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Abstract
As artificial intelligence (AI) becomes increasingly embedded in public and private life, understanding how citizens perceive
its risks, benefits, and regulatory needs is essential. To inform ongoing regulatory efforts such as the European Union’s
proposed AI Act, this study models public attitudes using Bayesian networks learned from the nationally representative
2023 German survey Current Questions on AI. The survey includes variables on AI interest, exposure, perceived threats
and opportunities, awareness of EU regulation, and support for legal restrictions, along with key demographic and political
indicators. We estimate probabilistic models that reveal how personal engagement and techno-optimism shape public
perceptions, and how political orientation and age influence regulatory attitudes. Sobol indices and conditional inference
identify belief patterns and scenario-specific responses across population profiles. We show that awareness of regulation is
driven by information-seeking behavior, while support for legal requirements depends strongly on perceived policy ad-
equacy and political alignment. Our approach offers a transparent, data-driven framework for identifying which public
segments are most responsive to AI policy initiatives, providing insights to inform risk communication and governance
strategies. We illustrate this through a focused analysis of support for AI regulation, quantifying the influence of political
ideology, perceived risks, and regulatory awareness under different scenarios.
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Introduction

Artificial intelligence (AI) is no longer a speculative tech-
nology: it is actively shaping how decisions are made,
services are delivered, and risks are managed across nearly
every domain of life. As AI systems become increasingly
embedded in public infrastructure and private platforms,
questions about how society should govern these technol-
ogies have gained new urgency. At the heart of this debate
lies the public: how individuals perceive the risks and
benefits of AI, how much they trust regulatory institutions,
and whether they support legal constraints. These attitudes
shape not only the democratic legitimacy of AI deployment,
but also the political feasibility of governance
frameworks.1,2 Across Europe and beyond, policymakers
are seeking to balance innovation with accountability, often
amid incomplete or contested public consensus. The

question of how people engage with AI has thus become
central to both empirical research and policy design.3,4

The European Union’s proposed AI Act provides a
timely institutional backdrop. Structured around a tiered,
risk-based approach to regulation,5,6 the Act seeks to pro-
hibit certain applications outright while tightly overseeing
others deemed “high-risk.” Although widely praised for its
ambition, the Act also raises questions about public un-
derstanding and perceived legitimacy.7 Early evidence
suggests that awareness of the regulation is uneven and that
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support varies with individuals’ broader beliefs about AI’s
societal impact, their exposure to information, and political
orientation.8,9 Yet we still lack a coherent framework for
understanding how these factors interact to shape public
attitudes.

Existing research has identified many relevant predictors
of AI-related beliefs, including age, education, ideology, and
trust in institutions.10–12 However, most studies use linear or
additive models that estimate average effects, often over-
looking the conditional relationships among variables and
the underlying structure of belief systems.13,14 As a result,
we know relatively little about how people assemble their
views: how, for example, exposure to information interacts
with techno-optimism or how policy evaluations mediate
support for regulation. Nor do most studies offer a trans-
parent way to simulate how attitudes might shift under
different scenarios or in different segments of the pop-
ulation. This lack of structural insight is particularly
problematic in the context of AI governance, where beliefs
about regulation are often interdependent and shaped by
both political cues and perceptions of institutional ade-
quacy.3 Without accounting for these conditional relation-
ships, policy communication strategies risk targeting the
wrong segments or overlooking key mediators, potentially
leading to ineffective or even counterproductive outcomes.

This paper addresses gaps by modeling public attitudes
toward AI using Bayesian networks (BNs)15 learned from a
nationally representative German survey conducted in 2023.
Our approach captures the joint structure of beliefs across
political, psychological, and informational dimensions,
enabling us to explore how attitudes toward AI regulation
are shaped by deeper patterns of perception and engage-
ment. We find that support for legal requirements depends
strongly on whether people view existing regulations as
adequate, while awareness of those regulations is primarily
driven by interest and information-seeking behavior. We
also show that risk-oriented and opportunity-oriented re-
spondents exhibit distinct logics of belief formation: one
more ideologically structured, the other more techno-
cratic. By making these relationships explicit, our model
provides a data-driven foundation for designing more
targeted communication strategies and responsive gov-
ernance frameworks.

Literature review

The growing use of data-driven systems in public gover-
nance has expanded the role of computational methods in
informing decision-making, monitoring risks, and deliver-
ing citizen services. From fraud detection to automated
decision-making and citizen assistance, advanced analytics
have become central to managing both operational com-
plexity and public expectations.16,17 As AI is increasingly
deployed in sensitive domains, understanding how citizens
perceive these technologies, and how such perceptions vary

across population groups, has become a strategic concern for
effective policy design and regulation.

Public attitudes toward AI have been studied from di-
verse disciplinary perspectives, highlighting the roles of
sociodemographics, ideology, trust, and regulatory aware-
ness. While these factors are interdependent, existing
research models them in isolation, using approaches that
overlook the conditional structure of belief systems. The
next sections review key predictors of AI-related attitudes
and identify methodological gaps our study aims to address.

Sociodemographic drivers of attitudes

A broad literature investigates the factors shaping public
perceptions of AI and automation. Demographic charac-
teristics such as age, gender, and education are consistently
associated with distinct attitudinal profiles: younger indi-
viduals and those with higher education levels tend to ex-
press greater optimism toward AI, while older and less
educated respondents are more skeptical or fearful.1,4,10

These associations have been observed across national
contexts and survey instruments. Gender effects also
emerge, with men typically expressing more confidence in
AI and women showing greater concern about potential
risks or inequalities.

However, demographics alone do not explain the com-
plexity of AI perceptions. Psychological constructs such as
technological self-efficacy, anxiety, and institutional trust
have been shown to mediate the effects of background
characteristics.3,14 In particular, AI-specific anxiety (en-
compassing concerns about bias, transparency, and control)
has emerged as a distinct dimension that influences both
expectations and policy preferences. Trust in government,
science, and the media further modulates attitudes, with
high-trust individuals more likely to accept the integration of
AI in public life.

Political ideology also plays a central role. Research has
shown that support for AI and automation is often polarized
along left–right lines, especially when regulation or labor
concerns are salient.9,18 Importantly, trust and ideology
interact: political identity influences perceptions of insti-
tutional legitimacy, which in turn shapes how information
about AI is received and evaluated. Cross-national com-
parisons reveal that these patterns are contingent on cultural
and economic context. For instance, studies from Southern
Europe and Latin America have found that fears about AI-
driven job loss are particularly acute in low-trust environ-
ments, where technological change is perceived as exter-
nally imposed or unregulated.11,12,19

Regulatory preferences and legal frameworks

Public support for AI regulation is generally high but
conditional. Studies show that support tends to increase
when individuals are made aware of specific risks, such as
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misuse in surveillance, discrimination in automated deci-
sions, or the erosion of human agency.2,4 Regulatory support
is also stronger when the perceived domain of application
involves public goods, such as health care, education, or
democratic participation. Yet this support is not uniform:
ideological priors, institutional trust, and personal experi-
ence with technology all influence whether individuals see
regulation as protective, burdensome, or symbolic.

