive and negative sub 
scales (Schepman & Rodway, 2022) to study how an overall AI as-
sessment relates to the evaluation of many different applications of 
AI.

Except for the scale measuring interpersonal trust (KUSIV3, 𝛼 =
.540),1 all scales demonstrated good to very good internal reliability. 
The technology readiness scale had a reliability of 𝛼 = .723, the positive 
subscale of the General Attitude towards AI (GAAIS-positive) showed 
very good internal consistency (𝛼 = .800), and the negative subscale 
(GAAIS-negative) also exhibited high reliability (𝛼 = .770).

We conducted three power analyses using G*Power to determine 
whether the study’s sample sizes were adequate. Note that these anal-
yses were performed following a reviewer’s recommendation and were 

1 Low Cronbach’s 𝛼 values can be acceptable for validated short scales and 
especially for broader constructs, such as interpersonal trust, where limited 
item numbers and conceptual diversity reduce internal consistency without 
undermining validity.
5 
thus conducted after the survey had been completed. First, for the 
overall effect of participants’ home country on the four target variables 
(one-way MANOVA), we assumed a significance level of 𝛼 = .05, a 
power of 1 − 𝛽 = .80, and, based on other works (Wilkowsk et al., 
2012), an estimated medium effect size of 𝑉 = 0.15. The calculated 
required total sample size is 𝑁 = 86 (𝐹𝑐𝑟𝑖𝑡 = 2.48). Second, for analyzing 
the risk–benefit trade-off in forming value judgments, we used 𝛼 = .05, 
1−𝛽 = .80, and a large effect size of 𝑓 2 = 0.50 (the estimated effect size 
stems from prior work of ours (Brauner et al., 2025)). The required 
joined sample size is 𝑁 = 23 (𝐹𝑐𝑟𝑖𝑡 ≈ 3.49). Third, to assess whether 
adding a third predictor yields a significant model improvement (from 
two to three predictors), we used 𝛼 = .05, 1− 𝛽 = .80, and an effect size 
of 𝑓 2 = .10. The required sample size for this is 𝑁 = 100 (𝐹𝑐𝑟𝑖𝑡 ≈ 3.09).

3.3. Sample acquisition

The survey was available in German, English, and Simplified Chi-
nese. To ensure consistency across all three languages, native speakers 
translated the survey. We used Qualtrics and its multi-language feature 
for administering the survey. It started by obtaining informed consent 
from participants and informing them that participation is voluntary, 
no personal information will be gathered, and the collected data will 
be shared as open data. The study was conducted following protocols 
approved by our Institutional Review Board (IRB) for studies with the 
same design with a different sample (ID 2023_02b_FB7_RWTH Aachen). 
All materials, data, and analyses are available as an OSF repository 
https://osf.io/cpk97/.

Due to resource constraints and to minimize the low motivation 
and inattention common in paid participant pools (Brühlmann et al., 
2020; Leiner, 2019; Westwood, 2025), participants were recruited via 
convenience and snowball sampling. The survey link was initially 
shared across the authors’ personal social networks with a request 
for further forwarding. Data collection was facilitated by a Chinese 
graduate student who distributed the survey among their personal 
and professional networks; the authors gratefully acknowledge this 
contribution.

3.4. Data cleaning and analysis

In total 188 people from 28 different countries participated in the 
study. Based on our sampling method, the majority came from China 
and Germany, but we also had participants from India, the United 
States, and Great Britain.

We filtered the data for non-matching participants (excluding par-
ticipants from other countries than Germany or China) and incomplete, 
or low quality responses based on (a) the participant must have com-
pleted the full survey (b) the participant is not classified as a speeder 
(less than 1/3 of the median survey duration of 9.6 min); the latter 
is usually considered sufficient for detecting meaningless data (Leiner, 
2019). After filtering, the resulting dataset consists of 110 surveys. The 
filter rate of 41.5% is typical for voluntary and unrewarded surveys, 
especially, as we had to exclude participants from other countries (the 
unfiltered data set available on OSF).

We analyzed the data using R version 4.3.2 with both parametric 
and non-parametric methods, including Chi-square (𝜒2) tests, Bravais–
Pearson correlation coefficients (𝑟), 𝑡-tests, Multivariate Analysis of 
(Co-)Variance (MAN(C)OVA), along with Ordinary Least Squares multi-
ple linear regressions using robust standard errors to address potential 
heteroscedasticity resulting from variation in sample composition and 
size. For the omnibus MANOVA/MANCOVA tests, we used Pillai’s 
trace (𝑉 ) as the test statistic. We assessed the assumptions underlying 
each test and report any violations. Missing responses were handled 
through test-wise deletion. Consistent with common practice in the 
social sciences, we set the Type I error rate at 5% (𝛼 = .05) to 
determine statistical significance. All data and associated computations 
are publicly available in our data repository (see the data availability 
statement).

https://osf.io/cpk97/
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Table 1
Descriptive overview of the German and Chinese samples.
 Variable Measure Germany (N = 52) China (N = 58) Sig.  
 Age Mean (SD) 26.3 (9.4) 28.6 (8.7) 𝑝 = .195a 
 Median 25 28  
 Range 18–75 18–61  
 Gender Male 29 16 𝑝 = .005b 
 Female 21 41  
 Diverse 0 0  
 Prefer not to say 2 1  
 Highest Education High school 15 1 𝑝 < .001c 
 Apprenticeship 2 4  
 Bachelor 30 29  
 Master 5 16  
 PhD 0 6  
 Not specified 0 2  
 Individual level differences GAAIS (positive) 4.32 (0.70) 4.34 (0.50) 𝑝 = .729b 
 GAAIS (negative) 3.48 (0.81) 3.19 (0.68) 𝑝 = .056d 
 Interpersonal Trust 4.01 (0.83) 4.03 (0.77) 𝑝 = .916d 
 Technology Readiness 4.51 (0.60) 4.06 (0.50) 𝑝 < .001d 
 Risk Proneness 5.62 (2.01) 6.15 (1.86) 𝑝 = .102d 
a Welch’s two-sample 𝑡-test used for unequal variances. No significant age difference between both samples.
b Pearson’s Chi-squared test for independence indicates a significant gender imbalance, with a higher proportion of women in the China 
sample.
c Pearson’s Chi-squared test for independence. The significant education imbalance reflects higher reported education levels in the China 
sample. Given the convenience sampling, we assume many participants with only a high school degree were currently enrolled in university, 
mitigating the actual difference between the two samples.
d MANCOVA with sample and gender as fixed factors and age as a covariate. There was a significant overall effect of sample (𝑉 = 0.280, 
𝑝 < .001) and gender (𝑉 = 0.239, 𝑝 < .001), but not of age (𝑉 = 0.067, 𝑝 = .245). The table reports the effects of sample on each outcome 
variable.
3.5. Sample I — China

The first sample consists of 58 participants (52.7% of the whole 
sample) reporting being from China. The age of the participants ranged 
from 18–61 years with a median age of 28 years. 16 participants 
reported being male, 41 reported being female and 1 person preferred 
not to disclose their gender identity. The sample is fairly educated with 
50.0% (29) holding a Bachelor’s, 27.6% (16) holding a Master’s, and 
10.3% (6) a PhD degree.

None of the explanatory factors showed a significant association 
with the demographic variables age or gender. The largest observed 
correlation was between age and GAAIS-negative (𝑟 = .343); however, 
this correlation was not statistically significant (𝑝 = .083).

3.6. Sample II — Germany

The second sample consists of 52 participants (47.3%) reporting 
being from Germany. The age ranged from 18–75 years with a median 
age of 25 years. 29 participants reported being male, 21 reported being 
female, and 2 preferred not to disclose their gender. The sample is also 
quite educated with 57.7% holding a Bachelor’s and 9.6% (5) a Master’s 
degree and 28.8% (15) reported having a high school diploma.

Among the explanatory variables, only technology readiness was 
significantly correlated with gender (𝑟 = .456, 𝑝 = .007), with women 
reporting lower technology readiness scores than men. None of the 
other explanatory variables were significantly associated with either 
age or gender.

4. Results

The results section is structured as follows. First, we analyze the 
differences between both samples in terms of the explanatory variables. 
Second, we investigate if and how the country of origin influences the 
overall AI-related expected likelihood of occurrence and valuation, as 
well as the perceived risk and benefits, followed by a brief presentation 
of the highest/lowest evaluated topics for each sample and dimension. 
Next, we analyze how the topic evaluations are interrelated and analyze 
the risk–benefit tradeoffs for the samples. Finally, we will explore how 
individual differences affect the perceptions of AI.
6 
4.1. Differences between the samples in the explanatory variables

First, we analyze similarities and differences between both samples 
in terms of the individual-level differences. Hereto, we calculated a 
Multivariate Analysis of Covariance (MANCOVA) with the sample as 
independent variable, age and gender as covariates, and the individual-
level difference variables General Attitudes towards Artificial Intelli-
gence (positive and negative), interpersonal trust, technology readiness, 
and risk proneness as dependent variables.

Overall, the sample (𝑉 = .280, 𝐹 (5, 95) = 7.405, 𝑝 < .001) as well 
as gender (𝑉 = .239, 𝐹 (5, 95) = 5.964, 𝑝 < .001) have a strong and 
significant effect on the individual-level differences, with the effect of 
the sample being stronger than that of gender. Surprisingly, the sample 
has a significant effect only on reported technology readiness (𝑝 < .001), 
with higher scores for participants from Germany (𝑀 = 4.51, 𝑆𝐷 =
0.60) compared to participants from China (𝑀 = 4.06, 𝑆𝐷 = 0.50). 
Table  1 shows the values for each sample.

In contrast, gender has a lower overall effect but significantly influ-
ences most individual level differences. Specifically, genders differ in 
terms of interpersonal trust, with women reporting higher trust scores 
(𝑀 = 4.17, 𝑆𝐷 = 0.70) than men (𝑀 = 3.87, 𝑆𝐷 = 0.89), and in 
technology readiness, where women report lower scores (𝑀 = 4.06, 
𝑆𝐷 = 0.46) compared to men (𝑀 = 4.59, 𝑆𝐷 = 0.63).

4.2. Cross-cultural differences in overall AI expectations, risk and benefit 
perceptions, and attributed values

A MANOVA with the sample as independent variable and expected 
likelihood of occurrence, risk, benefit, and overall attributed value as 
dependent variables shows a significant overall effect (𝑉 = 0.415, 
𝐹 (1, 104) = 17.06, 𝑝 < .001) as well as significant individual differences 
on three of the four dependent variables.

On average, in both samples, the expectancy (expected likelihood 
of occurrence that the statements surveyed will materialize in the next 
decade) is above neutral: With an average of 11.9% for the sample 
from China and an average of 22.2% for the sample from Germany. 
However, this difference is statistically not significant (𝐹 (1, 104) =
2.7173, 𝑝 = .102 > .05). The average risk assessments of the topics of 
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Fig. 2. Average evaluation of the 71 micro-scenarios on the four assessment dimensions Expectancy, Perceived Risk, Perceived benefit, and overall Attributed Value
with participants from China (N=58) and Germany (N=52). The shaded area below the box plot illustrate the distributions of the individual topic evaluations.
Table 2
Mean assessments across the four evaluation dimensions were compared between Chinese and German participants. A MANOVA revealed a significant overall 
effect, with significant group differences for perceived risk, perceived benefit, and attributed value; expectancy did not differ significantly.
 Dimension China German Sig.

