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Abstract

This paper presents an exploratory cross-cultural analysis of autonomous vehicle expec-
tations through a 57-question survey distributed in the United States (n = 50), Germany
(n = 66), and Panama (n = 41). Five scales are presented and validated: Driving Behavior
Aggressiveness (DBA), Self-Driving Car Aggressiveness (SDCA), Artificial Intelligence
(AI) Trust (AIT), AI Driving Mechanics Trust (AIDMT), and Driver Safety Score (DSS).
Each scale is validated via confirmatory factor analysis and multi-group measurement
invariance testing. Results show that drivers prefer a self-driving car driving style more
conservative than their own; however, participants who are more trustful of AI show DBA–
SDCA equivalence, consistent with acceptance of a driving style comparable to their own.
Significant cross-cultural differences emerge, with Panama diverging from the United States
and Germany on DBA, SDCA, AIDMT, and DSS; these country effects largely persist after
controlling for demographics. These findings suggest that self-driving car behaviors should
be tailored to regional expectations and passenger trust profiles to improve adoption.

Keywords: self-driving cars; driving behavior; cross-cultural expectations; user experience;
trust in autonomy

1. Introduction
Over the past decade, the technologies powering self-driving cars have advanced

rapidly toward commercial deployment. The current standard for levels of driving au-
tomation is defined by the Society of Automotive Engineers (SAE) International’s J3016
Levels of Driving Automation [1]. The first three levels, 0, 1, and 2, vary from no driving
automation to partial driving automation where the human driver monitors the road.
Beginning at Level 3, the automated driving system monitors the road, and as the lev-
els progress to 4 and 5, the abilities of the driving system increase, such that at Level 5,
the vehicle is fully capable of automation in all scenarios. Mercedes-Benz’s “Drive Pilot”
system represents a Level 3 automation system that fully handles the driving task within
well-defined operational domains at slow to moderate speeds [2]. Level 4 systems have
progressed to full commercial deployment, with Waymo operating a driverless robotaxi
service across multiple US cities that has demonstrated substantially lower crash rates than
human drivers [3]. Level 5 systems, however, remain unrealized due to the number of edge
cases that such a system would need to handle. The questions for the immediate future of
self-driving car technology then revolve around the adaptability of the technology rather
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than the technology itself. While self-driving car technologies continue to mature, the
large-scale adoption of self-driving cars remains uncertain. Current research accordingly
points to limited acceptance of the technology among the general public.

In 2021, Morning Consult surveyed 2200 adults in the United States and found that
47% of respondents believed autonomous vehicles were less safe than their human-driven
counterparts and that only 22% believed autonomous vehicles were safer than a human
driver [4]. This skepticism has persisted: the AAA’s 2025 survey found that 6 in 10
US drivers remain afraid of riding in a self-driving car, with only 13% expressing trust
in the technology [5]. With a sustained majority of the public expressing skepticism
toward the technology even as these systems enter commercial deployment, research on
improving consumer trust in self-driving cars is needed [6,7]. Research conducted by
Lee et al. suggests that there are several factors affecting the adoption of self-driving
cars. These factors include the perceived usefulness, self-efficacy, perceived risk, and
psychological ownership of the vehicle [8]. Similarly, Choi and Ji found that trust and
perceived usefulness are the strongest determinants of intention to adopt autonomous
vehicles [9]. Underlying most of these factors is the inherent trust a user has in the self-
driving technology. Trust is a key factor in a person’s willingness to accept the technology
and is largely shaped by prior experiences [7,10]. Lee and See [6] provide a foundational
framework for understanding trust in automation, defining it as the attitude that an agent
has that will help achieve an individual’s goals in a situation characterized by uncertainty
and vulnerability. Parasuraman and Riley [11] further distinguish between appropriate
use, misuse (over-reliance), and disuse (under-reliance) of automation, each driven by the
calibration of trust relative to actual system capability.

Survey studies have revealed a social dilemma in autonomous vehicle ethics: while
respondents generally approve of utilitarian autonomous vehicles (AVs) that sacrifice their
passenger to save a greater number of lives, they themselves would prefer to ride in a
self-protective vehicle [12]. This tension between collective endorsement and individual
self-interest complicates trust formation, as passengers must accept a system whose ethical
programming may not prioritize their personal safety. Shariff et al. [13] propose that the
discussion of risk needs to be posed in terms of “absolute risk” rather than relative risk: by
driving a self-driving car, one diminishes one’s total risk of injury, and therefore one should
not focus on edge cases where one’s safety may not be prioritized. When considering risk
from an absolute perspective, users may be more likely to adopt a self-driving car, as their
chances of survival on any given drive are overall maximized by doing so.

One method of cultivating trust for self-driving cars is to improve human–machine
interaction. By designing self-driving cars that communicate with passengers and give
them a more active role in the experience, developers can deliver a more trustworthy
system, e.g., through adaptive mood control [14] and adaptive driving mode [15]. This is
supported by research conducted by Hartwich et al., whose evidence suggests that even
given an SAE Level 4–5 system where no human interaction is required, the introduction of
monitoring tools significantly improves passenger trust [16]. Further research conducted
by Hartwich et al. shows that the first experience with self-driving cars greatly impacts the
trust one associates with the technology [17].

In addition to the first experience significantly affecting a user’s perception of the
technology, research from Shahrdar et al. shows how trust is greatly affected by the driving
style used and that defensive driving builds more trust than aggressive driving in virtual
reality simulated tests [18]. These tests also showed that while initial experiences were
important, trust in the system can be rebuilt following faulty behavior given enough time
experiencing safer and more defensive driving from the self-driving car. Cegarra et al.
found that initial trust affects how conventional vehicle drivers behave in traffic with AVs,
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with higher trust leading to more risk-taking behavior around autonomous vehicles [19].
Furthermore, the amount of control a user has appears to be a significant factor in a user’s
ability to trust a given system. Research has shown that in the classical scenario of a
person being chauffeured, there is an increased level of discomfort with being a passenger
compared with being an active driver [20], and it appears that this analog extends to the
self-driving car scenario; yet, there is still a decreased amount of trust in robotic drivers
versus a human driver given equivalent driving behaviors as shown by Mühl et al. [21].
This suggests that self-driving cars not only have to perform as well as a human driver but
must also perform even better to gain equivalent trust from their passengers.

Studies by Kolekar et al. suggest self-driving behavior can be made more human-like
with the introduction of “driver risk field” modeling where the car’s behavior is tuned to
a given driver’s perceived risk when executing driving maneuvers [22]. This generates
autonomous behavior that is more in line with human driving than the current status quo,
which only tries to minimize the real risk posed by a driving scenario. Beyond increasing
the interactions passengers can experience with a self-driving car, the driving style can also
be modified to increase trust in the system. Research conducted by Basu et al. showed
that a more defensive driving style led to higher comfort and preference in autonomous
driving scenarios [23]. When participants were surveyed on their driving preferences, they
responded that they would want an experience similar to their own driving style for a
self-driving car. Yet, when passengers were placed in a simulation, participants preferred a
driving style that they thought was their own but was in fact much more conservative than
their actual driving style [23].