Awareness of regulatory efforts, such as the EU AI Act,
also varies across population segments. Recent studies
suggest that public knowledge of such initiatives is limited,
and that support depends not only on factual awareness but
on how the regulation is framed and evaluated.8 Some in-
dividuals support legal restrictions in principle but view
current institutional efforts as either inadequate or excessive;
others may reject specific regulations while expressing trust
in broader governance processes. These findings suggest
that regulatory preferences are best understood as embedded
within multidimensional belief systems, rather than as direct
functions of exposure or ideology alone.

Modeling challenges and interpretability

Most empirical studies of public attitudes toward AI use
linear regression, logistic models, or structural equation
modeling to test directional hypotheses.13,14 While effective
for identifying average effects, these methods can obscure
conditional dependencies, mediated paths, or interaction
patterns that may be central to belief formation. Moreover,
they typically rely on predefined structures, limiting the
ability to discover emergent associations from data. This can
be especially limiting when attempting to uncover causal
mechanisms or identify actionable targets for communica-
tion, as linear models often fail to detect mediated, non-
additive, or context-dependent pathways.20,21

Recent work on interpretable machine learning empha-
sizes the value of transparent, flexible models in high-stakes
domains.22 Probabilistic graphical models, including BNs,
provide a structured way to capture the joint distribution of
beliefs while retaining interpretability. BNs support both
exploratory and confirmatory analysis, allowing researchers
to model how information flows through a system of in-
terconnected variables.

In public policy and social science research, BNs have
been applied to domains such as environmental risk per-
ception,23 stakeholder engagement,24 public health com-
munication,25 and EU climate policy modeling.26 These
studies demonstrate that BNs are especially valuable when
variables are interdependent and when inference under
uncertainty is required. BNs are well suited to the analysis of
complex public opinion systems27 like those surrounding AI
and its governance. Their ability to reveal hidden belief
structures, simulate counterfactuals, and perform subgroup
inference makes them particularly promising for this
emerging area.

We contribute to this literature by applying BNs to the
study of AI-related public attitudes using nationally rep-
resentative European survey data. Methodologically, our
approach captures how variables interact within a structured
system of conditional dependencies, uncovering indirect
pathways and belief hierarchies often missed by linear
models. Substantively, we show how regulatory support is
not simply the result of demographic traits or isolated at-
titudes, but emerges from a dynamic interplay of trust,
exposure, and techno-perception. By making these rela-
tionships explicit, our model supports transparent scenario-
based inference and offers practical tools for tailoring AI
governance strategies to diverse public segments.

Materials and methods

Data and feature engineering

We use data from the survey Current Questions on AI (June
2023), conducted by FORSA on behalf of the Press and
Information Office of the German Federal Government and
archived by GESIS.28 The dataset consists of interviews
with a probability-based sample of 1506 individuals aged
14 and above, representative of the German-speaking
population. Data were collected over 3 days (June 26–28,
2023) using computer-assisted telephone interviewing.
Respondents were selected using a dual-frame sampling
strategy combining landline and mobile numbers, in ac-
cordance with standard practice in Germany.28 The survey
provides non-aggregated, individual-level responses to a
wide array of questions concerning AI. Given the scarcity of
recent public datasets with this level of granularity, it offers a
valuable snapshot of current public perceptions.

The questionnaire covers interest in and exposure to AI
(e.g., media usage, information-seeking, interpersonal
conversations); general perceptions of AI as a risk or op-
portunity; attitudes toward AI regulation, including views
on the EU AI Act; beliefs about AI’s social impacts (e.g., in
healthcare or job automation); and sociodemographic and
political background variables, such as age, sex, education,
income, and voting intention. Respondents who identified
AI as primarily a risk or an opportunity were asked to
elaborate in open-ended follow-ups. These answers were
then coded by the survey team into discrete variables
capturing key thematic concerns, and are included in the
released dataset.

We harmonized and recoded the original survey variables
for consistency. Ordinal variables (e.g., interest in AI,
perceived information level) were recoded into labeled four-
point scales, while binary exposure items (media use, dis-
cussions, information search) were standardized as “Yes” or
“No.” Rare responses such as “Don’t know” were treated as
missing (threshold: <50 cases). Voting intention was re-
coded into a three-level political preference variable (Left,
Right, Other), grouping non-voters and unclassifiable
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answers under “Other.”Observations with missing values in
the selected variables were excluded. The set of variables
used is listed in Table 1.

Two additional datasets were created based on whether
respondents viewed AI as a risk, an opportunity, or both.
Those selecting “opportunity” or “both” provided open-
ended responses on perceived benefits, coded into 24 bi-
nary indicators by the survey team. These were grouped into
five themes: work and automation; health and care; ev-
eryday life and education; technological innovation; and
general positivity. Similarly, responses from those identi-
fying AI as a “risk” or “both” were coded into 18 binary
indicators and grouped into five themes: job displacement
and dehumanization; loss of autonomy and control; misuse
and regulatory failure; data security and misinformation;
and social uncertainty. These grouped thematic variables are
also summarized in Table 1.

Bayesian Letwork modeling

Basic principles of Bayesian networks. Multivariate data often
involve complex dependencies that make direct modeling of
the joint distribution intractable, especially as the number of
variables increases. A common strategy is to simplify the
joint distribution by leveraging assumptions about how
variables relate to each other. One standard approach is to
represent these relationships using a graph structure that
encodes conditional dependencies. In Bayesian networks
(BNs), this structure is a directed acyclic graph (DAG),
where each node represents a random variable, and directed
edges indicate direct probabilistic influence.15,29 For each
variable, the set of parents consists of those variables with
edges pointing into it. This graphical structure then deter-
mines how the full joint distribution factorizes into simpler
conditional distributions.

Formally, let X1, …, Xn be n discrete random variables
and let G be a DAG over these variables. The joint distri-
bution encoded by the BN factorizes as:

PðX1,X2,…,XnÞ ¼ ∏
n

i¼1
PðXi j PaGðXiÞÞ,

where PaGðXiÞ4X1,…,XnnXi denotes the set of parent
variables of Xi in the graph G. This decomposition allows for
a compact and modular representation of the joint distri-
bution by exploiting conditional independence assumptions.

In our application, all variables are treated as discrete.
Ordinal variables are modeled as categorical, and condi-
tional probability tables are estimated directly for each
configuration of parent variables.

Learning Bayesian networks. Both the network structure and
the conditional probability tables were learned directly from
the data using a fully data-driven approach. Structure
learning was carried out using a score-based method that

combines the Tabu search algorithm30 with the Akaike
Information Criterion (AIC), a well-established metric that
balances model fit and complexity. Given a graph structure G
and dataset D, the AIC score is defined as:

ScoreAICðG j DÞ ¼ logPðD j G,bθÞ � d,

where PðD j G,bθÞ is the likelihood of the data under the

maximum likelihood parameters bθ, and d is the number of
free parameters in the model. For discrete variables, the log-
likelihood can be written as:

logPðD j G,bθÞ ¼ Xn

i¼1

Xqi
j¼1

Xri
k¼1

Nijk log
Nijk

Nij
,

where Xi is a node with ri possible states and qi parent
configurations, and Nijk is the number of observations where
Xi = xk and its parents are in configuration xj. The AIC is
particularly suitable for our setting, offering a more per-
missive penalty than BIC, which is appropriate given the
moderate sample size and number of variables.31

To improve robustness, we applied a non-parametric
bootstrap procedure,32 generating 2000 resampled data-
sets and learning a directed acyclic graph (DAG) for each.
The final consensus network was obtained using the av-
eraged. network method in the bnlearn package,31 which
optimizes the inclusion threshold for each edge based on
expected predictive accuracy.