 M SD CI-95 N M SD CI-95 N p

 Expectancy 11.9% 62.3% [−4.1%, 28.0%] 58 22.2% 63.9% [4.9%, 39.6%] 52 .102
 Perceived Risks 3.5% 55.0% [−10.6%, 17.7%] 58 18.4% 61.0% [1.8%, 35.0%] 52 .021
 Perceived Benefits 21.5% 54.1% [7.6%, 35.4%] 58 7.1% 62.6% [−9.9%, 24.1%] 52 .012
 Attributed Value 19.7% 51.6% [6.4%, 33.0%] 58 −11.9% 59.1% [−27.9%, 4.2%] 52 <0.001

Note:  Measured on 6-point semantic differential scales, rescaled to a range of −100% to +100%. Negative values indicate low evaluations on the respective dimension (e.g., low 
perceived value, risk, benefit, or expectancy), while positive values indicate high evaluations.
the participants from China is significantly lower (3.5%) than that of 
the participants from Germany (18.4%) (𝐹 (1, 104) = 2.717, 𝑝 = .021). 
Further, participants from China evaluate the various projections on 
the potential impact of AI as significantly more beneficial (21.5%) than 
the participants from Germany (7.1%) (𝐹 (1, 104) = 6.502, 𝑝 = 0.012). 
Lastly, the average attributed value of queried topics is significantly 
higher for participants from China (19.7%) than for participants from 
Germany (−11.8%) (𝐹 (1, 104) = 53.628, 𝑝 < .001). These differences are 
statistically significant and become visually apparent in the box and 
violin plots illustrated in Fig.  2: For the Chinese sample, most of the 
topics are evaluated from neutral to positive, whereas the distribution 
of the responses from the German sample are broader and located on 
both sides of the scale.

Table  2 presents the average evaluations of both samples and Fig. 
2 shows the average evaluations of all 71 topics per assessment dimen-
sion by sample as box plots. The underlying shadow shows the shape of 
the data’s distribution. The stars signify the three significant differences 
in the four assessment dimensions between participants from China and 
Germany.

4.3. Expected likelihood of occurrence (expectancy)

Although participants from China and Germany do not differ sig-
nificantly in their overall expected likelihood of occurrence across 
all queried topics, there are notable differences in specific AI-related 
statements. Fig.  3 illustrates the expectations that the samples from 
Germany (𝑦-axis) and China (𝑥-axis) hold regarding AI’s capabilities 
and implications over the next decade. Points located on or near the 
diagonal represent topics where the expectations of participants from 
both countries are similar. Points further from the diagonal indicate 
discrepancies in attributed value: Points in the upper-left of the diag-
onal indicate topics that participants from Germany find more likely, 
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while points in the lower-right represent topics seen as more probable 
by participants from China.

Participants from Germany consider certain AI developments with 
a significantly higher likelihood than those from China. For example, 
they assess that AI will take off, fly, and land airplanes (+77.8%), 
independently drive automobiles (+77.8%), and promote innovation 
(+81.0%) as more likely. In contrast, participants from China believe 
it is more likely that AI will become a personal assistant that helps 
solve tasks (63.6%), supervise public behavior (64.1%), and raise the 
standard of living (70.8%).

German participants assessed it least likely that AI will decide on 
matters of life and death (−63.3%), followed by disbelief that AI will 
destroy humanity (−54.4%), and that AI will consider humans as a 
threat (−40.7%). Participants from China, on the other hand, assessed 
it least likely that AI will make political decisions (−41.7%), followed 
by disbelief that AI will make decisions in human resources (−37.5%), 
and that AI will develop a sense of humor (−37.5%).

Points with significant differences (as indicated by a strong di-
vergence from the diagonal) include perceptions that AI will favor 
certain groups (China: −23.3%, Germany: +63.0%), make decisions on 
loan approvals (China: −23.8%, Germany: +57.6%), and impact em-
ployment decisions (China: −37.5%, Germany: +52.8%). Furthermore, 
AI is expected to improve relationships (China: +37.5%, Germany: 
−14.8%) and enhance sustainability (China: +45.5%, Germany: −6.7%) 
in notably different ways across the two countries.

4.4. Value attributed to AI

Next, we analyze how the two samples differ in the average at-
tributed value towards the AI-related projections. Fig.  4 presents the 
average evaluations from the German sample (𝑦-axis) and the Chinese 
sample (𝑥-axis). The interpretation of the points’ locations is similar as 
above.
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Fig. 3. Average expected likelihood of occurrence ratings for each of the 71 AI-related micro-scenarios. The 𝑥-axis shows the average rating from participants 
in China (N=58), and the 𝑦-axis shows the average rating from participants in Germany (N=52). The blue line represents the regression line, with the shaded 
gray area indicating the 95% confidence interval. A moderate correlation is observed between the two samples (𝑟 = .419, 𝑝 < .001). Points that deviate from 
the diagonal reflect differences in expectancy ratings between the two groups: points above the diagonal indicate scenarios rated as more likely by German 
participants, while points below the diagonal indicate scenarios rated as more likely by Chinese participants.
 

Again, we do not iterate over each individual statement and instead 
refer to the detailed data in Table  5. However, a key observation is that 
the regression line runs parallel to but significantly below the diagonal, 
indicating that participants from Germany report a substantially lower 
overall attributed value towards the queried topics.

Beyond these general trends, certain topics reveal notable differ-
ences between the two samples. Participants from China evaluated the 
statements that AI may be misused by criminals (−50.0%), that AI 
might determine warfare (−33.3%), and that AI could supervise their 
private lives (−25.0%) the least. For participants from Germany, the 
statements with the lowest evaluations were that AI knows all secrets 
(−100.0%, with all participants rating this item with the lowest possible 
score), that AI may decide about our lives (−83.3%), and that AI may 
consider humans as a threat (−70.4%).

Participants from China rated the proposition that AI will raise 
the standard of living the highest (71.4%), followed by AI increas-
ing the wealth of many people (63.6%) and making societies more 
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sustainable (63.6%). In contrast, participants from Germany evaluated 
the statement that AI will explain decisions (75.0%), followed by the 
expectation that AI will improve our health (54.2%) and promote 
innovation (52.4%) the highest.

Outliers with notable discrepancies between participants from China
and Germany include views on whether AI explains its decisions (China: 
33.3%, Germany: 75.0%), whether AI could develop its own con-
sciousness (China: −6.1%, Germany: +33.3%), whether AI will know 
personal secrets (China: +16.7%, Germany: −100.0%), and whether AI 
will become integrated into human bodies (China: +50.0%, Germany: 
−33.3%).

Fig.  4 suggests two key points: First, evaluations show greater align-
ment compared to expectations, as indicated by the narrower gray area 
representing the 95% confidence interval around the regression line. 
Second, respondents from China appear to hold a more optimistic view 
on the statements, derivable by the downward shift in the regression 
line’s intercept in the figure.
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Fig. 4. Each point represents the average rating of one of the 71 statements by participants from China (N=58, 𝑥-axis) and Germany (N=52, 𝑦-axis). The blue 
line indicates the regression line, with the shaded gray area representing the 95% confidence interval. While ratings are strongly correlated (𝑟 = .629, 𝑝 < .001), 
German participants tend to give lower ratings overall. Points that deviate from the diagonal indicate statements where the two groups differ in their evaluations: 
points above the diagonal reflect topics rated as more valuable by German participants, while points below the diagonal reflect topics rated as more valuable by 
Chinese participants.
4.5. Perceived risks

In the sample from China, participants rated the statement that AI 
might control food production with a relatively low risk perception 
(−40.0%). Similarly, they attributed low risk to the idea that AI could 
serve as a conversation partner in elderly care (−33.3%) or remain 
subordinate to humans in working life (−33.3%). On the other hand, 
they viewed AI supervising private life (40.0%) and surpassing human 
intelligence (40.0%) as more risky. The highest risk perception in the 
Chinese sample was that AI could be misused by criminals, which 
received a risk score of 100.0% (all responded selected the maximum 
on the scale).

In the German sample, participants assigned the lowest risk to the 
notion that AI could become humorous (−74.1%), followed by the idea 
that AI might control partner selection (−44.4%) or make society more 
sustainable (−40.0%). However, they perceived significant risk in AI 
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supervising private life (72.7%), acting according to moral concepts 
(77.8%), and increasing social justice (83.3%).

4.6. Perceived benefits

In the Chinese sample, participants attributed the lowest benefit to 
the idea that AI might supervise private life (−37.0%), destroy human-
ity (−28.6%), or be misused by criminals (−25.0%). They viewed AI as 
offering significant benefit in making society more sustainable (60.6%), 
optimizing itself (61.9%), and deciding who gets an important financial 
loan (62.5%).

In the German sample, participants found the idea that AI would 
know personal secrets to have the least benefit (−86.7%), followed by 
AI deciding matters of life and death (−63.0%) or no longer being 
controllable by humans (−55.6%). They also perceived low benefit 
in AI preferring certain groups of people (−55.6%). However, they 
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Table 3
Regression tables for three multiple linear models predicting attributed value of AI (interpreted as individual differences) using 
risk, benefit, and their interaction as predictors. Models are shown for the German sample, the Chinese sample, and the combined 
sample. The significant Sample variable indicates that the first two models differ significantly. Robust standard errors further 
suggest significantly different 𝛽-coefficients (relative influences), reflecting distinct risk–benefit trade-offs between the two samples.
 Independent variables Dependent variable: Overall attributed AI value
 Sample Germany (N=52) Sample China (N=58) Combined sample (N=110) 
 (Intercept) −0.103*** +0.103*** 0.070**  
 (SE) (0.028) (0.027) (0.021)  
 Perceived Risk 𝛽 −0.337*** −0.463*** −0.381***  
 (SE) (0.075) (0.094) (0.058)  
 Perceived Benefit 𝛽 +0.715*** +0.484*** +0.646***  
 (SE) (0.069) (0.106) (0.054)  
 Risk × Benefit 𝛽 0.092 −0.017 0.141  
 (SE) (0.167) (0.241) (0.027)  
 Sample 𝛽 — — −.157***  
 SE (0.131)  
 N (topics) 71 71 71  
 𝐹 116.0 38.1 148.0  
 𝑝 <.001 <.001 < .001  
 𝑅2 .831 .614 .806  
rated AI’s potential to promote innovation (71.4%), raise the standard 
of living (71.4%), learn faster than humans (81.0%), and explain its 
decisions (83.3%) as highly beneficial.

4.7. Topic correlations and the risk–benefit tradeoff

Next, we analyze how the different evaluation dimensions of the 
topics are related and if both samples differ in the tradeoff between 
perceived risks and benefits and what contributes to overall attributed 
value most. For this, we calculated a multiple linear regression analysis 
to examine the relationship between the value attributed to AI and the 
two predictor variables perceived risk and perceived benefit.

First, we calculated a multiple linear regression with perceived 
risk, benefit and their interaction as well as the sample indicator as 
predictors and overall attributed value as dependent variable (Chow, 
1960).2 The model, including the predictors and their interaction term, 
explained a significant portion of the variance in attributed value mean 
(𝑅2 = .812, 𝐹 (4, 137) = 148, 𝑝 < .001). The significance of the 
sample indicator suggests that the regression models of both samples 
are significantly different. Table  3 details the regression model.

Consequently, we calculated two linear regression for each sample 
with risk, benefit, and the risk–benefit interaction as predictors and 
attributed value as dependent variables. For both samples, the models 
were statistically significant and provided a strong fit for predicting the 
overall attributed value (sample from Germany: 𝑅2 = .839, 𝐹 (3, 67) =
116.04, 𝑝 < .001; sample from China: 𝑅2 = .630, 𝐹 (3, 67) = 38.09, 
𝑝 < .001).

For the sample from Germany, the intercept is negative (−0.103) 
and significant (𝑝 < .001), suggesting a negative baseline of value 
attributed towards the AI statements when risk and benefit are zero. 
In contrast, for subjects from China, the intercept is positive (+0.103) 
and also significant (𝑝 < .001), indicating a positive baseline value.

The coefficient for perceived risk is negative and significant for both 
the samples from Germany (𝛽 = −0.337) and China (𝛽 = −0.463). 
This indicates that as perceived risk increases, overall value attributed 
towards the AI statements decreases across both countries. The larger 
and negative coefficient for China suggests that perceived risk has a 
stronger negative impact on attributed value for Chinese participants 
compared to German participants.

The coefficient for perceived benefit is positive and significant 
(𝑝 < .001) for both groups: 𝛽 = +0.715 for subjects from Germany 

2 An alternative approach is to calculate a hierarchical multiple linear 
regression; which yielded basically the same result. See analysis notebook for 
reference.
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and 𝛽 = +0.484 for subjects from China. This indicates that higher 
perceived benefit leads to a more favorable overall value attribution 
towards the AI projections. The effect of perceived benefit is stronger 
for German participants than for Chinese participants, as shown by the 
larger coefficient for Germany.