This coincides with research conducted by Hajiseyedjavadi et al., who showed that in
a simulator, drivers preferred their own driving styles over a faster one but still provided
negative feedback when replaying their own driving style on urban roads versus rural
roads, suggesting that environmental conditions play a significant part in preferred driving
style [24]. These results are partly supported by Dettmann et al., who showed that younger
drivers preferred autonomous driving styles similar to their own, while older drivers
showed greater tolerance for driving styles more aggressive than their own [25]. Dettmann
et al. also concluded by stating that the main factors in driving style preference depend on
“speed, acceleration and deceleration behavior as well as distance control” [25]. In a related
study, Schlüter et al. found that technological affinity and skepticism toward the technology
should also be taken into account when designing adaptive driving style autonomous
vehicle technologies [26].

Further research conducted by Bellem et al. showed how participants in a simulation
study preferred driving styles that minimized acceleration and jerk when performing
driving actions such as lane changing [27]. Bellem et al. also reported that personality traits
associated with participants did not have any significant observable effects on autonomous
driving preferences [27]. Consistent with the finding that drivers prefer conservative self-
driving car (SDC) behavior, Craig et al. reported that surveyed participants showed that
they expect a self-driving car to behave in a slightly less aggressive manner than their
own driving style [28]. Methods proposed by Park et al. suggest adapting the driving
behavior based on electroencephalography feedback to establish and maintain trust in the
system [29,30].

Beyond any technical limitations, there are also numerous legal issues that arise with
highly autonomous systems. From a legal standpoint, liability frameworks for autonomous
vehicles remain fragmented; while some manufacturers now accept responsibility when
their automated driving systems are engaged [2], no uniform international standard has
emerged. In the case of semi-autonomous systems, liability attribution becomes less clear.
Research from Awad et al. suggests that drivers are blamed more than the automated
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systems in these semi-autonomous situations even when both make errors [31]. These
findings suggest that more clearly defining liability attribution in autonomous systems
could help improve public trust in the technology. With these questions in mind, we must
further consider how users will respond to these technologies outside of the demographics
in which research is collected. An important question remains as to how research partici-
pants are biased by the infrastructure and cultural norms of the country in which research
takes place. There are some surveys that provide an international view, such as research
conducted by Deloitte in 2020, which provided responses by country (South Korea, Japan,
United States, Germany, India, and China) detailing the percentage of consumers who
believe SDCs will not be safe. The results provided by Deloitte for most countries follow
the United States’ sentiments (∼50% believe they will not be safe) with some outliers, such
as China, whose survey data suggests a more trusting sentiment, and India, whose survey
data suggests a less trusting sentiment [32]. Large-scale cross-national studies further illus-
trate cross-cultural variation: Kyriakidis et al. [33] surveyed over 5000 respondents from
109 countries and found that respondents from more developed countries expressed greater
concern about automated driving, while Muzammel et al. [34] demonstrated that Hofst-
ede’s cultural dimensions significantly predict national-level variation in AV acceptance.
More recent multi-country validation studies [35,36] confirm that cultural values moderate
AV acceptance, underscoring the need for cross-cultural validation of trust instruments.

With prominent Level 4 deployments such as Waymo’s driverless service operating
primarily in US cities [3], it becomes challenging to understand the global needs of this
technology when so much of this research is based on the experiences of US drivers on
American roads. Throughout this paper, we establish new scales through surveys that allow
for measurement of various driving behaviors and expected behaviors from self-driving
cars. Because trust calibration theory predicts that higher trust in automation reduces the
perceived need for conservative safety margins [6], we hypothesize that individuals with
greater AI trust will show a smaller gap between their self-reported driving aggressiveness
and the aggressiveness they prefer from an SDC. Using these scales, we address the
following research questions:

RQ1. Do drivers prefer SDC driving behavior that is more conservative than their own,
and does this preference vary across countries?

RQ2. Is Artificial Intelligence (AI) trust level associated with the gap between self-reported
driving aggressiveness and preferred SDC aggressiveness?

RQ3. Do cross-cultural differences exist in driving behavior, SDC preferences, AI trust, and
driver safety behaviors across the US, Germany, and Panama?

This journal version extends the conference paper [37] with multi-group measurement
invariance testing, discriminant validity analysis of AI Trust (AIT) versus AI Driving
Mechanics Trust (AIDMT), AIT threshold sensitivity analysis, multivariate regression
controlling for demographics, Bonferroni correction for multiple comparisons, and post-
hoc power analysis.

2. Materials and Methods
All statistical analyses were implemented in Python (version 3.12.3) and R (version

4.3.3) by the authors; Anthropic Claude (Claude Opus 4.6, 2026) was used as a coding
assistant and to verify consistency of reported statistics across the manuscript.

2.1. Participants and Sampling

This study contributes cross-cultural data on driving behavior and SDC preferences
through several newly defined metrics based on question groupings that further charac-
terize user expectations of self-driving cars. We surveyed 157 people across the United
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States, Germany, and Panama who were recruited through local networking and through
PollPool.com. Panamanian data were primarily collected through the distribution of the
survey among local contacts in the area who distributed the survey further among their
peers. Data from Germany and the United States were primarily collected through PollPool.
These regions were chosen as the US and Germany represent two global hubs of automotive
manufacturing and are at the forefront of self-driving technologies at scale. In contrast,
Panama was chosen as an emerging market due to its high number of consumer sales
across Central America, where in 2019 it had the highest number of vehicles registered or
sold in the region [38]. Panama also provides an important contrast as a Latin American
market where road safety remains a significant public health challenge [39] and where
cross-cultural communication norms may shape technology acceptance differently than in
Western industrialized nations [40], making AV deployment both promising and sensitive
to cultural context. Research on AV perceptions in Latin America remains scarce, with
Marroquin et al. [41] providing one of the few regional studies, finding that interpersonal
trust is the strongest predictor of AV acceptance across 18 Latin American countries.

Survey data were machine-translated from English into German and Spanish and
subsequently reviewed by a native speaker of each language to verify the accuracy and
cultural appropriateness of each item. Formal back-translation was not conducted; however,
the measurement invariance analyses reported in Section 3.9 provide partial empirical
evidence that the scales function similarly across the three language versions, though
measurement invariance alone cannot establish semantic equivalence (see Section 4.5).
Data were collected over the course of 2022. The respondents totaled 50 from the United
States, 66 from Germany, and 41 from Panama. Surveys distributed in the United States
and Germany were administered via Google Forms, with PollPool used as a recruitment
platform to direct participants to the survey, introducing potential self-selection bias toward
tech-savvy respondents. Panamanian data were collected through snowball sampling
among local contacts, which may introduce network-based sampling bias. Both represent
convenience samples and are not nationally representative; however, multivariate analyses
controlling for demographic covariates partially address potential demographic skew
across groups (see Section 2.9). This analysis contributes cross-cultural driving behavior
and SDC preference data from an underrepresented Latin American market (Panama)
alongside two Western automotive hubs (US and Germany), pairing self-reported driving
behavior metrics with SDC driving style preference metrics across multiple countries.

2.2. Survey Procedure and Instruments

Participants were asked to complete a survey. The survey asked 57 questions relating
to demographics, personal driving behaviors, and trust in AI and self-driving cars. The
survey was structured into seven distinct parts as follows:

• Part-1 provides demographic information including data about what country the
driver currently resides in and what country they have driven the most in as well as
age, gender, ethnicity, education, employment status, income range, etc.