To guide learning and enhance interpretability, we en-
forced a tiered structure using blacklists. Demographic and
political variables were set as roots and were not allowed to
receive incoming edges from downstream concepts such as
exposure, perception, or regulation. AI-related perceptions
and regulatory attitudes were allowed to depend on exposure
but constrained from influencing earlier tiers.

Once the structure was learned, the conditional proba-
bility tables were estimated using Bayesian parameter
learning with a uniform Dirichlet prior.33 This regularization
approach, equivalent to Laplace smoothing commonly used
in machine learning,34 prevents zero-probability estimates
in sparse configurations by assigning a small positive
probability to all possible outcomes, including those not
observed in the sample. Specifically, given observed counts
Nijk for variable Xi taking value xk with parent configuration
xj, the posterior mean estimate is:

bPðXi ¼ xk j PaðXiÞ ¼ xjÞ ¼ ðNijk þ αÞ.ðNij þ riαÞ,

where Nij =
P

kNijk, ri is the number of states of Xi, and α =
1 corresponds to a non-informative uniform prior. This
estimator shrinks all probabilities away from the extremes
and guards against overfitting in small samples. Impor-
tantly, it does not imply that all unobserved events are
equally likely, nor that they are plausible in a substantive
sense, only that they are not impossible under the model.
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Table 1. List of variables used in the BN analysis, including structured survey responses and grouped thematic codes derived from open-
ended justifications about AI. Variables are grouped by conceptual domain: demographics, exposure to AI, perceptions, political
orientation, regulatory opinions, and emergent themes reflecting perceived opportunities or risks. For selected demographic variables,
sample proportions are shown in parentheses.

Group Variable Description (question or theme) Levels

Demographics Sex Respondent’s gender Female (47.4%), male (52.6%)
Age Respondent’s age group 14–29 (8.2%), 30–44 (14.7%), 45–59 (28.2%),

60+ (48.4%), Other (0.5%)
Education Highest level of completed education Low (11.6%), medium (26.2%), high (59.7%),

Other (2.5%)
Income Self-reported income category Low (18.3%), medium (29.7%), high (34.9%),

Other (17.1%)
Municipality Size of municipality of residence <5k (13.9%), 5k–19k (26.7%), 20k–99k

(28.1%), 100k–499k (13.8%), 500k+
(17.5%)

Politics VoteIntent Political orientation based on voting
intention

Left (29.8%), right (34.7%), Other (35.5%)

Exposure InterestAI How interested are you in information
about AI?

Not at all, less strongly, strongly, very
strongly

InformedAI Howwell informed do you feel about AI? Very poor, rather poor, rather good, very
good

MediaAI Have you recently seen/heard anything
about AI in the media?

Yes, No

FriendsAI Have you discussed AI with friends/
acquaintances?

Yes, No

SearchAI Have you actively searched for
information about AI?

Yes, No

Regulation AIRegulations Should there be legal requirements for
AI?

Yes, No

HeardEURegulation Have you heard of the EU AI regulation? Yes, No
EUAppropriateRegulation What is your view of the EU AI

regulation?
Appropriate, too strict, not strict enough,
Don’t know

Perceptions AIReduceShortageWorkers AI will reduce the impact of labor
shortages

Strongly disagree to strongly agree

AIEasierLife AI will make everyday life easier Strongly disagree to strongly agree
AIHealtcareBenefit AI will bring major benefits in healthcare Strongly disagree to strongly agree, Don’t

know
AIFieldBenefit I Can imagine which job areas benefit

from AI
Strongly disagree to strongly agree

AIvsHuman AI will produce content indistinguishable
from human work

Strongly disagree to strongly agree

AIFalseInfo AI will lead to greater spread of
misinformation

Strongly disagree to strongly agree

AIUncontrollable I Fear AI will become uncontrollable Strongly disagree to strongly agree
DevelopAI Do you see AI developments as a risk or

opportunity?
Risk, Opportunity, both

Opportunity
themes

PosWork AI as beneficial for the labor market,
automation, and job creation

Mentioned, not mentioned

PosHealth AI as a tool to advance healthcare,
medicine, and care services

Mentioned, not mentioned

PosLife AI improving daily life, efficiency, and
educational contexts

Mentioned, not mentioned

PosTech AI associated with innovation, future
technology, and research

Mentioned, not mentioned

PosGeneral General positive outlook, openness to
AI, or hope for risk mitigation

Mentioned, not mentioned

(continued)
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The fitted models are publicly available via the bnRep R
package.35

Analyzing the Bayesian network model. Given the learned BN,
we analyze its structure using probabilistic inference and
sensitivity methods. These tools help identify key rela-
tionships, quantify the influence of individual variables, and
assess the robustness of conclusions.

We perform evidence propagation by conditioning on
specific variable states and examining the resulting changes
in marginal distributions, highlighting directional effects
and dependencies. Scenario-based inference is used to
simulate joint configurations of interest and analyze
downstream consequences on target variables.

To assess global variable importance, we compute Sobol
variance indices,36 which decompose the variance of a target
variable into additive contributions from other nodes. These
indices measure how much of the uncertainty in a target’s
distribution is attributable to variation in a given input. For a
target variable Y, the first-order Sobol index for input Xi is:

Si ¼ VarXiðEðY jXiÞÞ=VarðY Þ: (1)

This quantifies the proportion of output variance ex-
plained by Xi alone, marginalizing over all other variables.
The resulting scores serve a role analogous to coefficients in
regression, but capture both direct and indirect (mediated)
influences within the BN structure.

Finally, we conduct local sensitivity analysis by per-
turbing entries of the conditional probability tables and
quantifying their effect on selected target distributions.37,38

This reveals which parameters most strongly influence
predictions and supports robustness checks of specific
pathways. Together, these analyses offer a layered under-
standing of the BN’s logic and predictive behavior, enabling
interpretable, data-driven insights.

Results

We begin by presenting the structure and implications of the
BN estimated over all respondents. We then proceed to

analyze two submodels learned separately for individuals
who primarily perceive AI as a risk and those who see it as
an opportunity.

Bayesian network over all respondents

Network structure and dependencies. In the network over all
respondents (Figure 1), InterestAI emerges as a central hub,
directly influencing both beliefs and information behaviors.
It connects to a wide array of downstream nodes, including
DevelopAI (the core framing of AI as risk/opportunity), as
well as AIEasierLife, AIFieldBenefit, InformedAI, MediaAI,
FriendsAI, SearchAI, and HeardEURegulation. This sug-
gests that personal engagement with AI serves as a primary
lens through which both informational exposure and atti-
tudinal formation are structured.