The interaction term between risk and benefit is not significant 
for either country. This suggests that the combined effect of risk and 
benefit on attributed value does not significantly deviate from their 
individual effects. Table  3 presents the results of all three regression 
models, while Fig.  5 provides a visual comparison. Fig.  6 illustrates 
the different risk–benefit tradeoffs between the participants from China 
and from Germany by plotting the risk (𝑥-axis) and benefit (𝑦-axis) 
evaluations for each topic for both samples.

4.8. The role of individual level differences on the perception of AI

Lastly, we analyze if individual differences influence the assessment 
of AI. With regards to the associations between the four assessment 
variables interpreted as an individual difference, both samples show 
a similar pattern. First, as for the evaluations of the topics, there is 
an inverse relationship between perceived risk and benefit in both the 
sample from China (𝑟 = −.496, 𝑝 < .001) and Germany (𝑟 = −.342, 
𝑝 = .052). Second, in both samples risk is associated negatively (China: 
𝑟 = −.540, 𝑝 < .001; Germany: 𝑟 = −.457, 𝑝 = .003) and benefit 
positively (China: 𝑟 = .735, 𝑝 < .001; Germany: 𝑟 = .734, 𝑝 < .001) 
with the overall value attributed to the AI projections. Table  4 lists 
the correlation between the demographic variables, the individual-level 
differences, and the average AI attributes.

It is worth noting that many correlations between the individual-
level differences and the attributions, though intuitively meaningful 
and potentially non-negligible, were not statistical significant due to 
the small sample size; especially in the Chinese sample. Here, for 
example, correlation between GAAIS-negative and perceived AI Risks 
was comparatively large but a non-significant (𝑟 > .4). We refrain from 
an deeper analysis of the potential influence of the individual-level 
differences on the perception of AI and the risk–benefit tradeoff. Future 
research with larger sample sizes are needed to address these questions.

5. Discussion

In this study, we investigated how cultural differences shape the 
evaluation of AI, by studying the perception of AI of participants 
from Germany and China as an example. We asked our participants 
to evaluate 71 statements on the potential capabilities and impacts of 
AI (AI future imaginaries) in terms of the likelihood of occurrence over 
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Fig. 5. Visualization of the two significantly different multiple linear regression models for participants from China (left) and Germany (right), with variable 
distributions shown as violin and boxplots. In both models, perceived risk and benefit significantly predict attributed AI value when interpreted as technology 
attributions. However, German participants placed greater emphasis on benefits, whereas Chinese participants weighed risks and benefits more equally. Line 
thickness reflects the strength of each predictor’s standardized effect (𝛽). All predictors are significant at 𝑝 < .001.
Fig. 6. Risk and Benefit attributions by participants from China and Germany on various AI fields. The 𝑥-axis represents the average estimated risk and the 𝑦-axis 
represents the average estimated benefit. The blue lines shows the regression line and the gray area the 95%-CI of the regression line. The data suggests differing 
perceptions of AI risks and benefits between the participant from the two countries.
Table 4
Correlation of demographic factors and individual-level differences with the AI attributions interpreted as individual difference.
 Sample China (N=58) Sample German (N=52)
 Variable 1. 2. 3. 4. 1. 2. 3. 4.

 1. Perceived Expectancy – .653*** −.116 −.212 – .256 −.018 .017
 2. Perceived Risk – −.496*** −.541*** – −.342+ −.457*
 3. Perceived Benefit – .735*** – .734***
 4. Attributed AI Value –

 5. Age −.013 −.136 −.061 .173 .160 −.197 −.133 −.002
 5. Gender (0 = female, 1 = male) .134 .203 −.119 −.220 .097 −.197 −.006 .067
 6. Technology Readiness .228 −.010 .157 .140 -.034 −.032 .280 .177
 7. GAAIS (negative) −.001 .178 −.085 −.252 .191 .402+ −.222 −.422*
 8. GAAIS (positive) .083 −.020 .053 .133 .100 −.120 .454* .489*

*** signify correlations at 𝑝 < .001, * at 𝑝 < .05, and + at 𝑝 < .1. Other values are 𝑛.𝑠..
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the next decade, as well as their perceived risks and benefits, as well 
as the overall attributed value should these scenarios become a reality.

Regarding the envisioned future of AI, the study did not reveal 
significant differences in the expectations that the presented AI sce-
narios would come true within the next decade. Although some of the 
statements were judged differently by participants from both countries, 
there is no overall difference across all topics. This is surprising, as 
other studies suggest that the countries and cultures differ in their 
openness towards technology (Espig et al., 2022), which may also 
carry over to differences in the expectations regarding future tech-
nologies. However, this may be due to a methodological weak spot of 
the study: Humans are poor at predicting the future (Recchia et al., 
2021). Hence, asking about the expectations regarding AI might not 
have been suitable. Second, the selection of scenarios included not 
only technology-related statements but also social implications of AI. 
As a result, any potential effect may be diluted due to the diversity 
of the scenarios. Consequently, we recommend addressing potential 
differences in expectations in future, more in-depth studies.

Overall, the results suggest that both perceived risk and perceived 
benefits significantly influence participants’ value attributions towards 
AI, with perceived benefits having a stronger positive influence com-
pared to the negative influence of perceived risk. Both, the inverse 
relationship between perceived risks and perceived benefits, and that 
the benefits are a stronger predictor, is frequently observed in studies 
on risk perception (Alhakami & Slovic, 1994; Efendić et al., 2021). This 
study corroborates these findings and complements that this extends to 
the AI context and across cultures.

However, the perception of AI significantly diverges between the 
German and the Chinese sample regarding perceived risk, benefits, 
and overall attributed value. The Chinese sample assessed the topics 
overall more positively than the German sample. This finding is in line 
with the previous work of Sindermann et al. (2022). Additionally, as 
the difference in regression models for both samples shows, perceived 
benefits had a weaker influence on overall attributed value compared 
to the German sample coupled with a lower explanation of explained 
variance. This leads to the conclusion that the more positive perception 
of AI in China might be explained by additional factors other than 
risk and benefit. However, it is not clear of what nature this factor 
is: Demographic factors and individual-level differences, such as age, 
gender, technology readiness or the general attitude towards AI did 
not show significant relationships to the AI attributions. This, again, 
reflects the outcome of Sindermann et al.’s work in which they found 
only weak associations between personality traits and AI perception. 
Multiple previous studies have shown that trust in the own government 
serves as an important predictor of AI perception: The higher the trust 
in the government, the more positive the perception of AI (Chen & 
Wen, 2020; Schmager et al., 2024; Wang et al., 2024). Trust in the 
Chinese government therefore might explain more of the variance of 
attributed value than perceived risk and benefit alone and should be 
examined in future studies. Another factor may be the prevalence of 
AI in China, where it is already embedded in public services and the 
industry, supported by strong commercial and research efforts (Chen 
et al., 2019; Guo & Cugurullo, 2023; Ozkaya & Demirhan, 2023; Qu & 
Kim, 2025; Xiaoyan & Segumpan, 2025). This ubiquity of AI may foster 
more positive attitudes, beyond perceived risks and benefits. A similar 
dynamic is evident for intention and actual use: UTAUT-based studies 
of AI find that habit contributes significantly to both intention to use 
and actual behavior, alongside perceptions of performance, effort, and 
price (Xue et al., 2025). While we used country of origin as a simplified 
proxy for culture—acknowledging that culture is a far more complex 
construct—this contrast, though exploratory, provides valuable initial 
insights into potential cultural dimensions of AI perception and un-
derscores the need for more systematic, theory-driven cross-cultural 
research in this area.

Our results indicate that cultural values fundamentally shape the se-
mantic interpretation of AI functionalities. This mechanism is most visi-
ble when analyzing specific imaginaries through the lens of established 
12 
cultural dimensions (Hofstede, 1984). For instance, the divergence 
regarding ‘‘AI supervises behavior’’, viewed as beneficial by Chinese 
participants but negatively by German participants, aligns with the 
distinction between Collectivism and Individualism. In high-collectivist 
contexts (such as China), automated supervision may be framed as 
a mechanism for maintaining social harmony and collective safety, 
whereas in high-individualist contexts (such as Germany), the same 
function is likely perceived as an intrusion on autonomy and privacy. 
Similarly, the heightened German sensitivity to risks involving ‘‘AI 
knowing secrets’’ or ‘‘determining matters of life and death’’ reflects the 
culture’s high Uncertainty Avoidance. In this mental model, the opacity 
of AI decision-making represents a loss of control that violates the 
cultural preference for structured, rule-based certainty. Thus, culture 
does not merely adjust the magnitude of risk perception; it determines 
whether a specific technological capability is classified as a utility or 
a threat. Naturally, these observations derived from a broad range 
of micro-scenarios require further in-depth research to validate the 
proposed mechanisms within specific, rigorously evaluated contexts.

A notable divergence emerges depending on whether the micro-
scenarios are analyzed as technology attributions or individual differ-
ences. The empirically established inverse relationship between per-
ceived risk and benefit—typically attributed to the affect heuristic—
is replicated in the former (see Section 4.7), consistent with prior 
work (Alhakami & Slovic, 1994; Efendić et al., 2021; Finucane et al., 
2000). However, this association fades in the latter, particularly in the 
German sample (see Section 4.8). Future research is needed to unravel 
if and why this risk–benefit relationship shifts when the focus moves 
from the reputation of the technology to the cognitive processing of 
the observers.

In addition to enhancing our understanding of public perceptions of 
AI, this article offers methodological contributions by providing a new 
perspective on the public perception (of AI). Recent studies indicate 
that survey results may reflect not only participants’ judgments but 
also, to a significant extent, the influence of linguistic and lexical 
properties of surveys, such as word co-occurrences and scale similar-
ities (Gefen & Larsen, 2017). The micro-scenario approach addresses 
this concern by employing reflexive measurements across a diverse 
range of topics, rather than relying on psychometric scales of similarly 
phrased items (Brauner, 2024). The approach yielded plausible find-
ings, suggesting it offers a novel perspective for triangulating cognitive 
phenomena in technology and AI perception.

5.1. Limitations

This study is not without limitations. First, we relied on convenience 
and snowball sampling, yielding small and highly educated academic 
samples for both countries. While the modest sample size may limit 
generalizability, it was gathered through personal networks rather 
than paid participant pools, fostering more thoughtful and intrinsi-
cally motivated responses. Unlike typical large-scale surveys where 
participants are incentivized by minimal compensation, our respon-
dents were likely driven by genuine interest or social connection. We 
believe this approach yielded higher-quality data despite the smaller 
N. Although we only sampled a snapshot of the respective populations, 
we assume that the differences in AI perception will equally emerge 
in more diverse samples, as both samples are comparable in terms 
of age (though gender biased), but already exhibit substantial differ-
ences in the evaluation of AI’s risk, benefits, and overall evaluation. 
A related concern is the severe under-sampling of the individual topic 
assessments per sub-group due to the small sample size. Therefore, 
the individual evaluations of statements and their placement on the 
maps should be considered with caution, yet key claims made in the 
article— i.e., different overall evaluations in terms of perceived risk, 
benefit, and value attributions, as well as the differences in the risk–
benefit tradeoffs—build on aggregations across many statements and 
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across many participants and thus sufficiently many measurements3 
(cf. Bernoulli (1713)).

Second, while culture encompasses a wide range of influences, 
including values, beliefs, social norms, language, and individual ex-
periences, we solely used the country of origin as a pragmatic proxy 
for culture (Schwartz, 2006). Countries typically have dominant cul-
tural frameworks that shape the structures individuals grow up within. 
Hence, we conclude that our work contributes to the understanding 
of cultural differences in technology and AI perception, but suggest 
extending this evidence with a larger, more diverse, and culturally 
broader sample. Further, we suggest to include more nuanced cultural 
aspects in the survey beyond the home country (e.g., Hofstede’s (1984) 
cultural dimensions or Schwartz’s (2006) theory of basic values). While 
these already suggest strong differences between Germany and China, 
this would allow the separation and mitigation the potential influence 
of contextual factors (such as AI exposure in the different countries) 
and to better model how culture and its constituting factors affect 
technology perception and the risk–benefit tradeoffs involved. This 
is particularly important in light of recent findings by Wang (2025), 
which suggest that individual-level factors, rather than broader cultural 
frameworks, may primarily shape general perceptions of AI. Whether 
this also applies to perceived risks and benefits and their trade-offs 
remains an open question.