• Part-2 provides information regarding how a driver behaves on non-highway roads,
and it is used to define an aggressiveness score for the driver.

• Part-3 provides information regarding how a driver behaves on highway roads, and it
is also used to define an aggressiveness score for the driver.

• Part-4 provides information regarding general driving behaviors such as parking,
turning, and driving under difficult weather conditions.

• Part-5 provides information regarding how much drivers currently trust Artificial
Intelligence (AI) and its applications to self-driving cars on a 5-point Likert-type scale:
distrust, somewhat distrust, neutral, somewhat trust, and trust.
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• Part-6 provides data regarding how drivers expect AI/autonomy to perform on non-
highway roads.

• Part-7 provides data regarding how drivers expect AI/autonomy to perform on
highway roads.

2.3. Quantitative Measurement

Each question asked can be related to a quantitative value to define Driving Behavior
Aggressiveness (DBA), Self-Driving Car Aggressiveness (SDCA), AI Driving Mechanics Trust
(AIDMT), general AI Trust (AIT), and Driver Safety Score (DSS) metrics.

Responses from highway-based and non-highway-based questions were averaged
together to provide a more general scoring of the driver’s aggressiveness in all situations.
The same averaging method was applied to the SDCA items across highway and non-
highway contexts. For DBA scores, a score of 0 represents a conservative driver and a score
of 1 represents an aggressive driver. For SDCA scores, a score of 0 represents a conservative
SDC and a score of 1 represents an aggressive SDC. These scores can then be used to
contrast expectations of an SDC to a participant’s own driving behaviors. For the trust
scales, AIT and AIDMT scores of 0 represent full distrust and scores of 1 represent full trust.
For DSS, a score of 0 represents the safest (most cautious) driving actions and 1 represents
the least safe.

2.4. Unidimensionality of Scales

As a prerequisite to most consistency and reliability tests as they relate to new scales,
the assumption of the unidimensionality of each scale must be evaluated. In this survey, we
introduce five new scales to measure various driving behaviors based on survey responses.
These scales are constructed from subsets of questions hypothesized to measure a single
underlying factor. To evaluate whether these questions are unidimensional (i.e., they
measure a single larger factor), we conducted an iterative confirmatory factor analysis
(CFA) of these questions, in which theoretically motivated models were refined through
inspection of modification indices and item diagnostics.

For the Driving Behavior Aggressiveness (DBA) scores, we constructed a scale from
seven items relating to highway and non-highway driving. Correlated residuals (error
covariances) were specified between item pairs guided primarily by empirical modification
indices and, where applicable, substantive rationale such as parallel item content across
road types (e.g., the same driving mechanics measured in highway versus non-highway
contexts). The same correlated residual specifications were applied consistently to both
the DBA and SDCA scales. Similarly, for the Self-Driving Car Aggressiveness metric, we
constructed a scale consisting of 7 items that measure how aggressively a given user would
want their self-driving car to behave. The 7 items used in this scale are the same as the
7 items asked in the DBA scale but now in the context of the self-driving car performing
the action. The same correlated residual structure applied to the DBA scale was applied
to the SDCA scale to maintain consistency. The next scale constructed was the AI Driving
Mechanics Trust (AIDMT) scale, which employed 6 items that gauge on a 5-point Likert-
type scale how much trust a user has in an AI car performing a variety of highway driving
mechanics such as controlling speed and lane changing. Subsequently, the AI Trust scale
(AIT) was constructed from 6 items that determine how much a user would trust AI
performance in various complex scenarios. Finally, the Driver Safety Score (DSS) scale was
created from seven items that determine how safe the sampled user is based on how they
respond to various driving conditions.

During CFA model development, items with standardized factor loadings below 0.40
or whose removal improved model fit were candidates for exclusion. The AIT scale was
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reduced from 7 to 6 items (one item dropped due to local dependency with an adjacent
item), the DBA and SDCA scales from 10 to 7 items each (braking items from both road
types and the non-highway speed item were removed), and the DSS scale from 10 to 7 items.
The AIDMT scale retained 6 of its original 16 items; notably, all retained items concerned
highway driving tasks, so the scale as validated reflects highway-specific driving mechanics
trust rather than general driving mechanics trust. Full original item pools are available in
the archived survey instruments [42].

The CFA considered how each item in a scale related to a single latent variable
using polychoric correlations to account for the categorical nature of the ordinal response
scales [43]. All CFA models were estimated using the Weighted Least Squares Mean and
Variance adjusted (WLSMV) estimator, which is recommended for ordinal categorical
data [43]. No missing data were present at the item level. The DSS model included one
correlated residual between items involving lateral vehicle movement (turning behavior
and night driving lane changes), guided by modification indices and specified on the same
empirical basis as the DBA and SDCA residuals. Goodness of fit for each model was
evaluated using the mean-adjusted (scaled) fit indices produced by WLSMV, which correct
for non-normality due to the ordinal data. The primary fit indices reported are the χ2

test statistic and its p-value, the Comparative Fit Index (CFI), and the Tucker–Lewis Index
(TLI). Root Mean Square Error of Approximation (RMSEA) is also provided but should be
interpreted cautiously for this study due to known issues with overestimating misfit when
the degrees of freedom and sample size are small [44]. Table 1 presents the fit parameters
for each scale. Standardized factor loadings range from 0.45 to 0.92 for DBA, 0.74 to 0.89 for
SDCA, 0.75 to 0.85 for AIT, 0.74 to 0.87 for AIDMT, and 0.49 to 0.72 for DSS. The χ2 p-value
for each scale is greater than 0.05 and thus non-significant. CFI and TLI values exceed 0.95
for all five scales, indicating good model fit [45]. RMSEA values range from 0.025 to 0.074,
indicating close to reasonable fit, though as noted above, RMSEA should be interpreted
cautiously given the small sample size and low degrees of freedom; the CFI/TLI values
provide stronger evidence of model fit.

Table 1. Goodness of fit metrics for each created scale.

Goodness of Fit Metrics

χ2 df p(χ2) CFI TLI RMSEA

DBA 16.540 11 0.122 0.989 0.979 0.057

SDCA 18.356 11 0.074 0.995 0.991 0.065

AIDMT 14.656 9 0.101 0.997 0.995 0.063

AIT 16.609 9 0.055 0.995 0.991 0.074

DSS 14.294 13 0.353 0.994 0.990 0.025

2.5. Consistency and Reliability in Measurement

To establish the reliability of our analysis, the consistency of each scale must be
demonstrated. While Cronbach’s alpha is often used for this purpose in the literature, its
assumptions are frequently violated in practice, as it assumes tau-equivalence of the items
within each set, i.e., each item contributes equally to the general factor being measured, as
well as assumes that the general factor being measured is unidimensional [46,47].