DevelopAI itself feeds directly into AIEasierLife, which
acts as a secondary hub: it shapes beliefs around AI’s utility
(AIFieldBenefit, AIReduceShortageWorkers), societal con-
sequences (AIUncontrollable), and indirectly, through fur-
ther downstream effects, beliefs about AI’s role in healthcare
(AIHealtcareBenefit) and misinformation (AIFalseInfo, via
AIUncontrollable). Notably, AIUncontrollable links to both
AIFalseInfo and AIvsHuman, and feeds into concerns about
regulatory sufficiency through EUAppropriateRegulation,
which in turn influences AIRegulations.

The regulation-related structure features two converging
paths. One starts from InterestAI, proceeds through Hear-
dEURegulation, and terminates in AIRegulations via EU-
AppropriateRegulation. A parallel path stems from
VoteIntent, which exerts direct influence on MediaAI,
AIRegulations, and HeardEURegulation. The convergence
of these pathways at AIRegulations highlights the interplay
between perceived institutional exposure and political
predispositions in shaping regulatory support.

Demographic variables lie upstream in the structure. Sex
is a root node influencing InterestAI, Age, Education, and
Income. Education is a pivotal factor, shaping not only
InterestAI, but also FriendsAI, SearchAI, Age, Income,
Municipality, and VoteIntent. Age further informs MediaAI,
AIEasierLife, Income, and VoteIntent. Finally, Municipality

Table 1. (continued)

Group Variable Description (question or theme) Levels

Risk themes RiskJobs Fears of job loss, redundancy, or
dehumanization in the workplace

Mentioned, not mentioned

RiskLossOfControl Concerns about losing control,
autonomy, or freedom due to AI

Mentioned, not mentioned

RiskMisuseRegulation Ethical concerns, potential misuse, and
inadequate regulation

Mentioned, not mentioned

RiskData Worries about data privacy, surveillance,
or misinformation

Mentioned, not mentioned

RiskSociety Uncertainty about AI’s societal impact,
especially in education

Mentioned, not mentioned
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and Income also feed into VoteIntent, which acts as a
gateway from sociodemographics into the political and
attitudinal core of the network.

Variance decomposition via Sobol indices. Table 2 reports
variance-based Sobol indices, which quantify the proportion
of output variance attributable to each input variable, for five
representative outcomes capturing legislative attitudes
(AIRegulations, EUAppropriateRegulation), AI-related
beliefs (DevelopAI, AIUncontrollable), and policy aware-
ness (HeardEURegulation).

Perceptions of AI are primarily shaped by expectations
about its usefulness in daily life. The belief that AI will make
everyday life easier is the strongest single contributor to how
respondents frame AI (49.6% of variance in DevelopAI),
followed by self-reported interest in AI (37.3%). This
suggests that optimistic, personally relevant benefits play a
dominant role in shaping overall attitudes. Notably, fear that
AI may become uncontrollable (AIUncontrollable) is itself
driven by the same belief about AI’s benefits (41.0%), but
also by concerns over misinformation (AIFalseInfo, 38.2%)
and the perception that existing regulation is too weak
(EUAppropriateRegulation, 28.6%). This combination of
optimism and anxiety, mutually reinforcing or counter-
balancing, highlights the layered nature of public sentiment
toward AI technologies.

Legislative attitudes are influenced through different
pathways. Awareness of the EU AI regulation (Hear-
dEURegulation) is shaped almost entirely by engagement
and information-seeking behaviors, especially interest in AI

(70.0%) and online search activity (15.8%), with additional
influence from political orientation (26.6%). In contrast,
support for legal regulation (AIRegulations) depends more
on perceived policy adequacy: views on whether the EU AI
Act is appropriate explain 32.9% of variance, followed by
political alignment and media exposure. Finally, opinions on
whether EU regulation is too strict or too lenient (EUAp-
propriateRegulation) are overwhelmingly driven by techno-
anxiety, particularly fear of losing control over AI systems
(87.7%). These results reveal a clear division: perceptual
engagement and information-seeking shape awareness,
while emotional responses to risk, especially anxiety over
control, are central to policy evaluation.

Conditional probabilities and belief dynamics. We next examine
how input variables with an explanatory contribution above
10% influence the distribution of key target variables when
entered as evidence. Tables 3–7 display conditional prob-
ability tables for the five main outcomes of interest, showing
how their distributions shift across relevant predictor
categories.

As shown in Table 3, personal attitudes and perceived
utility are key drivers of how respondents interpret AI
developments. Those who believe that AI will make life
easier are substantially more likely to frame it as an op-
portunity (e.g., 67.9% for “Strongly agree”) than as a risk
(14.6%). A similar gradient appears for interest in AI: re-
spondents reporting very strong interest choose “Opportu-
nity” (51.0%) or “Both” (23.7%) far more often than “Risk”
(25.3%). These shifts reinforce the earlier variance

Figure 1. BN learned from all respondents. Thematic “Risk” and “Opportunity” variables are not included, as they were only collected
for specific subgroups. Nodes are color-coded by variable group: demographics (yellow), exposure (green), regulation (pink), political
orientation (orange), and AI perceptions (blue). Visualization produced in GeNIe.
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decomposition, which identified AIEasierLife and InterestAI
as the strongest contributors to variance inDevelopAI. At the
opposite end, respondents who strongly disagree with the
idea that AI will ease daily life are more than 65% likely to
view it as a risk, confirming that techno-optimism plays a
protective role against risk-based framing.

As shown in Table 4, the strongest contrasts in regulatory
awareness (HeardEURegulation) emerge between individ-
uals with differing levels of AI interest and information
engagement. Those with no interest in AI have a 93.2%
probability of being unaware of EU regulations, compared
to just 59.8% among those very interested. Awareness also
rises with self-reported knowledge (InformedAI) and dis-
cussion with peers (FriendsAI).

Table 5 shows that support for AI-specific legal regu-
lation (AIRegulations) is primarily shaped by policy eval-
uations: respondents who view current regulation as “Not
strict enough” support legal requirements at a rate of 93.4%,
while those who believe it is “Too strict” show only 72.9%
support. This suggests that perceptions of regulatory ade-
quacy serve as a key driver of willingness to endorse legal
constraints.

Table 6 illustrates how views on the appropriateness of
EU AI regulation are shaped by both perceived benefits and
risks. Individuals who strongly believe that AI will make life
easier are more likely to consider existing regulation
“Appropriate” (53.1%) or even “Too strict” (13.2%),

suggesting that techno-optimism dampens regulatory con-
cern. In contrast, those who fear AI may become uncon-
trollable express higher rates of dissatisfaction: among
respondents who “Strongly agree” with this concern,
nearly 48% believe regulation is “Not strict enough,”
compared to just 16.5% of those who “Strongly disagree.”
These contrasts highlight the role of emotional responses in
shaping not just support for regulation, but evaluations of
institutional adequacy itself.