Third, the study examined a wide range of AI-related statements 
across a few dependent variables using micro-scenarios (Brauner, 2024).
This method captures heuristic evaluations rather than detailed as-
sessments of benefits, barriers, and implications. As the results show 
strong and systematic patterns, this suggests reliable measurements 
and insights into the broader perception of AI and the influence of 
culture. However, this does not reveal the specific motives behind the 
evaluations of individual topics. Given AI’s impact on individual lives 
and society, each topic warrants in-depth qualitative and quantitative 
studies to enhance our understanding. This can help practitioners, 
researchers, and policymakers better align AI with human needs.

6. Conclusion and outlook

While significant research has addressed AI perception and its so-
cietal implications, a critical gap remains in tackling the ‘‘alignment 
problem’’, which seeks to ensure AI systems align with human norms 
and values (Gabriel, 2020; Hristova et al., 2024). Given that norms and 
values vary across cultures and countries, it is imperative to integrate 
cross-cultural perspectives into AI alignment efforts.

Despite many individual findings on specific topics, our work sug-
gests at a higher level that Germans exhibit a more cautious and 
risk-aware attitude towards AI, while the Chinese public demonstrates 
greater optimism, likely influenced by cultural and governmental fac-
tors. Understanding these differences—both for individual use cases 
and implications as well as the more general perspective—is crucial 
to better account for the varied norms, values, and ethical frameworks 
that shape human–AI interactions globally. Such insights could enhance 
the adaptability, relevance, inclusivity, and fairness of AI systems across 
different societal contexts, fostering more equitable and sustainable AI 
integration worldwide.

Effective alignment and public engagement strategies must consider 
these cultural differences to address specific concerns and promote 
responsible AI development tailored to each context (Globig et al., 
2024; Kelley et al., 2021; O’Shaughnessy et al., 2022). Additionally, 
these cross-cultural findings can foster a better mutual understanding 
and strengthen international collaboration, enabling more effective and 
culturally sensitive approaches to AI integration and governance.

3 Over 6414 evaluations of the statements have been captured and thus 
over 1200 evaluations per dimension.
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Table 5
Question items from the survey and average responses to each item from Chinese (N=58) and German (N=52) participants ordered by the difference in attributed 
value.
 Expectation Perceived risk Perceived benefit Attributed value
 In 10 years, AI. . . M China M German M China M German M China M German M China M German
 decides on hiring, promotions, and terminations. −37.5% 52.8% 16.7% 38.5% −8.3% 12.8% −20.8% −15.4%
 prefers certain groups of people. −23.3% 63.0% −3.7% 45.8% −16.7% −55.6% 20.8% −55.6%
 decides who gets an important financial loan. −23.8% 57.6% −19.0% 27.3% 62.5% −21.2% 23.8% −27.3%
 autonomously takes off, flies, and lands airplanes. 0.0% 77.8% 21.4% −11.1% 40.5% 33.3% 40.5% 22.2%
 is humorous. −37.5% 29.6% −28.6% −74.1% 50.0% 11.1% 50.0% 37.0%
 teaches students. −11.1% 52.4% −7.4% 9.5% 40.7% 33.3% 0.0% 4.8%
 can recreate itself. −29.2% 28.6% 25.0% 38.1% −16.7% 23.8% 8.3% 0.0%
 creates valuable works of art that are traded for money. 9.5% 63.0% 0.0% −33.3% 16.7% −18.5% 20.5% 0.0%
 advises me in uncertain times. −2.2% 50.0% −17.8% 0.0% 8.9% 54.2% 31.1% 25.0%
 serves as a conversation partner in elderly care. 4.8% 55.6% −33.3% −22.2% 38.1% 55.6% 61.9% 11.1%
 carries out medical diagnoses. 26.7% 75.0% −10.0% 16.7% 60.0% 41.7% 53.3% 45.8%
 explains its decisions. 21.2% 66.7% 6.1% −33.3% 18.2% 83.3% 33.3% 75.0%
 decides on medical treatments. 0.0% 45.5% 20.0% 36.4% 23.3% 36.4% 30.0% 15.2%
 increases social justice. −2.6% 41.7% 10.3% 83.3% 17.9% 8.3% 30.8% −16.7%
 has the ability to recognize, understand and empathize with emotions. −16.7% 26.7% 0.0% 13.3% 4.2% −6.7% 20.8% −6.7%
 improves the security of people. 23.8% 61.1% 7.7% 11.1% 26.2% 38.9% 35.7% 33.3%
 can no longer be controlled by humans. −37.0% 0.0% 6.7% 70.4% −13.3% −55.6% −3.7% −66.7%
 determines warfare. −13.3% 22.9% 37.0% 71.1% 22.2% −18.8% −33.3% −60.4%
 knows my secrets. 30.6% 66.7% 2.8% 66.7% 9.1% −86.7% 16.7% −100.0%
 promotes innovation. 45.8% 81.0% −12.5% −4.8% 33.3% 71.4% 37.5% 52.4%
 is more intelligent than humans. 6.7% 38.5% 40.0% 15.4% 0.0% 43.6% −6.7% 10.3%
 improves our health. 39.4% 70.8% −21.2% 4.2% 30.3% 58.3% 39.4% 54.2%
 determines the construction and infrastructure of our cities. 2.8% 33.3% −8.3% −38.9% 41.7% 38.9% 22.2% 38.9%
 independently drives automobiles. 47.2% 77.8% 0.0% 0.0% 38.5% 47.2% 46.2% 36.1%
 independently writes news. 0.0% 30.3% 12.1% 18.2% 0.0% −24.2% 10.0% −36.4%
 controls food production. 23.3% 53.3% −40.0% −6.7% 50.0% 46.7% 39.4% 23.3%
 threatens my private future. −22.2% 6.7% −18.5% 20.0% 25.0% −46.7% −7.4% −60.0%
 divides society. 4.8% 27.3% −28.6% 30.3% −19.0% −48.5% −4.8% −60.0%
 threatens my professional future. −33.3% −12.5% 9.5% −4.2% 28.6% −12.5% 9.5% −33.3%
 increases the wealth of many people. 24.2% 44.4% −9.1% 11.1% 56.7% 38.9% 63.6% 22.2%
 makes political decisions. −41.7% −22.2% 20.8% 59.3% 29.2% −7.4% 12.5% −40.7%
 makes independent decisions that affect our lives. 11.1% 26.2% 11.1% 42.9% 37.5% −14.3% 33.3% −23.8%
 has its own consciousness. −36.4% −22.2% 13.3% 11.1% 15.2% 44.4% −6.1% 33.3%
 determines our leisure time activities. 23.3% 37.0% −20.0% −10.0% 30.0% −7.4% 26.7% −16.7%
 can optimize itself. 9.5% 22.2% −14.3% 11.1% 61.9% 33.3% 28.6% 11.1%
 leads to personal loneliness. −4.2% 8.3% −12.5% 16.7% 12.5% −33.3% 16.7% −33.3%
 controls what and how we learn. 8.3% 20.8% 2.8% −4.2% 15.2% 25.0% 11.1% 8.3%
 becomes part of the human body. 25.5% 37.5% 13.7% 33.3% 43.8% 33.3% 50.0% −33.3%
 has a sense of responsibility. −19.0% −9.5% −23.1% 19.0% 15.2% 42.9% 17.9% 9.5%
 prevents crimes. 25.9% 33.3% −11.1% 50.0% 40.7% 41.7% 25.9% 4.2%
 controls our search for partners. 29.2% 33.3% 16.7% −44.4% 16.7% 33.3% 8.3% 0.0%
 is always subordinate to us in working life. 5.6% 5.6% −33.3% 5.6% 46.7% 16.7% 55.6% 22.2%
 acts according to moral concepts. −6.7% −7.4% 13.3% 77.8% 6.7% 18.5% 6.7% 3.7%
 learns faster than humans. 60.6% 57.1% −13.9% 4.8% 48.5% 81.0% 44.4% 28.6%
 raises our standard of living. 70.8% 66.7% 0.0% −33.3% 57.1% 71.4% 71.4% 28.6%
 controls hybrids of humans and technology. −2.0% −6.7% 19.6% 13.3% 15.7% 6.7% 11.8% −3.3%
 is influenced by an elite. 52.4% 47.1% 35.9% 54.9% 15.4% −29.4% −7.7% −35.3%
 supervises our private life. 63.3% 57.6% 40.0% 72.7% −37.0% −18.2% −25.0% −63.6%
 supervises our behavior in public. 64.1% 55.6% 23.1% 27.8% 41.0% 22.2% 2.6% −27.8%
 is misused by criminals. 55.6% 46.7% 100.0% 40.0% −25.0% −20.0% −50.0% −46.7%
 is ahead of humans in its abilities. 29.2% 20.0% 7.4% −26.7% 25.9% 44.4% 12.5% 6.7%
 is a family member. 0.0% −13.3% −3.7% 0.0% 37.0% −33.3% 20.0% −13.3%
 creates many jobs. 5.6% −8.3% −22.2% −38.9% 20.0% 50.0% 33.3% 47.2%
 contributes to solving complex social problems. −7.7% −22.2% −7.7% 27.8% 15.4% −22.2% 33.3% −16.7%
 supports me as a helper in my tasks. 63.6% 47.6% −30.0% −33.3% 46.7% 42.9% 60.0% 47.6%
 considers humans as a threat. −22.9% −40.7% 6.2% 40.7% −8.9% −51.9% 2.2% −70.4%
 runs companies. 0.0% −18.5% 16.7% 40.7% −8.3% −11.1% 8.3% −55.6%
 administers justice in legal matters. −9.5% −30.3% 0.0% 51.5% 0.0% −21.2% 28.6% −54.5%
 knows everything about me. 20.0% −4.8% 16.7% 52.4% 16.7% −33.3% −6.7% −33.3%
 controls what messages we receive. 38.5% 8.3% 35.7% 44.4% −14.3% −33.3% −17.9% −50.0%
 occupies leadership positions in working life. 6.7% −25.0% 13.3% 50.0% 13.3% 0.0% 3.3% −66.7%
 reduces our need for interpersonal relationships. 18.5% −14.3% 18.5% 38.9% 7.4% −52.4% −11.1% −61.9%
 makes society lazy. 33.3% 0.0% 0.0% 33.3% 36.1% 0.0% 19.4% −33.3%
 conducts international diplomacy. 0.0% −33.3% 16.7% 33.3% 0.0% 16.7% 11.1% −33.3%
 destroys humanity. −19.0% −54.2% 14.3% −20.8% −28.6% −20.8% −4.8% −37.5%
 is omniscient. 0.0% −36.1% −4.2% 16.7% 28.6% 12.1% 25.0% −2.8%
 (continued on next page)

https://osf.io/cpk97/


P. Brauner et al. Acta Psychologica 268 (2026) 107094 
Table 5 (continued).
 Expectation Perceived risk Perceived benefit Attributed value
 In 10 years, AI. . . M China M German M China M German M China M German M China M German
 destroys many jobs. 52.8% 16.7% 25.0% 44.4% 0.0% −27.8% 5.6% −38.9%
 independently writes scientific articles. 54.5% 11.9% 3.0% −2.4% 15.2% 45.2% 30.3% 19.0%
 decides about our death. −14.8% −63.3% 23.3% 40.0% 25.9% −63.0% 6.7% −83.3%
 makes our society more sustainable. 45.5% −6.7% −27.3% −40.0% 60.6% 46.7% 63.6% 36.7%
 helps us to have better relationships. 37.5% −14.8% −12.5% −11.1% 37.5% 7.4% 20.8% −22.2%

 Average 11.9% 22.2% 3.5% 18.4% 21.5% 7.1% 19.7% −11.9%

Note: Measured on 6 point Likert scales and rescaled to −100% to +100%. Negative values indicate a negative evaluation of the respective dimension (i.g., low attributed value, 
low perceived risk, low perceived benefit, or low expectancy) and positive values indicate a high evaluation. Permission to translate, use, and adapt the items is, of course, granted, 
provided proper citation.
References

Acemoglu, Daron, & Restrepo, Pascual (2017). The race between machine and man. 
American Economic Review, 108(6), 1488–1542. http://dx.doi.org/10.3386/w22252.