Furthermore, if either of these requirements is not met, the reported Cronbach’s alpha
value may over- or underestimate the reliability of the test, depending on the pattern of
loadings and error correlations [46,48]. To address these issues, we consider a model-based
measure of reliability known as McDonald’s Omega [48,49], which takes a factor analysis
approach to deriving correlations between items. McDonald’s Omega maintains the same
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range and threshold of accepted consistency as Cronbach’s alpha, where Omega values
greater than 0.7 are considered acceptable, while not requiring tau-equivalence among the
items. Similar to Cronbach’s alpha, the data are required to be unidimensional, which we
have established for our data using the CFA in the previous section. Table 2 presents the
resulting Omega values. Our results for McDonald’s Omega exceed 0.7, confirming good
reliability for all five scales.

Table 2. McDonald’s Omega for each created scale.

McDonald’s Omega

Scale ωu

DBA 0.788

SDCA 0.863

AIDMT 0.908

AIT 0.896

DSS 0.705

2.6. Measurement Invariance

This study compares scale scores across three culturally and linguistically distinct
groups; as such, it is essential to establish that the scales function equivalently across
groups. To do so, we established evidence for measurement invariance [50,51]. Without
this evidence, observed cross-cultural differences may reflect measurement artifacts rather
than true group differences. Prior work by Chien et al. [52] validated a trust-in-automation
scale across US, German, Taiwanese, and Turkish samples, demonstrating the importance
of such validation for cross-cultural trust research. Multi-group CFA was conducted for
each of the five scales using the WLSMV estimator with theta parameterization, which
is preferred for ordinal response data [53]. Three progressively restrictive models were
tested: (1) configural invariance (same factor structure across groups), (2) metric invariance
(equal factor loadings), and (3) scalar invariance (equal loadings and thresholds). Model
comparisons used the change in CFI (∆CFI), where |∆CFI| < 0.01 indicates that invariance
holds [50]. We note that Chen [50] suggested a stricter threshold of |∆CFI| < 0.005 for small,
unequal samples; however, the 0.01 criterion remains the most widely applied standard in
applied measurement invariance research [51] and is adopted here. For scales where some
response categories were empty within specific country groups (DSS, SDCA, and DBA),
sparse categories were collapsed to enable model convergence. Results are presented in
Section 3.9.

2.7. Discriminant Validity: AIT Versus AIDMT

The moderate observed Pearson correlation between the AIT and AIDMT scales
(r = 0.636) raises the question of whether these scales measure genuinely distinct con-
structs. AIT captures general trust in AI and autonomous technologies, whereas AIDMT
measures trust in specific driving mechanics performed by an autonomous vehicle. This
distinction mirrors the established generalized versus task-specific trust framework in
organizational psychology [54]. To empirically validate this distinction, three comple-
mentary analyses were conducted: (1) a comparison of two-factor versus one-factor CFA
models using chi-square difference testing, (2) the Fornell–Larcker criterion, requiring each
scale’s Average Variance Extracted (AVE) to exceed the squared inter-factor correlation, and
(3) the Heterotrait–Monotrait (HTMT) ratio, where HTMT < 0.85 supports discriminant
validity [55]. Results are presented in Section 3.10.
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2.8. AIT Threshold Justification

This study classifies participants as “trustful” (AIT > 0.5) or “distrustful” (AIT ≤ 0.5)
when examining the relationship between AI trust and SDC aggressiveness preferences
(Section 3). The 0.5 threshold represents the neutral midpoint of the 0–1 scale: an average
item response above 0.5 indicates a net positive disposition toward trust, while a score at
or below 0.5 indicates a net negative disposition, yielding ntrust = 67 and ndistrust = 90.
To verify that findings are not sensitive to this particular threshold, a separate sensitivity
analysis was conducted across seven thresholds (0.35, 0.40, 0.45, 0.50, 0.55, 0.60, and 0.65);
in the sensitivity analysis, participants scoring exactly at each threshold were excluded to
create clean group separation (e.g., at 0.50, 16 participants with AIT = 0.5 were excluded,
yielding ntrust = 67 and ndistrust = 74). Additionally, continuous analyses using Spearman
correlations and Ordinary Least Squares (OLS) regression were performed to complement
the dichotomous approach. To move beyond a null-result interpretation for the trustful
group, a Two One-Sided Tests (TOST) equivalence procedure [56], implemented using
two one-sided Wilcoxon signed-rank tests on the paired DBA–SDCA differences, was ap-
plied to determine whether the DBA–SDCA difference in the trustful group was statistically
equivalent to zero within a meaningful margin. The equivalence margin was set to ±0.125,
equal to the distrustful group’s observed pseudo-median, representing the smallest em-
pirically meaningful gap. TOST results are presented alongside the paired DBA–SDCA
comparison in Section 3; threshold sensitivity results are presented in Section 3.11.

2.9. Multivariate Analysis

To assess whether observed cross-cultural differences persisted after accounting for
demographic heterogeneity, OLS regression was conducted for each scale with country as
the primary predictor and age, gender, and education level as covariates. Demographics
were harmonized across the three survey languages by standardizing response categories.
Education was coded ordinally (0 = none, 1 = high school or equivalent, 2 = bachelor’s,
3 = master’s, and 4 = doctoral/professional), with country-specific degree names mapped
to the nearest equivalent level. Income was excluded due to incompatible currency units
across countries. Driving experience (years of licensure) was not collected in the survey
instrument and therefore could not be included as a covariate. Seven participants were
excluded from the regression analyses due to missing demographic data (4 from Panama
and 3 from Germany), yielding N = 150. OLS regression on averaged ordinal scale scores
is standard practice in psychometric research when the dependent variable represents a
multi-item composite [57,58]; averaging across 6–7 items produces a quasi-continuous
distribution, and with N = 150, the Central Limit Theorem supports the assumption
that the sampling distributions of the OLS coefficient estimates are approximately normal.
Results are presented in Section 3.12.

3. Results
This section compares the scores generated from each of the defined quantitative

metrics (DBA, SDCA, AIDMT, AIT, and DSS) against the collected demographic data to test
whether there are statistically observable differences across demographics within a nation’s
population as well as from an international perspective. Distributions were compared
using two-sided Mann–Whitney U tests for independent groups and two-sided Wilcoxon
signed-rank tests for paired within-subject comparisons (e.g., DBA versus SDCA and AIT
versus AIDMT) and reported if the resulting p-value was less than 0.05. Direction of
effects was conveyed through signed effect size measures (Cliff’s δ, Hodges–Lehmann
estimates, pseudo-medians, and rank-biserial correlations) rather than test sidedness. In
comparisons involving multiple countries, a per-construct Bonferroni correction [59] was

https://doi.org/10.3390/wevj17030161

https://doi.org/10.3390/wevj17030161


World Electr. Veh. J. 2026, 17, 161 10 of 32

applied within each scale to control the family-wise error rate. Because each scale measures
a conceptually distinct construct, the correction was applied within each family of three
country-pair comparisons (α = 0.05/3 = 0.0167) rather than across all 15 tests globally.
This approach scopes the correction to tests that share the same construct-specific null
hypothesis, avoiding the inflation of type II error that results from penalizing each construct
for comparisons on unrelated scales. Under a global Bonferroni correction across all
15 tests (α = 0.05/15 = 0.0033), four of eight significant results would no longer reach
significance (DBA US–Panama, SDCA US–Panama, SDCA Panama–Germany, and DSS
Panama–Germany). Within-country paired comparisons (DBA vs. SDCA and AIT vs.
AIDMT) are reported at α = 0.05 without correction, as each paired test addresses a distinct
within-subject hypothesis.