Concerns about AI becoming uncontrollable (AIUn-
controllable) reflect a layered interplay of optimism, anx-
iety, and policy evaluation. As shown in Table 7, individuals
with strong techno-optimism (AIEasierLife: Strongly agree)
are less likely to express high concern (23.3% for “Strongly
agree”) than those who reject AI’s usefulness (63.9%).
However, the most influential factors stem from techno-
anxiety: respondents who strongly believe AI spreads
misinformation (AIFalseInfo: Strongly agree) have a 55.8%
probability of fearing AI is uncontrollable. Similarly, those
who perceive current regulation as “Not strict enough” are
59.8% likely to express strong concern, compared to just
28.7% among those who see it as “Appropriate”.

Joint scenario reasoning. BNs support joint reasoning under
multiple sources of evidence. Instead of conditioning on a
single variable, we define realistic scenarios by fixing
combinations of age, education, interest in AI, political

Table 2. Variance-based Sobol indices (percentage of output variance explained) for each input variable and five target outcomes in the
BNmodel. Bold values indicate variables that explain more than 10% of the variance for the corresponding output. Dashes (�) indicate the
variable was the target and thus excluded from its own analysis.

Input variable DevelopAI HeardEURegulation AIRegulations EUAppropriateRegulation AIUncontrollable

AIEasierLife 49.6% 9.5% 0.0% 10.6% 41.0%
InterestAI 37.3% 70.0% 0.5% 1.3% 5.6%
AIFieldBenefit 11.3% 8.5% 0.0% 1.2% 4.8%
SearchAI 7.1% 15.8% 0.0% 0.3% 1.2%
FriendsAI 6.2% 11.6% 0.1% 0.2% 1.0%
AIUncontrollable 6.1% 1.1% 0.4% 87.7% –

InformedAI 5.6% 11.7% 0.5% 0.2% 0.9%
AIReduceShortageWorkers 4.5% 0.8% 0.0% 0.9% 3.4%
Education 2.4% 6.2% 0.3% 0.1% 0.6%
AIHealtcareBenefit 1.9% 1.1% 0.0% 0.3% 1.1%
HeardEURegulation 1.8% – 0.3% 0.1% 0.3%
MediaAI 1.8% 4.7% 12.3% 0.0% 0.1%
Sex 0.9% 1.7% 0.0% 0.0% 0.2%
AIFalseInfo 0.7% 0.1% 0.0% 8.4% 38.2%
EUAppropriateRegulation 0.6% 0.1% 32.9% – 28.6%
AIvsHuman 0.3% 0.1% 0.0% 5.0% 13.3%
Income 0.2% 1.8% 0.6% 0.0% 0.1%
Age 0.2% 0.3% 0.5% 0.6% 2.3%
VoteIntent 0.1% 26.6% 13.4% 0.0% 0.0%
Municipality 0.0% 0.7% 0.2% 0.0% 0.0%
DevelopAI – 3.9% 0.0% 1.7% 7.2%
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orientation, and information exposure. Table 8 presents ten
illustrative profiles, ranging from the Young Informed Left to
the Disengaged Elder, to compare attitudes across diverse
population segments.

Figure 2 shows the predicted probabilities for three
central variables. TheDevelopAI plot reveals how optimistic
beliefs (viewing AI as an opportunity) are prevalent in
highly informed and interested groups, while apathy and
disengagement drive risk-dominant perceptions. Support for
legal regulation of AI (AIRegulations) is remarkably high
overall but varies modestly with political and engagement
variables, with Young Apathetic and Disengaged Elder
profiles showing more skepticism. In contrast, concern over
loss of control (AIUncontrollable) shows wide variation:
techno-anxiety peaks in disengaged and older respondents
and subsides among those with balanced or moderate
exposure.

Parametric sensitivity analysis. To identify which upstream
nodes most strongly influence each target, we conducted a
parametric sensitivity analysis alongside the Sobol variance
decomposition. For conciseness, sample results are shown
in Appendix Figures 5–6, including DAGs colored by local
sensitivity values and a tornado plot for HeardEUR-
egulation. This analysis quantifies how small changes in the
conditional probabilities of ancestral nodes affect down-
stream distributions. For example, DevelopAI is most sen-
sitive to InterestAI, with additional effects from Sex and
Education; HeardEURegulation is highly influenced by
InterestAI and VoteIntent; and AIRegulations is primarily
driven by EUAppropriateRegulation.

Subpopulation networks: Risk and opportunity

As before, both subpopulation models are estimated on the
same backbone of demographic, exposure, and policy-
opinion variables, but now the detailed AI-perception
block includes the grouped thematic variables derived
from open-ended responses.

Table 3. Conditional probabilities for DevelopAI, grouped by evidence. Baseline shown in the first row.

Evidence variable Evidence value Both Opportunity Risk

Baseline 0.2143 0.3666 0.4191
AIEasierLife Strongly disagree 0.1819 0.1534 0.6648

Somewhat disagree 0.2420 0.2713 0.4867
Somewhat agree 0.2309 0.5133 0.2558
Strongly agree 0.1753 0.6785 0.1463

AIFieldBenefit Strongly disagree 0.1782 0.2314 0.5904
Somewhat disagree 0.2035 0.2925 0.5040
Somewhat agree 0.2223 0.3727 0.4050
Strongly agree 0.2209 0.4421 0.3370

InterestAI Not at all 0.1340 0.2095 0.6565
Less strongly 0.1823 0.3600 0.4577
Strongly 0.2761 0.3724 0.3516
Very strongly 0.2372 0.5101 0.2527

Table 4. Conditional probabilities for HeardEURegulation,
grouped by evidence. Baseline shown in the first row.

Evidence variable Evidence value No Yes

Baseline 0.7741 0.2259
FriendsAI No 0.8167 0.1833

Yes 0.7360 0.2640
InformedAI Very poor 0.8593 0.1407

Rather poor 0.7977 0.2023
Rather good 0.7640 0.2360
Very good 0.6839 0.3161

InterestAI Not at all 0.9317 0.0683
Less strongly 0.8204 0.1796
Strongly 0.7382 0.2618
Very strongly 0.5980 0.4020

SearchAI No 0.8031 0.1969
Yes 0.6981 0.3019

VoteIntent Left 0.7091 0.2909
Right 0.8072 0.1928
Other 0.8717 0.1283

Table 5. Conditional probabilities for AIRegulations, grouped by
evidence. Baseline shown in the first row.

Evidence variable Evidence value No Yes

Baseline 0.0996 0.9004
EUAppropriateRegulation Not strict enough 0.0658 0.9342

Appropriate 0.0776 0.9224
Too strict 0.2712 0.7288
Don’t know 0.1242 0.8758

MediaAI No 0.1773 0.8227
Yes 0.0803 0.9197

VoteIntent Left 0.0559 0.9441
Right 0.1236 0.8764
Other 0.1606 0.8394
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Network structure and dependencies. In the risk-oriented
network (Figure 3), vote intention (VoteIntent) directly in-
fluences both regulatory awareness (HeardEURegulation)
and support for legal requirements (AIRegulations), as well
as media exposure (MediaAI), confirming its central role in
shaping both institutional opinions and information be-
havior. The link from perceived adequacy of the EU reg-
ulation (EUAppropriateRegulation) to AIRegulations
remains, while all exposure-related arcs into the regulation
block, such as MediaAI→ AIRegulations in the model over
all respondents, disappear. Within the thematic risk layer, all
five grouped variables form a tightly connected subgraph,
with AI_Risk_Jobs acting as the main source node influ-
encing the others either directly or via short chains. De-
mographic and exposure variables have limited direct access
to the perception layer, with only Age and FriendsAI en-
tering this block through AI_Risk_Jobs and AI_Risk_Data,
respectively.