Alhakami, Ali Siddiq, & Slovic, Paul (1994). A psychological study of the in-
verse relationship between perceived risk and perceived benefit. Risk Analysis, 
[ISSN: 1539-6924] 14(6), 1085–1096. http://dx.doi.org/10.1111/j.1539-6924.
1994.tb00080.x.

Amunts, Katrin, Axer, Markus, Banerjee, Swati, Bitsch, Lise, Bjaalie, Jan G., 
Brauner, Philipp, Brovelli, Andrea, Calarco, Navona, Carrere, Marcel, 
Caspers, Svenja, Charvet, Christine J., Cichon, Sven, Cools, Roshan, 
Costantini, Irene, D’Angelo, Egidio Ugo, De Bonis, Giulia, Deco, Gustavo, 
DeFelipe, Javier, Destexhe, Alain, .... Zaborszky, Laszlo (2024). The coming decade 
of digital brain research: a vision for neuroscience at the intersection of technology 
and computing. Imaging Neuroscience, [ISSN: 2837-6056] 2(October 2023), 1–35. 
http://dx.doi.org/10.1162/imag_a_00137.

Araujo, Theo, Helberger, Natali, Kruikemeier, Sanne, & de Vreese, Claes H. (2020). In ai 
we trust? perceptions about automated decision-making by artificial intelligence. AI 
& SOCIETY, [ISSN: 1435-5655] 35(3), 611–623. http://dx.doi.org/10.1007/s00146-
019-00931-w.

Arning, Katrin, van Heek, Julia Offermann, Sternberg, André, Bardow, André, & 
Ziefle, Martina (2020). Risk-benefit perceptions and public acceptance of carbon 
capture and utilization. Environmental Innovation and Societal Transitions, [ISSN: 
2210-4224] 35, 292–308. http://dx.doi.org/10.1016/j.eist.2019.05.003.

Aven, Terje, & Renn, Ortwin (2009). On risk defined as an event where the outcome 
is uncertain. Journal of Risk Research, [ISSN: 1466-4461] 12(1), 1–11. http://dx.
doi.org/10.1080/13669870802488883.

Awad, Edmond, Dsouza, Sohan, Kim, Richard, Schulz, Jonathan, Henrich, Joseph, 
Shariff, Azim, Bonnefon, Jean-François, & Rahwan, Iyad (2018). The moral machine 
experiment. Nature, [ISSN: 0028-0836] 1. http://dx.doi.org/10.1038/s41586-018-
0637-6.

Barnes, Aaron J., Zhang, Yuanyuan, & Valenzuela, Ana (2024). Ai and culture: 
Culturally dependent responses to ai systems. Current Opinion in Psychology, [ISSN: 
2352-250X] 58, Article 101838. http://dx.doi.org/10.1016/j.copsyc.2024.101838.

Bernoulli, Jakob I (1713). Ars conjectandi.
Bostrom, Nick (2003). Superintelligence: paths, dangers, strategies. Oxford University 

Press.
Bozkurt, Veysel, & Gursoy, Dogan (2023). The artificial intelligence paradox: Opportu-

nity or threat for humanity?. International Journal of Human–Computer Interaction, 
[ISSN: 1532-7590] 1–14. http://dx.doi.org/10.1080/10447318.2023.2297114.

Brauner, Philipp (2024). Mapping acceptance: micro scenarios as a dual-perspective 
approach for assessing public opinion and individual differences in technology 
perception. Frontiers in Psychology, [ISSN: 1664-1078] 15, http://dx.doi.org/10.
3389/fpsyg.2024.1419564.

Brauner, Philipp, Dalibor, Manuela, Jarke, Matthias, Kunze, Ike, Koren, István, 
Lakemeyer, Gerhard, Liebenberg, Martin, Michael, Judith, Pennekamp, Jan, 
Quix, Christoph, Rumpe, Bernhard, van der Aalst, Wil, Wehrle, Klaus, Wort-
mann, Andreas, & Ziefle, Martina (2022). A computer science perspective on 
digital transformation in production. ACM Transactions on Internet of Things, [ISSN: 
2691-1914] 3(2), 1–32. http://dx.doi.org/10.1145/3502265.

Brauner, Philipp, Glawe, Felix, Liehner, Gian Luca, Vervier, Luisa, & Ziefle, Martina 
(2025). Mapping public perception of artificial intelligence: Expectations, risk–
benefit tradeoffs, and value as determinants for societal acceptance. Technological 
Forecasting and Social Change, [ISSN: 0040-1625] 220, Article 124304. http://dx.
doi.org/10.1016/j.techfore.2025.124304.

Brauner, Philipp, Hick, Alexander, Philipsen, Ralf, & Ziefle, Martina (2023). What does 
the public think about artificial intelligence?—a criticality map to understand bias 
in the public perception of AI. Frontiers in Computer Science, [ISSN: 2624-9898] 5, 
http://dx.doi.org/10.3389/fcomp.2023.1113903.

Brühlmann, Florian, Petralito, Serge, Lena, F.  Aeschbach, & Opwis, Klaus (2020). 
The quality of data collected online: An investigation of careless responding in a 
crowdsourced sample. Methods in Psychology, [ISSN: 2590-2601] 2, Article 100022. 
http://dx.doi.org/10.1016/j.metip.2020.100022.

Brynjolfsson, Erik, & McAfee, Andrew (2014). The second machine age: work, progress, 
and prosperity in a time of Brilliant technologies. New York.
15 
Busch, Felix, Hoffmann, Lena, Truhn, Daniel, Ortiz-Prado, Esteban, Makowski, Mar-
cus R., Bressem, Keno K., & Adams, Lisa C. (2023). Medical students’ perceptions to-
wards artificial intelligence in education and practice: a multinational, multicenter 
cross-sectional study. http://dx.doi.org/10.1101/2023.12.09.23299744.

Castelo, Noah, & Adrian, F.  Ward (2021). Conservatism predicts aversion to consequen-
tial artificial intelligence. PLOS ONE, [ISSN: 1932-6203] 16(12), Article e0261467. 
http://dx.doi.org/10.1371/journal.pone.0261467.

Cath, Corinne (2018). Governing artificial intelligence: ethical, legal and technical 
opportunities and challenges. Philosophical Transactions of the Royal Society A: 
Mathematical, Physical and Engineering Sciences, [ISSN: 1471-2962] 376(2133), 
Article 20180080. http://dx.doi.org/10.1098/rsta.2018.0080.

Cave, Stephen, Coughlan, Kate, & Dihal, Kanta (2019). Scary robots: examining public 
responses to ai. In Proceedings of the 2019 AAAI/ACM conference on AI, ethics, and 
society. New York: ACM, http://dx.doi.org/10.1145/3306618.3314232.

Chen, Lijia, Chen, Pingping, & Lin, Zhijian (2020). Artificial intelligence in education: 
A review. IEEE Access, 8, 75264–75278. http://dx.doi.org/10.1109/ACCESS.2020.
2988510.

Chen, Tao, Ran, Longya, & Gao, Xian (2019). Ai innovation for advancing public 
service, the case of china’s first administrative approval bureau. In Proceedings of 
the 20th annual international conference on digital government research, dg.o 2019 (pp. 
100–108). ACM, http://dx.doi.org/10.1145/3325112.3325243.

Chen, Yi-Ning Katherine, & Wen, Chia-Ho Ryan (2020). Impacts of attitudes toward gov-
ernment and corporations on public trust in artificial intelligence. Communication 
Studies, [ISSN: 1745-1035] 72(1), 115–131. http://dx.doi.org/10.1080/10510974.
2020.1807380.

Chow, Gregory C. (1960). Tests of equality between sets of coefficients in two linear 
regressions. Econometrica, 28(3), http://dx.doi.org/10.2307/1910133.

Connor, Melanie, & Siegrist, Michael (2010). Factors influencing people’s acceptance 
of gene technology: The role of knowledge, health expectations, naturalness, and 
social trust. Science Communication, [ISSN: 1552-8545] 32(4), 514–538. http://dx.
doi.org/10.1177/1075547009358919.

Cui, Di, & Wu, Fang (2019). The influence of media use on public perceptions of artifi-
cial intelligence in China: Evidence from an online survey. Information Development, 
[ISSN: 1741-6469] 37(1), 45–57. http://dx.doi.org/10.1177/0266666919893411.

Dang, Qinpu, & Li, Guiquan (2025). Unveiling trust in ai: the interplay of antecedents, 
consequences, and cultural dynamics. AI & SOCIETY, [ISSN: 1435-5655] http:
//dx.doi.org/10.1007/s00146-025-02477-6.

Diakopoulos, Nicholas (2019). Automating the news: how algorithms are rewriting the 
media. Harvard University Press, ISBN: 9780674976986.

Dong, Mengchen, Conway, Jane Rebecca, Bonnefon, Jean-François, Shariff, Azim, & 
Rahwan, Iyad (2024). Fears about artificial intelligence across 20 countries and 
six domains of application. American Psychologist, [ISSN: 0003-066X] http://dx.doi.
org/10.1037/amp0001454.

Dumbach, Philipp, Liu, Ruining, Jalowski, Max, & Eskofier, Bjoern M (2021). The 
adoption of artificial intelligence in smes-a cross-national comparison in german 
and chinese healthcare. In BIR workshops (pp. 84–98).

Efendić, Emir, Chandrashekar, Subramanya Prasad, Lee, Cheong Shing, Yeung, Lok Yan, 
Kim, Min Ji, Lee, Ching Yee, & Feldman, Gilad (2021). Risky Therefore Not 
Beneficial: Replication and Extension of Finucane et al.’s (2000) Affect Heuristic 
Experiment. 13, (7), (pp. 1173–1184). [ISSN: 1948-5514] http://dx.doi.org/10.
1177/19485506211056761, 

Espig, Aline, Mazzini, Igor Tairan, Zimmermann, Clarice, & de Carvalho, Luciano Castro 
(2022). National culture and innovation: a multidimensional analysis. Innovation & 
Management Review, 19(4), http://dx.doi.org/10.1108/INMR-09-2020-0121.

Fast, Ethan, & Horvitz, Eric Long-term trends in the public perception of artificial 
intelligence. In Proceedings of the AAAI conference on artificial intelligence: vol. 31, 
(p. 2017). [ISSN: 2159-5399] http://dx.doi.org/10.1609/aaai.v31i1.10635.

Finucane, Melissa L., Alhakami, Ali, Slovic, Paul, & Johnson, Stephen M. (2000). 
The affect heuristic in judgments of risks and benefits. Journal of Behavioral 
Decision Making, [ISSN: 1099-0771] 13(1), 1–17. http://dx.doi.org/10.1002/(sici)
1099-0771(200001/03)13:1<1::aid-bdm333>3.0.co;2-s.