As the Mann–Whitney U test provides only a significance value without quantifying
the magnitude of difference, additional statistical tools were employed for measures found
significant. The Hodges–Lehmann (HL) estimator [60], bootstrapped with 10,000 iterations,
was used to estimate the median location shift between distributions along with 95%
confidence intervals; positive HL values indicate the first group scored higher than the
second. This analysis also reports Cliff’s δ [61] as a standardized effect size measure
describing the tendency for scores in one group to be higher than the other. Cliff’s δ is
measured on a scale of −1 to +1, where +1 represents the case when all values in group
A are greater than all values in group B, 0 represents groups with perfect overlap, and
−1 represents all values in group A being less than all values in group B. For paired
within-subject comparisons, the pseudo-median of within-subject differences and its 95%
confidence interval are reported as the location-shift measure, along with the matched-pair
rank-biserial correlation rrb as the effect size. Positive pseudo-median values indicate the
first scale scored higher; rrb ranges from −1 to +1 with the same directional interpretation.

3.1. Summary Statistics

Table 3 summarizes the demographic characteristics of participants by country. Pana-
manian respondents were older on average (M = 33.9; SD = 12.8) than US (M = 27.7;
SD = 8.3) and German (M = 26.7; SD = 5.2) respondents. The US sample was predom-
inantly male (68.0%), whereas the German sample was predominantly female (63.6%).
Education levels varied, with Germany having the highest proportion of bachelor’s (55.6%)
and master’s (23.8%) degree holders, while Panama had the highest proportion of high
school or some college education (60.0%). Seven participants had incomplete demographic
data (four from Panama and three from Germany) and were excluded from regression
analyses, yielding N = 150 for those models.

To provide further evidence that our metrics measure different aspects of a respon-
dent’s driving profile, we considered the correlations among their responses. The Pearson
correlation coefficient was evaluated between each measured metric across all demograph-
ics. The basic correlation analysis shows that most inter-scale correlations are weak to
moderate, with the exception of AIT and AIDMT (r = 0.636), whose distinctness is em-
pirically verified through discriminant validity analysis (Section 3.10). The remaining
correlations support the conclusion that each scale is measuring a different aspect of driv-
ing behaviors and preferences. These results are shown in Table 4. The summary statistics
for each surveyed demographic were also generated and are shown in Table 5. These
tables provide a high-level overview of how each demographic tended to respond in each
measured scale. A more detailed examination of how these distributions compare with one
another is shown in the following sections; however, some differences in the distribution
of responses across demographics are already apparent. Detailed paired and between-
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group distribution comparisons for all scales are presented in Table 6, and all cross-country
Mann–Whitney U tests with Bonferroni correction are summarized in Table 7.

Table 3. Participant demographics by country. Education percentages are computed from respondents
with non-missing education data (nUS = 50, nPanama = 40, and nGermany = 63; N = 153).

US Panama Germany Overall
(n = 50) (n = 41) (n = 66) (N = 157)

Age
M (SD) 27.7 (8.3) 33.9 (12.8) 26.7 (5.2) 28.8 (9.1)
Range 18–51 18–64 20–50 18–64

Gender (%)
Male 68.0 56.1 36.4 51.6
Female 32.0 43.9 63.6 48.4

Education (%)
High School/Some College 36.0 60.0 14.3 33.3
Bachelor’s 48.0 35.0 55.6 47.7
Master’s 16.0 5.0 23.8 16.3
Professional/Doctoral 0.0 0.0 6.3 2.6

Note. Seven participants had incomplete demographic data (four from Panama and three from Germany) and
were excluded from regression analyses.

Table 4. Pearson correlation of scales across all demographics surveyed. Scale scores are computed
using CFA-validated items.

Pearson Correlation of Average Responses for Each Scale

DBA SDCA AIDMT AIT DSS

DBA 1 0.365 0.102 −0.081 0.523

SDCA 0.365 1 0.266 0.300 0.494

AIDMT 0.102 0.266 1 0.636 −0.040

AIT −0.081 0.300 0.636 1 0.037

DSS 0.523 0.494 −0.040 0.037 1

Table 5. Summary statistics across each sampled demographic: Std. Dev. stands for
standard deviation.

International Summary Statistics

DBA SDCA AIT AIDMT DSS

Mean 0.400 0.326 0.481 0.546 0.222

Std. Dev. 0.183 0.209 0.247 0.268 0.164

Median 0.429 0.357 0.500 0.542 0.214

Min 0.000 0.000 0.000 0.000 0.000

Max 0.786 1.000 1.000 1.000 0.750

United States Summary Statistics

DBA SDCA AIT AIDMT DSS

Mean 0.404 0.374 0.535 0.619 0.269

Std. Dev. 0.172 0.227 0.228 0.247 0.170

Median 0.429 0.357 0.542 0.604 0.250

Min 0.036 0.000 0.083 0.000 0.000

Max 0.714 1.000 1.000 1.000 0.750
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Table 5. Cont.

Germany Summary Statistics

DBA SDCA AIT AIDMT DSS

Mean 0.454 0.346 0.468 0.576 0.235

Std. Dev. 0.176 0.181 0.243 0.241 0.168

Median 0.429 0.393 0.458 0.542 0.179

Min 0.000 0.000 0.000 0.083 0.000

Max 0.786 0.786 1.000 1.000 0.750

Panama Summary Statistics

DBA SDCA AIT AIDMT DSS

Mean 0.309 0.233 0.435 0.410 0.145

Std. Dev. 0.175 0.204 0.269 0.288 0.117

Median 0.321 0.214 0.500 0.417 0.143

Min 0.000 0.000 0.000 0.000 0.000

Max 0.714 0.643 1.000 1.000 0.429

Table 6. Distribution comparisons across multiple countries. All p-values are two-sided. All scale
scores are computed using CFA-validated items (see Tables 8–12). Panels (a)–(c) report paired
Wilcoxon signed-rank tests (W statistic, pseudo-median of within-subject differences, and matched-
pair rank-biserial rrb) for within-subject comparisons; direction is indicated by the sign of the pseudo-
median and rrb. Panels (d)–(e) report Mann–Whitney U tests (HL estimate and Cliff’s δ) for between-
group comparisons; positive HL and δ indicate the first-named group scored higher. For Bonferroni-
corrected significance across all 15 country-pair comparisons, see Table 7. Individual trust-question
p-values in panels (f)–(h) are exploratory and uncorrected for multiple comparisons.

(a) Paired Wilcoxon Signed-Rank Comparison of Each Participant’s DBA Versus SDCA, Split
by AIT Trust Threshold (>0.5 = Trustful; ≤0.5 = Distrustful).

AIT W p-Value Pseudo-med. 95% CI rrb

≤0.5 2739.5 <0.001 0.125 (0.089, 0.179) 0.65

>0.5 891.5 0.863 0.000 (−0.054, 0.054) −0.03

(b) Paired Wilcoxon Signed-Rank Comparison of DBA Versus SDCA Within Each Country and
Combined Internationally (Two-Sided). Direction DBA > SDCA Based on Positive

Pseudo-Medians and rrb.