In the opportunity-oriented network (Figure 4), vote
intention still affects MediaAI, but no longer connects di-
rectly to regulatory support. Instead, support for AI

regulation (AIRegulations) depends exclusively on EUAp-
propriateRegulation, suggesting that among optimistic re-
spondents, support for legal constraints is shaped more by
evaluations of policy content than by political alignment.
The grouped benefit themes form a dense, layered structure
with AI_Pos_Health and AI_Pos_Life acting as upstream
nodes. These flow into AI_Pos_Work and AI_Pos_Tech,
which in turn feed into the most general category (AI_-
Pos_General). In contrast to the risk network, the thematic
benefit nodes receive several direct inputs from demo-
graphic variables: Sex enters AI_Pos_Health, and Age in-
fluences AI_Pos_Work. Exposure and engagement variables
such as InterestAI, InformedAI, FriendsAI, and SearchAI are
again structured hierarchically but do not directly connect to
the perception nodes. The paths into regulation mirror a
technocratic progression: InterestAI drives awareness
(HeardEURegulation) via standard exposure channels,
while EUAppropriateRegulation alone governs support.

Together, these two networks reveal how overall framing
(risk vs. opportunity) restructures the dependencies among
background factors, exposure, and regulation, as well as the

Table 6. Conditional probabilities for EUAppropriateRegulation, grouped by evidence. Baseline shown in the first row.

Evidence variable Evidence value Not strict enough Appropriate Too strict Don’t know

Baseline 0.3180 0.4892 0.1143 0.0785
AIEasierLife Strongly disagree 0.3857 0.4307 0.1037 0.0799

Somewhat disagree 0.3340 0.4804 0.1081 0.0775
Somewhat agree 0.2687 0.5316 0.1222 0.0776
Strongly agree 0.2570 0.5313 0.1318 0.0799

AIUncontrollable Strongly disagree 0.1652 0.5456 0.1960 0.0932
Somewhat disagree 0.1397 0.6449 0.1397 0.0756
Somewhat agree 0.2785 0.5402 0.1087 0.0725
Strongly agree 0.4780 0.3528 0.0878 0.0815

Table 7. Conditional probabilities for AIUncontrollable, grouped by evidence. Baseline shown in the first row.

Evidence variable Evidence value Strongly disagree Somewhat disagree Somewhat agree Strongly agree

Baseline 0.0804 0.2214 0.3003 0.3979
AIEasierLife Strongly disagree 0.0624 0.0952 0.2033 0.6390

Somewhat disagree 0.0278 0.1890 0.3576 0.4256
Somewhat agree 0.0945 0.3238 0.3521 0.2296
Strongly agree 0.2056 0.3221 0.2389 0.2334

AIFalseInfo Strongly disagree 0.3517 0.2927 0.1680 0.1876
Somewhat disagree 0.1447 0.3405 0.2923 0.2226
Somewhat agree 0.0672 0.2486 0.3896 0.2946
Strongly agree 0.0419 0.1504 0.2498 0.5579

AIvsHuman Strongly disagree 0.1551 0.2010 0.2013 0.4425
Somewhat disagree 0.1344 0.3340 0.2712 0.2604
Somewhat agree 0.0661 0.2818 0.3898 0.2624
Strongly agree 0.0746 0.1675 0.2584 0.4995

EUAppropriateRegulation Appropriate 0.0897 0.2919 0.3316 0.2869
Too strict 0.1379 0.2708 0.2858 0.3056
Not strict enough 0.0418 0.0973 0.2630 0.5979
Don t know 0.0955 0.2135 0.2777 0.4133

10 International Journal of Engineering Business Management



internal logic of belief formation. While the risk model is
politically activated and thematically entangled, the op-
portunity one is demographically modulated and structurally
layered.(Figures 5 and 6)

Variance decomposition via Sobol indices. Table 9 reports the
first-order Sobol indices within the risk and opportunity
subnetworks, focusing again on the three regulation-related
outcomes and one output from each group of specific
constructs: AI_Risk_Jobs for the risk subnetwork and
AI_Pos_Health for the opportunity subnetwork. Outputs
that were disconnected from their corresponding subnet-
work, such as AIRegulations and EUAppropriateRegulation
in the opportunity case, were not included since the Sobol
indices are exactly zero for all inputs.

For HeardEURegulation, we observe a clear contrast
between the two subnetworks. In the risk subnetwork, the

dominant contributors are InterestAI (65.7%), SearchAI
(14.6%), and VoteIntent (26.0%), closely aligned with the
results from the all respondents network where InterestAI
and SearchAI also rank among the most influential. In the
opportunity subnetwork, the variance is explained by
exposure-related variables: InterestAI, SearchAI, FriendsAI,
and InformedAI, with no meaningful contribution from
demographics or MediaAI.

For AIRegulations, the most important factor in the risk
subnetwork is EUAppropriateRegulation (57.1%), followed
by VoteIntent (21.4%). This replicates the overall network
structure, where EUAppropriateRegulation explains 32.9%
of variance in AIRegulations, and VoteIntent accounts for
13.4%. The larger contribution observed here may result
from isolating the pathway without interference from other,
unrelated nodes. Notably, variables such as InformedAI and
FriendsAI play a minimal role, suggesting that opinions on

Table 8. Definition of the ten scenario profiles used in multi-variable evidence analysis.

Scenario name Definition (key variables)

Baseline (no evidence) No evidence provided; full marginal uncertainty retained
Young informed left Age: 14–29; education: High; vote: Left; InterestAI: Very strongly; InformedAI: Very good; all exposure

variables: Yes
Older uninformed right Age: 60+; education: Low; vote: Right; InterestAI: Less strongly; InformedAI: Very poor; all exposure variables:

No.
Middle educated
moderate

Age: 45–59; education: Medium; vote: Other; InterestAI: Less strongly; InformedAI: Rather poor; MediaAI: Yes;
FriendsAI, SearchAI: No.

Highly interested low
info

Age: 30–44; education: Medium; vote: Left; InterestAI: Very strongly; InformedAI: Very poor; all exposure
variables: Yes

High info low interest Age: 30–44; education: High; vote: Right; InterestAI: Not at all; InformedAI: Very good; MediaAI: Yes; FriendsAI,
SearchAI: No.

Urban conservative Age: 30–44; education: Medium; vote: Right; InterestAI: Strongly; InformedAI: Rather good; all exposure
variables: Yes

Rural progressive Age: 45–59; education: High; vote: Left; InterestAI: Strongly; InformedAI: Rather good; MediaAI, FriendsAI: Yes;
SearchAI: No.

Young apathetic Age: 14–29; education: Low; vote: Other; InterestAI: Not at all; InformedAI: Very poor; all exposure variables:
No.