Fischhoff, Baruch (2015). The realities of risk-cost–benefit analysis. Science, [ISSN: 
10959203] 350(6260), http://dx.doi.org/10.1126/science.aaa6516.

http://dx.doi.org/10.3386/w22252
http://dx.doi.org/10.1111/j.1539-6924.1994.tb00080.x
http://dx.doi.org/10.1111/j.1539-6924.1994.tb00080.x
http://dx.doi.org/10.1111/j.1539-6924.1994.tb00080.x
http://dx.doi.org/10.1162/imag_a_00137
http://dx.doi.org/10.1007/s00146-019-00931-w
http://dx.doi.org/10.1007/s00146-019-00931-w
http://dx.doi.org/10.1007/s00146-019-00931-w
http://dx.doi.org/10.1016/j.eist.2019.05.003
http://dx.doi.org/10.1080/13669870802488883
http://dx.doi.org/10.1080/13669870802488883
http://dx.doi.org/10.1080/13669870802488883
http://dx.doi.org/10.1038/s41586-018-0637-6
http://dx.doi.org/10.1038/s41586-018-0637-6
http://dx.doi.org/10.1038/s41586-018-0637-6
http://dx.doi.org/10.1016/j.copsyc.2024.101838
http://refhub.elsevier.com/S0001-6918(26)00895-4/sb9
http://refhub.elsevier.com/S0001-6918(26)00895-4/sb10
http://refhub.elsevier.com/S0001-6918(26)00895-4/sb10
http://refhub.elsevier.com/S0001-6918(26)00895-4/sb10
http://dx.doi.org/10.1080/10447318.2023.2297114
http://dx.doi.org/10.3389/fpsyg.2024.1419564
http://dx.doi.org/10.3389/fpsyg.2024.1419564
http://dx.doi.org/10.3389/fpsyg.2024.1419564
http://dx.doi.org/10.1145/3502265
http://dx.doi.org/10.1016/j.techfore.2025.124304
http://dx.doi.org/10.1016/j.techfore.2025.124304
http://dx.doi.org/10.1016/j.techfore.2025.124304
http://dx.doi.org/10.3389/fcomp.2023.1113903
http://dx.doi.org/10.1016/j.metip.2020.100022
http://refhub.elsevier.com/S0001-6918(26)00895-4/sb17
http://refhub.elsevier.com/S0001-6918(26)00895-4/sb17
http://refhub.elsevier.com/S0001-6918(26)00895-4/sb17
http://dx.doi.org/10.1101/2023.12.09.23299744
http://dx.doi.org/10.1371/journal.pone.0261467
http://dx.doi.org/10.1098/rsta.2018.0080
http://dx.doi.org/10.1145/3306618.3314232
http://dx.doi.org/10.1109/ACCESS.2020.2988510
http://dx.doi.org/10.1109/ACCESS.2020.2988510
http://dx.doi.org/10.1109/ACCESS.2020.2988510
http://dx.doi.org/10.1145/3325112.3325243
http://dx.doi.org/10.1080/10510974.2020.1807380
http://dx.doi.org/10.1080/10510974.2020.1807380
http://dx.doi.org/10.1080/10510974.2020.1807380
http://dx.doi.org/10.2307/1910133
http://dx.doi.org/10.1177/1075547009358919
http://dx.doi.org/10.1177/1075547009358919
http://dx.doi.org/10.1177/1075547009358919
http://dx.doi.org/10.1177/0266666919893411
http://dx.doi.org/10.1007/s00146-025-02477-6
http://dx.doi.org/10.1007/s00146-025-02477-6
http://dx.doi.org/10.1007/s00146-025-02477-6
http://refhub.elsevier.com/S0001-6918(26)00895-4/sb29
http://refhub.elsevier.com/S0001-6918(26)00895-4/sb29
http://refhub.elsevier.com/S0001-6918(26)00895-4/sb29
http://dx.doi.org/10.1037/amp0001454
http://dx.doi.org/10.1037/amp0001454
http://dx.doi.org/10.1037/amp0001454
http://refhub.elsevier.com/S0001-6918(26)00895-4/sb31
http://refhub.elsevier.com/S0001-6918(26)00895-4/sb31
http://refhub.elsevier.com/S0001-6918(26)00895-4/sb31
http://refhub.elsevier.com/S0001-6918(26)00895-4/sb31
http://refhub.elsevier.com/S0001-6918(26)00895-4/sb31
http://dx.doi.org/10.1177/19485506211056761
http://dx.doi.org/10.1177/19485506211056761
http://dx.doi.org/10.1177/19485506211056761
http://dx.doi.org/10.1108/INMR-09-2020-0121
http://dx.doi.org/10.1609/aaai.v31i1.10635
http://dx.doi.org/10.1002/(sici)1099-0771(200001/03)13:1<1::aid-bdm333>3.0.co;2-s
http://dx.doi.org/10.1002/(sici)1099-0771(200001/03)13:1<1::aid-bdm333>3.0.co;2-s
http://dx.doi.org/10.1002/(sici)1099-0771(200001/03)13:1<1::aid-bdm333>3.0.co;2-s
http://dx.doi.org/10.1126/science.aaa6516


P. Brauner et al. Acta Psychologica 268 (2026) 107094 
Fogg, B J, & Tseng, Hsiang (1999). The elements of computer credibility. In Proceedings 
of the SIGCHI conference on human factors in computing systems (pp. 80–87). New 
York, NY, USA: ACM, ISBN: 0-201-48559-1, http://dx.doi.org/10.1145/302979.
303001.

Fuchs, Christoph, & Diamantopoulos, Adamantios (2009). Using single-item measures 
for construct measurement in management research – conceptual issues and 
application guidelines. Die Betriebswirtschaft, 9.

Gabriel, Iason (2020). Artificial intelligence, values and alignment. Minds and Machines, 
[ISSN: 1572-8641] 30(3), 411–437. http://dx.doi.org/10.1007/s11023-020-09539-
2.

Gefen, David, & Larsen, Kai (2017). Controlling for lexical closeness in survey research: 
A demonstration on the technology acceptance model. Journal of the Association 
for Information Systems, [ISSN: 1536-9323] 18(10), 727–757. http://dx.doi.org/10.
17705/1jais.00469.

Gillespie, Nicole, Lockey, Steven, Curtis, Caitlin, Pool, Javad, & Akbari, Ali (2023). Trust 
in artificial intelligence: a global study. http://dx.doi.org/10.14264/00d3c94.

Globig, L. K., Xu, R., Rathje, S., & Bavel, J. J.  Van (2024). Perceived (mis)alignment in 
generative artificial intelligence varies across cultures. http://dx.doi.org/10.31234/
osf.io/suqa2, Preprint.

Goodfellow, Ian, Bengio, Yoshua, & Courville, Aaron (2016). Deep learning. MIT Press, 
http://www.deeplearningbook.org.

Grassini, Simone, & Ree, Alexander Sævild (2023). Hope or doom ai-ttitude? examining 
the impact of gender, age, and cultural differences on the envisioned future impact 
of artificial intelligence on humankind. In Proceedings of the European conference 
on cognitive ergonomics 2023 (pp. 1–7). ACM, http://dx.doi.org/10.1145/3605655.
3605669.

Guo, Zongtian, & Cugurullo, Federico (2023). AI doctors or AI for doctors? 
(pp. 307–321). Routledge, ISBN: 9781003365877, http://dx.doi.org/10.4324/
9781003365877-23.

Hälterlein, Jens (2024). Imagining and governing artificial intelligence: the ordoliberal 
way—an analysis of the national strategy ‘ai made in Germany’. AI & SOCIETY, 
1–12.

Hoffmann, Arvid O. I., Post, Thomas, & Pennings, Joost M. E. (2015). How investor 
perceptions drive actual trading and risk-taking behavior. Journal of Behavioral 
Finance, [ISSN: 1542-7579] 16(1), 94–103. http://dx.doi.org/10.1080/15427560.
2015.1000332.

Hofstede, Geert (1984). Cultural dimensions in management and planning. Asia Pacific 
Journal of Management, [ISSN: 02174561] 1(2), 81–99. http://dx.doi.org/10.1007/
BF01733682.

Holzinger, Andreas, Fister, Iztok, Kaul, Hans-Peter, & Asseng, Senthold (2024). 
Human-centered ai in smart farming: Toward agriculture 5.0. IEEE Access, [ISSN: 
2169-3536] 12, 62199–62214. http://dx.doi.org/10.1109/access.2024.3395532.

Hristova, Tsvetelina, Magee, Liam, & Soldatic, Karen (2024). The problem of alignment. 
AI & SOCIETY, [ISSN: 1435-5655] http://dx.doi.org/10.1007/s00146-024-02039-2.

Hu, Krystal (2023). Chatgpt sets record for fastest-growing user base. https:
//www.reuters.com/technology/chatgpt-sets-record-fastest-growing-user-base-
analyst-note-2023-02-01. (last Accessed 01 October 2024).

Ipsos (2022). Global attitudes towards artificial intelligence: Ipsos Report.
Jan, Jeffy, Khaled, A.  Alshare, & Lane, Peggy L. (2022). Hofstede’s cultural dimensions 

in technology acceptance models: a meta-analysis. Universal Access in the Information 
Society, [ISSN: 1615-5297] 23(2), 717–741. http://dx.doi.org/10.1007/s10209-022-
00930-7.

Kelley, Patrick Gage, Yang, Yongwei, Heldreth, Courtney, Moessner, Christopher, 
Sedley, Aaron, Kramm, Andreas, David, T.  Newman, & Woodruff, Allison (2021). 
Exciting and useful, worrying futuristic: Public perception of artificial intelligence 
in 8 countries.. In Proceedings of the 2021 AAAI/ACM conference on AI, ethics, and 
society. ACM, http://dx.doi.org/10.1145/3461702.3462605.

Kim, Hee-Woong, Chan, Hock Chuan, & Gupta, Sumeet (2007). Value-based adoption 
of mobile internet: an empirical investigation. Decision Support Systems, [ISSN: 
0167-9236] 43(1), 111–126. http://dx.doi.org/10.1016/j.dss.2005.05.009.

Kostka, Genia, Steinacker, Léa, & Meckel, Miriam (2021). Between security and con-
venience: Facial recognition technology in the eyes of citizens in China, Germany, 
the United Kingdom, and the United States. Public Understanding of Science, [ISSN: 
1361-6609] 30(6), 671–690. http://dx.doi.org/10.1177/09636625211001555.

Lee, John D, & See, Katrina A (2004). Trust in automation: Designing for appropriate 
reliance. Human Factors, [ISSN: 0018-7208] 46(1), 50–80. http://dx.doi.org/10.
1518/hfes.46.1.50.30392.

Leiner, Dominik Johannes (2019). Too fast, too straight too weird: Non-reactive 
indicators for meaningless data in internet surveys. Survey Research Methods, 13(3), 
229–248. http://dx.doi.org/10.18148/srm/2019.v13i3.7403.

Leschanowsky, Anna, Rech, Silas, Popp, Birgit, & öm, Tom Bäckstr (2024). Evaluating 
privacy, security and trust perceptions in conversational ai: A systematic review. 
Computers in Human Behavior, [ISSN: 0747-5632] 159, Article 108344. http://dx.
doi.org/10.1016/j.chb.2024.108344.

Luhmann, Niklas (1989). Ecological communication. University of Chicago Press.
Makridakis, Spyros (2017). The forthcoming artificial intelligence (ai) revolution: Its 

impact on society and firms. Futures, [ISSN: 0016-3287] 90, 46–60. http://dx.doi.
org/10.1016/j.futures.2017.03.006.

McCarthy, John, Marvin, L.  Minsky, Rochester, Nathaniel, & Shannon, Claude E. 
(2006). A proposal for the dartmouth summer research project on artificial 
intelligence. AI Magazine, [ISSN: 07384602] 27(4), 12–14.
16 
Meyer-Waarden, Lars, Cloarec, Julien, Adams, Carolin, Aliman, Dorothea Nilusha, & 
Wirth, Virginie (2022). Home, sweet home: How well-being shapes the adoption of 
artificial intelligence-powered apartments in smart cities. Systèmes d’information & 
management, [ISSN: 1260-4984] 26(4), 55–88. http://dx.doi.org/10.3917/sim.214.
0055.

Moravec, Vaclav, Hynek, Nik, Gavurova, Beata, & Kubak, Matus (2024). Everyday 
artificial intelligence unveiled: Societal awareness of technological transformation. 
Oeconomia Copernicana, [ISSN: 2083-1277] 15(2), 367–406. http://dx.doi.org/10.
24136/oc.2961.

Neyer, Franz J., Felber, Juliane, & Gebhardt, Claudia (2016). Kurzskala technikbere-
itschaft (tb, technology commitment) zusammenstellung sozialwissenschaftlicher 
items und skalen (zis). http://dx.doi.org/10.6102/ZIS244.