Country W p-Value Pseudo-med. 95% CI rrb

US 584.5 0.449 0.036 (−0.036, 0.107) 0.13

Germany 1366.5 <0.001 0.107 (0.054, 0.143) 0.54

Panama 501.5 0.024 0.071 (0.018, 0.143) 0.43

International 6892.5 <0.001 0.071 (0.036, 0.107) 0.38

(c) Paired Wilcoxon Signed-Rank Comparison of AIT Versus AIDMT Within Each Country and
Combined Internationally (Two-Sided). Direction AIDMT > AIT Based on Positive

Pseudo-Medians and rrb.

Country W p-Value Pseudo-med. 95% CI rrb

US 781.5 0.008 0.083 (0.021, 0.146) 0.45

Germany 1407.5 <0.001 0.104 (0.062, 0.167) 0.59

Panama 224.5 0.460 −0.021 (−0.083, 0.042) −0.15

International 6536.0 <0.001 0.063 (0.042, 0.104) 0.38
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Table 6. Cont.

(d) America vs. Panama—Distribution Comparison. Positive HL and δ Indicate US Scored
Higher.

Scale U
Statistic p-Value HL Estimate 95% CI Cliff’s δ

DBA 1342.0 0.011 0.107 (0.036, 0.179) 0.31

SDCA 1383.0 0.004 0.143 (0.071, 0.214) 0.35

AIDMT 1477.0 <0.001 0.250 (0.125, 0.375) 0.44

DSS 1484.0 <0.001 0.107 (0.071, 0.179) 0.45

(e) Germany vs. Panama—Distribution Comparison. Positive HL and δ Indicate Germany
Scored Higher.

Scale U
Statistic p-Value HL Estimate 95% CI Cliff’s δ

DBA 1959.5 <0.001 0.143 (0.071, 0.214) 0.45

SDCA 1770.0 0.007 0.143 (0.000, 0.214) 0.31

AIDMT 1823.0 0.003 0.208 (0.083, 0.292) 0.35

DSS 1752.5 0.010 0.071 (0.000, 0.143) 0.30

(f) Germany vs. Panama—Trust Questions. Positive HL and δ Indicate Germany Scored Higher.

AIT Question U
Statistic p-Value HL Estimate 95% CI Cliff’s δ

AIT4 1053.0 0.047 −0.250 (−0.250, 0.000) −0.22

AIT5 1739.5 0.011 0.250 (0.000, 0.250) 0.29

(g) America vs. Germany—Trust Questions. Positive HL and δ Indicate US Scored Higher.

AIT Question U
Statistic p-Value HL Estimate 95% CI Cliff’s δ

AIT4 2105.5 0.009 0.250 (0.000, 0.250) 0.28

(h) America vs. Panama—Trust Questions. Positive HL and δ Indicate US Scored Higher.

AIT Question U
Statistic p-Value HL Estimate 95% CI Cliff’s δ

AIT2 1291.5 0.028 0.250 (0.000, 0.250) 0.26

AIT6 1393.5 0.003 0.250 (0.000, 0.250) 0.36

Table 7. All cross-country Mann–Whitney U tests with per-construct Bonferroni correction and
Cliff’s δ effect sizes. Scale scores are computed using CFA-validated items (see Tables 8–12). Each
scale’s three country-pair comparisons are corrected as an independent family (α = 0.05/3 = 0.0167).
Effect size interpretation: N = negligible (|δ| < 0.147), S = small (<0.33), M = medium (<0.474), and
L = large (≥0.474). Positive δ indicates the first group scored higher. All p-values are two-sided.
* p < 0.0167 (Bonferroni-corrected).

Scale Comparison U p Cliff’s δ Sig.

DBA US vs. Panama 1342.0 0.011 0.309 (S) *

DBA US vs. Germany 1408.5 0.177 −0.146 (N)

DBA Panama vs. Germany 746.5 <0.001 −0.448 (M) *

SDCA US vs. Panama 1383.0 0.004 0.349 (M) *

SDCA US vs. Germany 1756.0 0.552 0.064 (N)

SDCA Panama vs. Germany 936.0 0.007 −0.308 (S) *
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Table 7. Cont.

Scale Comparison U p Cliff’s δ Sig.

AIT US vs. Panama 1266.5 0.054 0.236 (S)

AIT US vs. Germany 1914.5 0.140 0.160 (S)

AIT Panama vs. Germany 1236.5 0.457 −0.086 (N)

AIDMT US vs. Panama 1477.0 <0.001 0.441 (M) *

AIDMT US vs. Germany 1850.5 0.264 0.122 (N)

AIDMT Panama vs. Germany 883.0 0.003 −0.347 (M) *

DSS US vs. Panama 1484.0 <0.001 0.448 (M) *

DSS US vs. Germany 1895.0 0.172 0.148 (S)

DSS Panama vs. Germany 953.5 0.010 −0.295 (S) *

Table 8. DBA scale items.

DBA Questions Used for Scale

DBA1 Which best describes your driving behavior most of the time in terms of speed while
driving on: THE HIGHWAY

DBA2 Which best describes your lane changing behavior when driving on: THE HIGHWAY

DBA3 How would you describe the way you accelerate and decelerate while driving on:
THE HIGHWAY

DBA4 How often do you pass others when driving on: THE HIGHWAY

DBA5 What best describes your lane changing behavior when driving on: NON-HIGHWAY
ROADS

DBA6 How would you describe the way you accelerate and decelerate while driving on:
NON-HIGHWAY ROADS

DBA7 How often do you pass other vehicles when driving on: NON-HIGHWAY ROADS

Table 9. SDCA scale items.

SDCA Questions Used for Scale

SDCA1
If you are traveling in a self-driving car, and the car is in control of the speed,
what range speed would you feel most comfortable with when driving on:
HIGHWAY ROADS

SDCA2 If you are traveling in a self-driving car, on HIGHWAY ROADS, you expect the
car to change lanes:

SDCA3 If you are traveling in a self-driving car, on HIGHWAY ROADS, your preference
for the way it accelerates and decelerates would be:

SDCA4 If you are traveling in a self-driving car, how often would you expect the car to
pass other vehicles when driving on: HIGHWAY ROADS

SDCA5 If you are traveling in a self-driving car, on NON-HIGHWAY ROADS, you
expect the car to change lanes:

SDCA6 If you are traveling in a self-driving car, on NON-HIGHWAY ROADS, your
preference for the way it accelerates and decelerates would be:

SDCA7 If you are traveling in a self-driving car, how often would you expect the car to
pass other vehicles when driving on: NON-HIGHWAY ROADS
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Table 10. AIT scale items.

AIT Questions Used for Scale

AIT1 What is your trust level to utilize Artificial Intelligence or Fully Autonomous
Technologies?

AIT2 What is your trust level that self-driving cars will keep your own safety as its
primary objective?

AIT3
What is your trust level that self-driving cars will be able to navigate in construc-
tion zones that include temporary detours that would ordinarily go against the
flow of traffic?

AIT4 What is your trust level that self-driving cars will be able to navigate in crowded
pedestrian areas?

AIT5 What is your trust level that self-driving cars will successfully get you to the
EXACT destination you requested?