Engaged moderate Age: 30–44; education: Medium; vote: Other; InterestAI: Strongly; InformedAI: Rather good; all exposure
variables: Yes

Disengaged elder Age: 60+; education: Medium; vote: Other; InterestAI: Not at all; InformedAI: Rather poor; all exposure
variables: No.

Figure 2. Posterior distributions across the ten scenarios for three key target variables: DevelopAI, AIRegulations, and AIUncontrollable.
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Figure 3. BN learned from respondents who view AI as a risk or both a risk and an opportunity, including grouped thematic variables
capturing perceived risks. Nodes are color-coded by variable group: demographics (yellow), exposure (green), regulation (pink),
political orientation (orange), and AI perceptions (blue). Visualization produced in GeNIe.

Figure 4. BN learned from respondents who view AI as an opportunity or both an opportunity and a risk, including grouped thematic
variables capturing perceived benefits. Nodes are color-coded by variable group: demographics (yellow), exposure (green), regulation
(pink), political orientation (orange), and AI perceptions (blue). Visualization produced in GeNIe.
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AI regulation are more strongly tied to institutional and
political cues than to general AI familiarity or sentiment.

For EUAppropriateRegulation, Age dominates the vari-
ance in the risk subnetwork (85.1%), a finding not visible in
the model over the whole population where AIEasierLife and
AIUncontrollable drive most of the variation. This difference
highlights how the removal of highly influential nodes out-
side the regulation construct can expose underlying demo-
graphic patterns that were previously masked. The influence
of InformedAI and AIRegulations remains modest, consistent
with their lower Sobol scores in the previous analysis.

Turning to the specific outputs, no variable explains a
large share of the variance. The highest contribution is from
AI_Risk_Misuse_Regulation (10.6%) to AI_Risk_Jobs, in-
dicating that no single input dominates the variance in these
thematic outcomes.

Conditional probabilities and belief dynamics. We replicate the
conditional probability analysis for the three regulation-
related outputs in the subnetworks, focusing exclusively
on demographic predictors.

For HeardEURegulation, the results from the subnet-
work confirm a significant political gradient: respondents
who identify as left-leaning are more likely to have heard
about EU regulation (26.8%) compared to the baseline
(19.6%), while right-wing respondents fall slightly below
the baseline (15.7%), and those selecting “Other” display
the lowest awareness (11.6%). These patterns align with
those reported in Table 4, although the magnitude of the
contrast is slightly more pronounced in the subnetwork.

Notably, this confirms the stable role of political orientation
in shaping regulatory awareness, even when isolating
regulation-specific constructs.

For AIRegulations, we again observe that left-leaning
respondents express stronger support for AI regulation
(95.4% compared to a baseline of 90.5%), whereas right-
leaning and “Other” respondents express slightly reduced
support (87.2% and 86.7%, respectively). The direction and
magnitude of these effects are highly consistent with the
previous results, reinforcing the interpretation that political
stance is a reliable predictor of regulatory preferences.

In the case of EUAppropriateRegulation, age stratifica-
tion reveals substantial heterogeneity. Respondents aged
14–29 are significantly more likely to consider current
regulation “Appropriate” (70.7% versus a baseline of
40.9%), with a corresponding drop in the “Not strict
enough” category. Middle-aged groups (30–59) align more
closely with the baseline, while older respondents (60+)
show a slightly lower probability of selecting “Appropriate”
and a marginal increase in “Don’t know”. These age-related
shifts were largely absent over the whole population, where
attitudes were primarily shaped by optimism and concern
variables.

Discussion

Patterns in public attitudes toward AI

Our findings reveal that how individuals frame artificial
intelligence (as primarily a risk, an opportunity, or both) is

Figure 5. Bayesian network over all respondents with nodes shaded by their parametric sensitivity to the variable HeardEURegulation.
Gray nodes have no measurable effect, while nodes shaded in red indicate increasing levels of influence, with darker shades
corresponding to stronger effects.
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strongly shaped by perceived usefulness and personal en-
gagement. This is broadly consistent with earlier work
showing that younger, more educated, and higher-trust in-
dividuals tend to express greater techno-optimism and
openness to AI applications.3,4,10 The belief that AI will
make life easier emerged as the most influential driver of
opportunity framing, reinforcing previous research that links
techno-optimism to age and education.4,10 At the same time,
fear that AI may become uncontrollable is associated with
heightened concern about misinformation and insufficient
regulation, echoing work on techno-anxiety and institutional
mistrust.1,11 Importantly, these attitudes are not mutually
exclusive: many respondents endorse both hopeful and
fearful views, supporting recent claims that AI perceptions
are multi-dimensional rather than polarized.3,14 This pattern
is especially salient in our German sample, where institu-
tional trust and policy awareness are relatively high. While
the specific role of political orientation may vary across

national contexts, depending on partisan cues and regulatory
discourse, the central influence of perceived usefulness and
information engagement on AI framing is likely to gener-
alize across countries, as these mechanisms are consistently
linked to technology acceptance in the literature.10

Rather than ideology exerting a direct effect on regula-
tory support, as assumed in some accounts of politically
motivated reasoning, our findings align with recent research
showing that trust in AI governance is shaped by how in-
dividuals evaluate the adequacy, transparency, and reli-
ability of institutional frameworks.39 The variable EU
Appropriate Regulation consistently ranked among the most
influential predictors of support for legal requirements,
suggesting that citizens do not simply support or oppose
regulation based on partisan cues, but critically assess
whether current efforts go far enough. This finding refines
the picture presented by earlier work on regulatory
preferences2,7, indicating that perceived institutional

Figure 6. Tornado diagram for the variableHeardEURegulation = No, showing the effect of changing parameters of upstream nodes. Each
bar represents a conditional configuration (e.g., joint levels of InterestAI and VoteIntent), and its length corresponds to the shift in
probability under that scenario. Colors indicate the direction of parameter change: green for increases in the input variable, and red for
decreases.
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performance, rather than exposure alone, drives willingness
to endorse governance interventions. While prior studies
acknowledge the role of trust and policy content, our BN
approach makes the mediating structure explicit, revealing
how evaluations of regulatory adequacy channel the effect
of political orientation.

Engagement with information sources, particularly self-
reported interest in AI and active search behavior, played a
central role in shaping awareness of EU regulation. Re-
spondents who reported high interest were significantly
more likely to have heard of regulatory initiatives, while
levels of informedness and interpersonal discussion also
contributed. However, these factors did not directly translate
into policy support. This confirms findings from prior
studies3,14 that awareness is driven by cognitive engagement
and information exposure, while support for regulation rests
on deeper evaluative and emotional layers, such as trust,
perceived risk, and institutional credibility.

The comparison between subpopulation networks, those
viewing AI as a risk vs. an opportunity, offers further insight
into belief structures. Among risk-oriented respondents,
regulatory attitudes are more politically activated, and
thematic concerns are tightly interconnected. In this group,
political orientation plays a prominent role, consistent with
findings from polarized and lower-trust contexts such as
Southern Europe and Latin America.9,12 In contrast,
opportunity-oriented respondents display a more demo-
graphically driven pattern, where support for regulation
flows through assessments of policy content rather than
ideology. This suggests that logics of belief formation differ
across framing groups: risk attitudes appear more ideo-
logically and emotionally embedded, while opportunity
attitudes align more closely with technocratic reasoning.