Nießen, D., Beierlein, C., Rammstedt, B., & Lechner, C. M. (2021). Interpersonal trust 
short scale (kusiv3), zis - the collection of items and scales for the social sciences. 
http://dx.doi.org/10.6102/ZIS292_EXZ.

Nießen, D., Groskurth, K., Rammstedt, B., & Lechner, C. M. (2020). Risk proneness 
short scale (r-1) zis - the collection of items and scales for the social sciences. 
http://dx.doi.org/10.6102/ZIS286.

O’Neil, Cathy (2016). Weapons of math destruction: how big data increases inequality and 
threatens democracy. USA: Crown Publishing Group, ISBN: 0553418815.

O’Shaughnessy, Matthew R, Schiff, Daniel S, Varshney, Lav R, Rozell, Christopher J, & 
Davenport, Mark A (2022). What governs attitudes toward artificial intelligence 
adoption and governance?. Science and Public Policy, [ISSN: 1471-5430] 50(2), 
161–176. http://dx.doi.org/10.1093/scipol/scac056.

Ozkaya, Gokhan, & Demirhan, Ayse (2023). Analysis of countries in terms of artificial 
intelligence technologies: Promethee and gaia method approach. Sustainability, 
[ISSN: 2071-1050] 15(5), 4604. http://dx.doi.org/10.3390/su15054604.

Peterson, Tarla, Peterson, Markus, & Grant, William (2004). Chapter two: Social practice 
and biophysical process. The Environmental Communication Yearbook, 1, 15–32. 
http://dx.doi.org/10.1207/s15567362ecy0101_2.

Pidgeon, Nick, & Fischhoff, Baruch (2011). The role of social and decision sciences in 
communicating uncertain climate risks. Nature Climate Change, [ISSN: 1758-6798] 
1(1), 35–41. http://dx.doi.org/10.1038/nclimate1080.

Qiu, Kuanyong (2024). Decoding ai discourse: Analyzing german and chinese media 
(2018–2023) using machine learning methods. Available At SSRN 4825371.

Qu, Chen, & Kim, Eunyoung (2025). Artificial-intelligence-enabled innovation ecosys-
tems: A novel triple-layer framework for micro, small, and medium-sized enterprises 
in the Chinese apparel-manufacturing industry. Sustainability, [ISSN: 2071-1050] 
17(11), 5019. http://dx.doi.org/10.3390/su17115019.

Rammstedt, Beatrice, & Beierlein, Constanze (2014). Can’t we make it any shorter? the 
limits of personality assessment and ways to overcome them. Journal of Individual 
Differences, [ISSN: 2151-2299] 35(4), 212–220. http://dx.doi.org/10.1027/1614-
0001/a000141.

Recchia, Gabriel, Alexandra, L. J.  Freeman, & Spiegelhalter, David (2021). How well 
did experts and laypeople forecast the size of the covid-19 pandemic?. PLOS ONE, 
[ISSN: 1932-6203] 16(5), Article e0250935. http://dx.doi.org/10.1371/journal.
pone.0250935.

Reeves, Byron, & Nass, Clifford (1996). The Media Equation – How People Treat 
Computers, Television, and New Media Like Real People and Places. Cambridge 
University Press.

Richter, Vanessa, Katzenbach, Christian, & Zeng, Jing (2025). Negotiating ai(s) futures: 
competing imaginaries of ai by stakeholders in the us, china, and germany. Journal 
of Science Communication, [ISSN: 1824-2049] 24(2), http://dx.doi.org/10.22323/2.
24020208.

Rieger, Marc Oliver, Wang, Mei, Massloch, Max, & Reinhardt, Denis (2021). Opinions 
on technology: A cultural divide between east asia and germany?. Review of 
Behavioral Economics, [ISSN: 2326-6201] 8(1), 73–110. http://dx.doi.org/10.1561/
105.00000130.

Roberts, Huw, Cowls, Josh, Morley, Jessica, Taddeo, Mariarosaria, Wang, Vincent, & 
Floridi, Luciano (2021). The Chinese approach to artificial intelligence: an analysis of 
policy, ethics, and regulation. Springer.

Russell, Stuart, & Norvig, Peter (2009). Artificial intelligence: a modern approach (3rd 
ed.). New York, NY, USA: Prentice Hall Press, ISBN: 0136042597.

Schepman, Astrid, & Rodway, Paul (2022). The general attitudes towards artificial 
intelligence scale (gaais): Confirmatory validation and associations with personality, 
corporate distrust, and general trust. International Journal of Human–Computer 
Interaction, [ISSN: 1532-7590] 39(13), 2724–2741. http://dx.doi.org/10.1080/
10447318.2022.2085400.

Schmager, Stefan, Charlotte Husom Grøder, Elena Parmiggiani, Pappas, Ilias, & Vassi-
lakopoulou, Polyxeni (2024). Exploring citizens’ stances on ai in public services: A 
social contract perspective. Data & Policy, 6, Article e19.

Schwartz, Shalom (2006). A theory of cultural value orientations: Explication and 
applications. Comparative Sociology, [ISSN: 1569-1330] 5(2–3), 137–182. http://
dx.doi.org/10.1163/156913306778667357.

Siegrist, Michael, Hartmann, Christina, & Sütterlin, Bernadette (2016). Biased percep-
tion about gene technology: How perceived naturalness and affect distort benefit 
perception. Appetite, [ISSN: 0195-6663] 96, 509–516. http://dx.doi.org/10.1016/j.
appet.2015.10.021.

http://dx.doi.org/10.1145/302979.303001
http://dx.doi.org/10.1145/302979.303001
http://dx.doi.org/10.1145/302979.303001
http://refhub.elsevier.com/S0001-6918(26)00895-4/sb38
http://refhub.elsevier.com/S0001-6918(26)00895-4/sb38
http://refhub.elsevier.com/S0001-6918(26)00895-4/sb38
http://refhub.elsevier.com/S0001-6918(26)00895-4/sb38
http://refhub.elsevier.com/S0001-6918(26)00895-4/sb38
http://dx.doi.org/10.1007/s11023-020-09539-2
http://dx.doi.org/10.1007/s11023-020-09539-2
http://dx.doi.org/10.1007/s11023-020-09539-2
http://dx.doi.org/10.17705/1jais.00469
http://dx.doi.org/10.17705/1jais.00469
http://dx.doi.org/10.17705/1jais.00469
http://dx.doi.org/10.14264/00d3c94
http://dx.doi.org/10.31234/osf.io/suqa2
http://dx.doi.org/10.31234/osf.io/suqa2
http://dx.doi.org/10.31234/osf.io/suqa2
http://www.deeplearningbook.org
http://dx.doi.org/10.1145/3605655.3605669
http://dx.doi.org/10.1145/3605655.3605669
http://dx.doi.org/10.1145/3605655.3605669
http://dx.doi.org/10.4324/9781003365877-23
http://dx.doi.org/10.4324/9781003365877-23
http://dx.doi.org/10.4324/9781003365877-23
http://refhub.elsevier.com/S0001-6918(26)00895-4/sb46
http://refhub.elsevier.com/S0001-6918(26)00895-4/sb46
http://refhub.elsevier.com/S0001-6918(26)00895-4/sb46
http://refhub.elsevier.com/S0001-6918(26)00895-4/sb46
http://refhub.elsevier.com/S0001-6918(26)00895-4/sb46
http://dx.doi.org/10.1080/15427560.2015.1000332
http://dx.doi.org/10.1080/15427560.2015.1000332
http://dx.doi.org/10.1080/15427560.2015.1000332
http://dx.doi.org/10.1007/BF01733682
http://dx.doi.org/10.1007/BF01733682
http://dx.doi.org/10.1007/BF01733682
http://dx.doi.org/10.1109/access.2024.3395532
http://dx.doi.org/10.1007/s00146-024-02039-2
https://www.reuters.com/technology/chatgpt-sets-record-fastest-growing-user-base-analyst-note-2023-02-01
https://www.reuters.com/technology/chatgpt-sets-record-fastest-growing-user-base-analyst-note-2023-02-01
https://www.reuters.com/technology/chatgpt-sets-record-fastest-growing-user-base-analyst-note-2023-02-01
https://www.reuters.com/technology/chatgpt-sets-record-fastest-growing-user-base-analyst-note-2023-02-01
https://www.reuters.com/technology/chatgpt-sets-record-fastest-growing-user-base-analyst-note-2023-02-01
http://refhub.elsevier.com/S0001-6918(26)00895-4/sb52
http://dx.doi.org/10.1007/s10209-022-00930-7
http://dx.doi.org/10.1007/s10209-022-00930-7
http://dx.doi.org/10.1007/s10209-022-00930-7
http://dx.doi.org/10.1145/3461702.3462605
http://dx.doi.org/10.1016/j.dss.2005.05.009
http://dx.doi.org/10.1177/09636625211001555
http://dx.doi.org/10.1518/hfes.46.1.50.30392
http://dx.doi.org/10.1518/hfes.46.1.50.30392
http://dx.doi.org/10.1518/hfes.46.1.50.30392
http://dx.doi.org/10.18148/srm/2019.v13i3.7403
http://dx.doi.org/10.1016/j.chb.2024.108344
http://dx.doi.org/10.1016/j.chb.2024.108344
http://dx.doi.org/10.1016/j.chb.2024.108344
http://refhub.elsevier.com/S0001-6918(26)00895-4/sb60
http://dx.doi.org/10.1016/j.futures.2017.03.006
http://dx.doi.org/10.1016/j.futures.2017.03.006
http://dx.doi.org/10.1016/j.futures.2017.03.006
http://refhub.elsevier.com/S0001-6918(26)00895-4/sb62
http://refhub.elsevier.com/S0001-6918(26)00895-4/sb62
http://refhub.elsevier.com/S0001-6918(26)00895-4/sb62
http://refhub.elsevier.com/S0001-6918(26)00895-4/sb62
http://refhub.elsevier.com/S0001-6918(26)00895-4/sb62
http://dx.doi.org/10.3917/sim.214.0055
http://dx.doi.org/10.3917/sim.214.0055
http://dx.doi.org/10.3917/sim.214.0055
http://dx.doi.org/10.24136/oc.2961
http://dx.doi.org/10.24136/oc.2961
http://dx.doi.org/10.24136/oc.2961
http://dx.doi.org/10.6102/ZIS244
http://dx.doi.org/10.6102/ZIS292_EXZ
http://dx.doi.org/10.6102/ZIS286
http://refhub.elsevier.com/S0001-6918(26)00895-4/sb68
http://refhub.elsevier.com/S0001-6918(26)00895-4/sb68
http://refhub.elsevier.com/S0001-6918(26)00895-4/sb68
http://dx.doi.org/10.1093/scipol/scac056
http://dx.doi.org/10.3390/su15054604
http://dx.doi.org/10.1207/s15567362ecy0101_2
http://dx.doi.org/10.1038/nclimate1080
http://refhub.elsevier.com/S0001-6918(26)00895-4/sb73
http://refhub.elsevier.com/S0001-6918(26)00895-4/sb73
http://refhub.elsevier.com/S0001-6918(26)00895-4/sb73
http://dx.doi.org/10.3390/su17115019
http://dx.doi.org/10.1027/1614-0001/a000141
http://dx.doi.org/10.1027/1614-0001/a000141
http://dx.doi.org/10.1027/1614-0001/a000141
http://dx.doi.org/10.1371/journal.pone.0250935
http://dx.doi.org/10.1371/journal.pone.0250935
http://dx.doi.org/10.1371/journal.pone.0250935
http://refhub.elsevier.com/S0001-6918(26)00895-4/sb77
http://refhub.elsevier.com/S0001-6918(26)00895-4/sb77
http://refhub.elsevier.com/S0001-6918(26)00895-4/sb77
http://refhub.elsevier.com/S0001-6918(26)00895-4/sb77
http://refhub.elsevier.com/S0001-6918(26)00895-4/sb77
http://dx.doi.org/10.22323/2.24020208
http://dx.doi.org/10.22323/2.24020208
http://dx.doi.org/10.22323/2.24020208
http://dx.doi.org/10.1561/105.00000130
http://dx.doi.org/10.1561/105.00000130
http://dx.doi.org/10.1561/105.00000130
http://refhub.elsevier.com/S0001-6918(26)00895-4/sb80
http://refhub.elsevier.com/S0001-6918(26)00895-4/sb80
http://refhub.elsevier.com/S0001-6918(26)00895-4/sb80
http://refhub.elsevier.com/S0001-6918(26)00895-4/sb80
http://refhub.elsevier.com/S0001-6918(26)00895-4/sb80
http://refhub.elsevier.com/S0001-6918(26)00895-4/sb81
http://refhub.elsevier.com/S0001-6918(26)00895-4/sb81
http://refhub.elsevier.com/S0001-6918(26)00895-4/sb81
http://dx.doi.org/10.1080/10447318.2022.2085400
http://dx.doi.org/10.1080/10447318.2022.2085400
http://dx.doi.org/10.1080/10447318.2022.2085400
http://refhub.elsevier.com/S0001-6918(26)00895-4/sb83
http://refhub.elsevier.com/S0001-6918(26)00895-4/sb83
http://refhub.elsevier.com/S0001-6918(26)00895-4/sb83
http://refhub.elsevier.com/S0001-6918(26)00895-4/sb83
http://refhub.elsevier.com/S0001-6918(26)00895-4/sb83
http://dx.doi.org/10.1163/156913306778667357
http://dx.doi.org/10.1163/156913306778667357
http://dx.doi.org/10.1163/156913306778667357
http://dx.doi.org/10.1016/j.appet.2015.10.021
http://dx.doi.org/10.1016/j.appet.2015.10.021
http://dx.doi.org/10.1016/j.appet.2015.10.021