AIT6 What is your trust level in the ability of self-driving cars to navigate safely with
no person in the vehicle?

Table 11. AIDMT scale items.

AIDMT Questions Used for Scale

AIDMT1

If you were in a self-driving car, what tasks do you feel comfortable handing
over to the car to perform autonomously? Please rank your trust level when
it comes to the following driving tasks being performed by a self-driving car
when driving on: HIGHWAY ROADS [The speed of the car]

AIDMT2

If you were in a self-driving car, what tasks do you feel comfortable handing
over to the car to perform autonomously? Please rank your trust level when
it comes to the following driving tasks being performed by a self-driving car
when driving on: HIGHWAY ROADS [Changing lanes]

AIDMT3

If you were in a self-driving car, what tasks do you feel comfortable handing
over to the car to perform autonomously? Please rank your trust level when
it comes to the following driving tasks being performed by a self-driving car
when driving on: HIGHWAY ROADS [Signaling]

AIDMT4

If you were in a self-driving car, what tasks do you feel comfortable handing
over to the car to perform autonomously? Please rank your trust level
when it comes to the following driving tasks being performed by a self-
driving car when driving on: HIGHWAY ROADS [Driving in hazardous
weather conditions]

AIDMT5

If you were in a self-driving car, what tasks do you feel comfortable handing
over to the car to perform autonomously? Please rank your trust level when
it comes to the following driving tasks being performed by a self-driving car
when driving on: HIGHWAY ROADS [Braking]

AIDMT6

If you were in a self-driving car, what tasks do you feel comfortable handing
over to the car to perform autonomously? Please rank your trust level when
it comes to the following driving tasks being performed by a self-driving car
when driving on: HIGHWAY ROADS [Maintaining a certain distance from
the cars around you]
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Table 12. DSS scale items.

DSS Questions Used for Scale

DSS1 What best describes your driving behavior when making a turn?

DSS2 What best describes your driving behavior when driving on a winding road?

DSS3 When driving in that less than perfect weather condition, what happens to
your speed?

DSS4 How would you describe your lane changing behavior when driving in that
less than perfect weather condition?

DSS5 Which best describes your driving behavior most of the time in terms of speed
while driving at night?

DSS6 Which best describes your behavior most of the time when it comes to signaling
lane changes while driving at night:

DSS7 Which best describes your lane changing behavior when driving at night?

3.2. International DBA and SDCA Metrics Across All Demographics

The following DBA and SDCA scores shown in Figure 1a,b were generated and
compared at an international level. These distributions show that across the combined
international sample, most drivers behave in a conservative to moderate fashion and
most drivers prefer a more conservative self-driving car compared with their own driving
behaviors. This finding supports previous research conducted in [28], which provided
similar distributions across these metrics (see Table 6).

Using a two-sided Wilcoxon signed-rank test (paired), we found evidence that these
distributions are statistically different, with the underlying distribution of the DBA score
being statistically greater than the underlying distribution of the SDCA score (positive
pseudo-median and rrb; see Table 6) with a p-value < 0.001. Also relevant is the relationship
between people’s trust in AI and how they would like their SDC to perform. For this
analysis, we considered a driver with an AIT score of less than or equal to 0.5 to be generally
distrustful of AI technology and a driver with a trust score greater than 0.5 to be generally
trustful of AI technology. Under these parameters, the following SDCA score distributions
are considered and shown in Figure 1. Using a two-sided Wilcoxon signed-rank test, we
compared each participant’s own DBA and SDCA scores within each trust group. The
comparison of the SDCA of drivers who are distrustful of AI technology with their own
driving behaviors shows a p-value of <0.001, indicating that the underlying distributions
are not equal and agreeing with the general result that people want an SDC that is more
conservative than their own driving behavior. However, this result changes when we consider
the SDCA of drivers who are trustful of AI technology compared with their own driving
behavior. In this case, we failed to reject the null hypothesis with a p-value of 0.863,
finding no evidence that the trustful SDCA distribution differs from the DBA distribution.
A TOST equivalence test confirmed that the trustful group’s DBA–SDCA difference is
statistically equivalent to zero within the equivalence margin of ±0.125 (the distrustful
group’s pseudo-median): TOST p < 0.001; the 90% confidence interval of the trustful
pseudo-median [−0.036, 0.036] falls entirely within the equivalence bounds. Thus, the
trustful group’s DBA–SDCA gap is not merely non-significant but demonstrably negligible,
supporting the interpretation that users who are more trustful of AI technology show
DBA–SDCA equivalence, consistent with acceptance of a driving style comparable to their own.
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(a) (b)

(c) (d)

Figure 1. International DBA and SDCA scores as well as distributions split by AIT threshold.
(a) DBA score measured across all demographics; (b) SDCA score measured across all demograph-
ics; (c) international DBA with AIT > 0.5 represented as trustful; (d) international SDCA with
AIT > 0.5 represented as trustful.

3.3. American Respondent Analysis

This analysis examines whether the same difference in preference holds when compar-
ing DBA and SDCA scores for American respondents. A two-sided Wilcoxon signed-rank
test (paired) failed to reject the null hypothesis when comparing these two distributions
(p = 0.449; see Table 6). No evidence was found that American respondents prefer a
different SDC aggressiveness level than their own driving behavior; however, this null
result should not be interpreted as evidence of equivalence given the modest sample size
(n = 50). The two trust metrics AIT and AIDMT were computed and showed that American
respondents had higher trust in AI’s ability to perform the mechanics of driving than in the technol-
ogy as a whole with a corresponding p-value of 0.008 from a two-sided Wilcoxon signed-rank
test (paired; see Table 6), providing evidence that the AIT and AIDMT distributions are
stochastically different (AIDMT > AIT based on positive pseudo-median).

3.4. German Respondent Analysis

The German responses show a clear difference between the DBA and SDCA distri-
butions. Using a two-sided Wilcoxon signed-rank test (paired), we observed a p-value
of <0.001, providing statistical evidence that the German DBA and SDCA distributions
are stochastically different (DBA > SDCA based on positive pseudo-median; see Table 6).
This measurement supports the idea that German drivers prefer a more conservative SDC
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than their own driving behaviors. Notably, Germans had the highest mean DBA score across all
participants for this research, though this difference was not statistically significant versus
US respondents after Bonferroni correction (see Table 7). When considering AI Trust met-
rics, German respondents showed higher trust in AI’s ability to perform the mechanics of
driving (AIDMT) than in the technology as a whole (AIT). This is supported by a p-value
of <0.001 from a two-sided Wilcoxon signed-rank test (paired; see Table 6) (AIDMT > AIT
based on positive pseudo-median).

3.5. Panamanian Respondent Analysis

The Panamanian responses showed a statistical difference between the DBA and
SDCA scores with a p-value of 0.024 using a two-sided Wilcoxon signed-rank test (paired),
providing evidence that the DBA and SDCA distributions are stochastically different
(DBA > SDCA based on positive pseudo-median; see Table 6). This result provides statis-
tical evidence that Panamanian drivers prefer a more conservative car behavior than their own
driving behavior. The two trust metrics AIT and AIDMT were also evaluated. Notably,
Panamanian respondents had significantly lower AIDMT scores compared with their American
and German counterparts (see Table 7), while AIT differences did not reach significance after
Bonferroni correction. Furthermore, Panamanians had nearly equal trust in AI’s ability
to perform driving mechanics and in the technology as a whole; a two-sided Wilcoxon
signed-rank test (paired) failed to reject the null hypothesis (p = 0.460; see Table 6), failing
to provide evidence that the two distributions are stochastically different. This is in sharp
contrast with both Americans and Germans, who had more trust in AI’s ability to manage
driving mechanics versus the technology as a whole.