Engaging the public in governance

These findings have important implications for the design of
AI governance and public engagement strategies. Scenario-
based inference revealed strong attitudinal contrasts be-
tween population segments, such as the Young Informed Left
and theDisengaged Elder. Such contrasts suggest that a one-
size-fits-all communication strategy is unlikely to succeed.
Instead, engagement efforts should be tailored: emphasizing
practical benefits and accessibility for disengaged groups,
while focusing on procedural adequacy and institutional
transparency for politically skeptical individuals. The ob-
served alignment between interest, exposure, and awareness
also implies that public education campaigns may be most
effective when targeting interest-driven audiences who al-
ready engage with technology-related content.

The analysis further suggests that concerns about un-
controllability and policy insufficiency are central to reg-
ulatory dissatisfaction, aligning with studies that link fear of
AI to weakened trust in governance.1,2 This highlights the
need for risk communication strategies that go beyond

factual reassurances and address perceived control, fairness,
and legitimacy. Policymakers should recognize that public
unease often reflects not just fear of the technology itself, but
a broader anxiety about who governs its use and how.

In light of the EU AI Act’s phased implementation, our
results underscore the conditional nature of public support.
Even individuals who express general agreement with
regulation adjust their attitudes based on how adequate
current efforts appear. This supports critiques of the Act’s
technocratic framing,5,7 which may fail to resonate with
public expectations around fairness, autonomy, and ac-
countability. Making regulatory content accessible and in-
terpretable to the public may be just as important as
enforcing compliance or technical standards.

Finally, the modeling framework introduced here pro-
vides a practical tool for policymakers seeking to monitor
and respond to public opinion. By identifying which pop-
ulation segments are most responsive to particular aspects of
regulation (such as awareness campaigns, policy framing, or
risk communication) our BN approach enables a more
targeted and adaptive form of governance. Future extensions
could integrate this model into participatory policymaking
platforms or media monitoring systems to support real-time
adjustment of engagement strategies.

Contributions, limitations, and paths forward

Methodologically, this study demonstrates the value of
probabilistic graphical models for analyzing public attitudes
toward emerging technologies. BNs offer a transparent and
flexible approach for modeling belief systems, capturing not
only direct associations but also conditional dependencies
and mediated effects. Unlike traditional regression or
structural equation models, BNs accommodate complex
interrelations among variables without assuming linearity or
unidirectional causality. The use of bootstrapped structure
learning, Sobol variance decomposition, and scenario-based
inference provides both robustness and interpretability,
aligning with recent calls for more transparent and ex-
ploratory modeling in high-stakes policy domains.22

Nonetheless, the study has several limitations. First, the
analysis is based on cross-sectional data, which limits our
ability to draw causal conclusions. While the tiered structure
and blacklists reflect plausible causal ordering, they cannot
establish temporal precedence. Second, although the dataset
is rich, it pertains to a single national context and results may
not generalize to other countries without adjustment for
institutional and cultural factors. For instance, political
alignment effects are likely to be more context-specific,
shaped by national party systems and trust in institutions,
whereas the influence of interest in AI, perceived usefulness,
and information-seeking behavior may reflect more uni-
versal patterns in technology acceptance and belief for-
mation. Third, as the network grows in size and complexity,
interpretability may diminish. Future studies could explore
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the use of regularization techniques, sparse priors, or expert
elicitation to constrain structure learning and improve
scalability.

Several avenues for future research emerge. Longitudinal
or repeated cross-sectional data could be used to study belief
dynamics over time, particularly in response to policy
changes or media events. Comparative studies across dif-
ferent EU countries, or between European and non-
European contexts, could reveal how institutional design
and public trust interact to shape attitudes. Finally, inte-
grating BNs with qualitative data, such as open-ended
survey responses or focus group transcripts, could deepen
understanding of the cultural narratives and personal ex-
periences that underpin AI-related beliefs. Such extensions
would help further bridge the gap between interpretability,
policy relevance, and methodological rigor in the study of
technology and society.

Conclusions

This study presents the first application of a BN to analyze
public attitudes toward AI regulation using nationally
representative European survey data. By modeling political,
psychological, and informational factors within a unified
BN framework, we uncover how beliefs co-vary and con-
dition one another, revealing distinct pathways that shape
awareness, trust, and support for legal oversight. Our
findings emphasize that regulatory attitudes are shaped not
only by ideology or exposure but by perceived adequacy and
emotional responses to risk. The model’s interpretability
enables targeted insights for policymakers, offering a
transparent tool for aligning AI governance with public
sentiment. Future work can extend this approach across
countries and over time to monitor evolving attitudes and
inform adaptive regulation in an increasingly AI-integrated
society.
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25. Pérez S, German-Labaume C, Mathiot S, et al. Using
Bayesian networks for environmental health risk assessment.
Environ Res 2022; 204: 112059.

26. Maciejowski J and Leonelli M. Uncovering drivers of EU
carbon futures with Bayesian networks. arXiv preprint arXiv:
250510384 2025.

27. Cugnata F, Kenett RS and Salini S. Bayesian networks in
survey data: robustness and sensitivity issues. J Qual Technol
2016; 48(3): 253–264.

28. Presse- und Informationsamt der Bundesregierung. Current
questions on AI 2023. https://doi.org/10.4232/1.14223,2024.
ZA8719Data

29. Koller D and Friedman N. Probabilistic graphical models:
principles and techniques. MIT Press, 2009.

30. Tsamardinos I, Brown LE and Aliferis CF. The max-min hill-
climbing Bayesian network structure learning algorithm.
Mach Learn 2006; 65: 31–78.

31. Scutari M. Learning Bayesian networks with the bnlearn R
package. J Stat Software 2010; 35: 1–22.

32. Scutari M and Nagarajan R. Identifying significant edges in
graphical models of molecular networks. Artif Intell Med
2013; 57(3): 207–217.

33. Heckerman D, Geiger D and Chickering DM. Learning
Bayesian networks: the combination of knowledge and sta-
tistical data. Mach Learn 1995; 20: 197–243.

34. Bishop CM. Pattern recognition and machine learning.
ISBN: Springer, 2006.

35. Leonelli M. bnRep: a repository of Bayesian networks from
the academic literature. Neurocomputing 2025; 624:
129502.

36. Ballester-Ripoll R and Leonelli M. Computing Sobol indices
in probabilistic graphical models. Reliab Eng Syst Saf 2022;
225: 108573.

37. Ballester-Ripoll R and Leonelli M. You only derive once
(YODO): automatic differentiation for efficient sensitivity
analysis in Bayesian networks. International Conference on
Probabilistic Graphical Models. PMLR, pp. 169–180.

38. Leonelli M, Ramanathan R andWilkerson RL. Sensitivity and
robustness analysis in Bayesian networks with the bnmonitor
R package. Knowl Base Syst 2023; 278: 110882.
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