P. Brauner et al. Acta Psychologica 268 (2026) 107094 
Siegrist, Michael, Keller, Carmen, Kastenholz, Hans, Frey, Silvia, & Wiek, Arnim 
(2007). Laypeople’s and experts’ perception of nanotechnology hazards. Risk 
Analysis, [ISSN: 1539-6924] 27(1), 59–69. http://dx.doi.org/10.1111/j.1539-6924.
2006.00859.x.

Sindermann, Cornelia, Yang, Haibo, Elhai, Jon D., Yang, Shixin, Quan, Ling, Li, Mei, & 
Montag, Christian (2022). Acceptance and fear of artificial intelligence: associations 
with personality in a german and a chinese sample. Discover Psychology, [ISSN: 
2731-4537] 2(1), http://dx.doi.org/10.1007/s44202-022-00020-y.

Slovic, Paul (1987). Perception of risk. Science, [ISSN: 0036-8075] 236(4799), 280–285. 
http://dx.doi.org/10.1126/science.3563507.

Slovic, Paul, Fischhoff, Baruch, & Lichtenstein, Sarah (1985). Characterizing perceived 
risk. In Robert W. Kates, Christoph Hohenemser, & Jeanne X. Kasperson (Eds.), 
Perilous progress: managing the hazards of technology (pp. 91–125). Westview Press.

Slovic, Paul, Fischhoff, Baruch, & Lichtenstein, Sarah (1986). The Psychometric Study of 
Risk Perception (pp. 3–24). Springer US, ISBN: 9781461321033, http://dx.doi.org/
10.1007/978-1-4613-2103-3_1.

Slovic, Paul, Fischhoff, Baruch, & the risks, Sarah Lichtenstein.  Rating (1979). 
Environment: Science and Policy for Sustainable Development, [ISSN: 1939-9154] 
21(3), 14–39. http://dx.doi.org/10.1080/00139157.1979.9933091.

Slovic, Paul, Flynn, James, & Mertz, C. K. (2000). Marc poumadère, and claire 
mays. In Nuclear power and the public: A comparative study of risk perception in 
France and the United States (pp. 55–102). Springer US, ISBN: 9781475748918, 
http://dx.doi.org/10.1007/978-1-4757-4891-8_2.

Spiel, Katta, Oliver, L.  Haimson, & Lottridge, Danielle (2019). How to do better with 
gender on surveys: a guide for hci researchers. Interactions, [ISSN: 1558-3449] 
26(4), 62–65. http://dx.doi.org/10.1145/3338283.

State Council of the People’s Republic of China (2025). Made in China. https://merics.
org/en/report/made-china-2025. (Accessed 29 April 2023).

Statista (2026). Countries with the largest nominal GDP worldwide in 2026. 
URL https://www.statista.com/statistics/268173/countries-with-the-largest-gross-
domestic-product-gdp/ (last Accessed 5 June 2026).

Tortoise Media (2023). Leading 20 artificial intelligence (ai) countries in 2023, by 
research capacity [graph]. URL https://www.statista.com/statistics/1410523/top-
20-ai-countries-by-research-capacity/.

Tsao, Liuxing, Behr-Heyder, Philip Alexander, & Ma, Liang (2015). Preliminary study: 
influence of cultural differences on the innovation process between Chinese and Germans 
(pp. 381–391). Springer International Publishing, ISBN: 9783319209074, http:
//dx.doi.org/10.1007/978-3-319-20907-4_35.
17 
Tuzov, Viktor, & Lin, Fen (2024). Two paths of balancing technology and ethics: a 
comparative study on ai governance in China and Germany. Telecommunications 
Policy, 102850.

Verdurme, Annelies, & Viaene, Jacques (2003). Consumer beliefs and attitude towards 
genetically modified food: Basis for segmentation and implications for communi-
cation. Agribusiness, [ISSN: 1520-6297] 19(1), 91–113. http://dx.doi.org/10.1002/
agr.10045.

Wang, Sai (2025). Public perceptions of artificial intelligence in 20 countries: Assessing 
individual- and country-level factors. Cross-Cultural Research, [ISSN: 1552-3578] 
http://dx.doi.org/10.1177/10693971251336803.

Wang, Yi-Fan, Chen, Yu-Che, Chien, Shih-Yi, & Wang, Pin-Jen (2024). Citizens’ trust 
in ai-enabled government systems. Information Polity, 29(3), 293–312.

Westwood, Sean J. (2025). The potential existential threat of large language models 
to online survey research. Proceedings of the National Academy of Sciences, 122(47), 
Article e2518075122. http://dx.doi.org/10.1073/pnas.2518075122.

Wilkowsk, Wiktoria, Ziefle, Martina, & AlagÖZ, Firat (2012). How user diversity and 
country of origin impact the readiness to adopt e-health technologies: an intercul-
tural comparison. WORK: A Journal of Prevention, Assessment & Rehabilitation, [ISSN: 
1875-9270] 41(S1), 2072–2080. http://dx.doi.org/10.3233/wor-2012-0433-2072.

Witte, Kim, & Allen, Mike (2000). A meta-analysis of fear appeals: Implications for 
effective public health campaigns. Health Education & Behavior, [ISSN: 1552-6127] 
27(5), 591–615. http://dx.doi.org/10.1177/109019810002700506.

Wolfers, Lara, & Baumgartner, Susanne (2025). Short but still valid: validating single-
item measures for key communication science constructs for experience sampling 
research. URL https://osf.io/preprints/psyarxiv/zkwxa_v1.

Xiaoyan, Li, & Segumpan, Reynaldo Gacho (2025). Navigating ai adoption challenges 
in china’s public sector: implications for efficiency and performance. International 
Journal of Academic Research in Business and Social Sciences, [ISSN: 2222-6990] 
15(3), http://dx.doi.org/10.6007/ijarbss/v15-i3/25098.

Xue, Liangyong, Ghazali, Norliza, & Mahat, Jazihan (2025). A systematic review 
of utaut and utaut2 for ai adoption in education. International Journal of 
Human–Computer Interaction, [ISSN: 1532-7590] 1–25. http://dx.doi.org/10.1080/
10447318.2025.2552867.

http://dx.doi.org/10.1111/j.1539-6924.2006.00859.x
http://dx.doi.org/10.1111/j.1539-6924.2006.00859.x
http://dx.doi.org/10.1111/j.1539-6924.2006.00859.x
http://dx.doi.org/10.1007/s44202-022-00020-y
http://dx.doi.org/10.1126/science.3563507
http://refhub.elsevier.com/S0001-6918(26)00895-4/sb89
http://refhub.elsevier.com/S0001-6918(26)00895-4/sb89
http://refhub.elsevier.com/S0001-6918(26)00895-4/sb89
http://refhub.elsevier.com/S0001-6918(26)00895-4/sb89
http://refhub.elsevier.com/S0001-6918(26)00895-4/sb89
http://dx.doi.org/10.1007/978-1-4613-2103-3_1
http://dx.doi.org/10.1007/978-1-4613-2103-3_1
http://dx.doi.org/10.1007/978-1-4613-2103-3_1
http://dx.doi.org/10.1080/00139157.1979.9933091
http://dx.doi.org/10.1007/978-1-4757-4891-8_2
http://dx.doi.org/10.1145/3338283
https://merics.org/en/report/made-china-2025
https://merics.org/en/report/made-china-2025
https://merics.org/en/report/made-china-2025
https://www.statista.com/statistics/268173/countries-with-the-largest-gross-domestic-product-gdp/
https://www.statista.com/statistics/268173/countries-with-the-largest-gross-domestic-product-gdp/
https://www.statista.com/statistics/268173/countries-with-the-largest-gross-domestic-product-gdp/
https://www.statista.com/statistics/1410523/top-20-ai-countries-by-research-capacity/
https://www.statista.com/statistics/1410523/top-20-ai-countries-by-research-capacity/
https://www.statista.com/statistics/1410523/top-20-ai-countries-by-research-capacity/
http://dx.doi.org/10.1007/978-3-319-20907-4_35
http://dx.doi.org/10.1007/978-3-319-20907-4_35
http://dx.doi.org/10.1007/978-3-319-20907-4_35
http://refhub.elsevier.com/S0001-6918(26)00895-4/sb98
http://refhub.elsevier.com/S0001-6918(26)00895-4/sb98
http://refhub.elsevier.com/S0001-6918(26)00895-4/sb98
http://refhub.elsevier.com/S0001-6918(26)00895-4/sb98
http://refhub.elsevier.com/S0001-6918(26)00895-4/sb98
http://dx.doi.org/10.1002/agr.10045
http://dx.doi.org/10.1002/agr.10045
http://dx.doi.org/10.1002/agr.10045
http://dx.doi.org/10.1177/10693971251336803
http://refhub.elsevier.com/S0001-6918(26)00895-4/sb101
http://refhub.elsevier.com/S0001-6918(26)00895-4/sb101
http://refhub.elsevier.com/S0001-6918(26)00895-4/sb101
http://dx.doi.org/10.1073/pnas.2518075122
http://dx.doi.org/10.3233/wor-2012-0433-2072
http://dx.doi.org/10.1177/109019810002700506
https://osf.io/preprints/psyarxiv/zkwxa_v1
http://dx.doi.org/10.6007/ijarbss/v15-i3/25098
http://dx.doi.org/10.1080/10447318.2025.2552867
http://dx.doi.org/10.1080/10447318.2025.2552867
http://dx.doi.org/10.1080/10447318.2025.2552867

	Charting cross-cultural AI perception: An exploratory study of expectations, risk–benefit trade-offs, and values in Germany and China
	Introduction
	Related Work
	Risk Perception and the Psychometric Model
	Public Perception of AI
	Culture, AI and Technology Perception
	Research Questions

	Method
	Capturing Perception of AI using Many Scenarios
	Demographics and Individual Level Differences
	Sample Acquisition
	Data Cleaning and Analysis
	Sample I — China
	Sample II — Germany

	Results
	Differences between the samples in the explanatory variables
	Cross-Cultural Differences in Overall AI Expectations, Risk and Benefit perceptions, and Attributed Values
	Expected likelihood of Occurrence (Expectancy)
	Value Attributed to AI
	Perceived Risks
	Perceived Benefits
	Topic Correlations and the Risk–Benefit Tradeoff
	The Role of Individual Level Differences on the Perception of AI

	Discussion
	Limitations

	Conclusion and Outlook
	CRediT authorship contribution statement
	Consent to participate
	Consent for publication
	Ethics approval
	Declaration of Generative AI and AI-assisted technologies in the writing process
	Funding
	Declaration of competing interest
	Acknowledgments
	Appendix
	Data availability
	References