3.6. Americans Versus Germans

When we compared Americans versus Germans, we found no significant differences
in the generated distributions for any of the five metrics, DBA, SDCA, AIT, AIDMT, and
DSS, after per-construct Bonferroni correction (all p > 0.0167; see Table 7). Note that
post hoc power was below 0.26 for all US–Germany comparisons (see Section 4.5), so
these null results should not be interpreted as evidence of equivalence. This paper also
considers which individual AI Trust questions yielded statistically different distributions
across demographics. These questions give insight into the needs of each demographic in
terms of general AI trust. The resulting distributions show that Americans reported higher
trust in the AI’s ability to navigate crowded pedestrian areas compared with Germans,
with a p-value of 0.009. Note that the individual trust–question comparisons reported in
the cross-country subsections below are exploratory and are not corrected for multiple
comparisons; they should be interpreted as hypothesis-generating rather than confirmatory.

3.7. Americans Versus Panamanians

When we compared Americans versus Panamanians, we found statistically significant
results in four of the five metrics, DBA, SDCA, AIDMT, and DSS, with p-values of 0.011,
0.004, <0.001, and <0.001, respectively, in two-sided Mann–Whitney U tests, all surviving
per-construct Bonferroni correction (p < 0.0167; see Table 7), with positive Cliff’s δ values
confirming that the distributions for these metrics were statistically higher for American
respondents when compared with Panamanian respondents. The results illustrate that
Panamanian drivers prefer a more conservative SDC experience relative to American drivers.
Additionally, the results show that Panamanians reported lower trust in AI’s ability to perform
driving mechanics. The lower DSS scores further indicate that Panamanian drivers tend to
take more cautious driving actions compared with American drivers. When considering the
statistically significant AI trust questions, the results show that Americans believe AI will
keep their safety as the highest priority compared with Panamanians, with a p-value of
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0.028. Additionally, Americans reported higher trust in AI’s ability to perform with no
person in the vehicle compared with Panamanians, with a p-value of 0.003 in two-sided
Mann–Whitney U tests.

3.8. Panamanians Versus Germans

When we compared Panamanians with Germans, we found statistically significant
differences in DBA, SDCA, AIDMT, and DSS scores (p < 0.001, p = 0.007, p = 0.003,
and p = 0.010, respectively; all p < 0.0167; see Table 7). These distributions indicate
that Panamanian drivers prefer a more conservative driving style compared with German drivers.
Additionally, Panamanian drivers expect a more conservative self-driving car compared with
German drivers.

A statistically significant difference also emerged in how Panamanians trust the SDC
to be able to perform driving mechanics. The AIDMT distributions show Panamanians are
less trustful in AI’s ability to perform driving mechanics compared with Germans. The lower DSS
score distribution indicates that Panamanian drivers tend to take more cautious driving
actions compared with German drivers. When considering the statistically significant AI
trust questions, the resulting distributions show that Panamanians reported higher trust in
AI’s ability to navigate a crowded pedestrian area than Germans (p = 0.047). Additionally,
Germans reported higher trust in AI’s ability to navigate to an exact destination compared
with Panamanians (p = 0.011).

3.9. Measurement Invariance Results

Multi-group CFA results for measurement invariance are summarized in Table 13 and
Figure 2. Four of five scales (AIT, AIDMT, SDCA, and DBA) achieved full scalar invariance,
with all |∆CFI| values below the 0.01 threshold recommended by Chen [50]. The DSS scale
achieved configural invariance but failed the configural-to-metric transition (∆CFI = 0.023),
indicating that factor loadings may not be fully equivalent across groups for this scale. To
investigate further, each item loading was systematically freed one at a time to identify the
source of non-invariance. Freeing the loading for item DSS6 (“Which best describes your
behavior most of the time when it comes to signaling lane changes while driving at night?”)
was sufficient to achieve partial metric invariance (∆CFI = 0.000; CFI = 1.000). Item DSS5
also independently achieved partial invariance when freed (∆CFI = 0.001). Following
Byrne et al. [62], cross-cultural comparisons on the DSS remain interpretable under partial
metric invariance, as the majority of factor loadings (six of seven) are invariant across
groups. Notably, the two primary scales of interest for cross-cultural comparisons (SDCA
and DBA) both demonstrate full scalar invariance, supporting the validity of mean-level
comparisons across groups.

Table 13. Measurement invariance results across US (n = 50), Panama (n = 41), and Germany
(n = 66). * Passes Chen [50] criterion (|∆CFI| < 0.01). † Partial metric invariance with item DSS6
loading freed across groups. Estimator: WLSMV with theta parameterization.

Scale Config. CFI Metric CFI Scalar CFI ∆CFIC→M ∆CFIM→S

AIT 1.000 0.999 1.000 0.001 * −0.001 *

AIDMT 1.000 0.999 1.000 0.001 * −0.001 *

SDCA 1.000 1.000 1.000 0.000 * 0.000 *

DBA 1.000 1.000 0.994 0.000 * 0.006 *

DSS 1.000 0.977 0.986 0.023 −0.009 *

DSS † 1.000 1.000 — 0.000 * —
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Figure 2. CFI values across configural, metric, and scalar invariance levels for each scale. All scales
except DSS achieve full scalar invariance (all CFI values above 0.95 cutoff).

3.10. Discriminant Validity Results

Three complementary analyses confirmed discriminant validity between AIT and
AIDMT. First, the two-factor CFA model (CFI = 0.995) fit significantly better than a one-
factor model (CFI = 0.975; χ2 difference p < 0.001), confirming that AIT and AIDMT
measure distinct latent constructs. Second, the Fornell–Larcker criterion was satisfied:
AVE(AIT) = 0.649 and AVE(AIDMT) = 0.689, both exceeding the squared inter-factor
correlation of 0.545. Third, the HTMT ratio was 0.711, well below the 0.85 threshold
recommended by Henseler et al. [55]. These results show that while AIT and AIDMT are
related (latent factor r = 0.738; observed Pearson r = 0.636; see Table 4), they measure
different aspects of trust.

3.11. AIT Threshold Sensitivity Results

Table 14 and Figure 3 present the sensitivity analysis results. The SDCA distributions of
trustful and distrustful groups differ significantly at all seven tested thresholds (0.35–0.65),
with trustful individuals consistently reporting higher SDCA scores. Combined with the
paired DBA–SDCA tests in Table 6a, this supports the finding that AI-trustful individuals
show a smaller DBA–SDCA gap than distrustful individuals regardless of threshold choice.
Continuous analyses also support this finding: the Spearman correlation between AIT
scores and the DBA–SDCA gap was ρ = −0.316 (p < 0.001), indicating that higher AI trust
is associated with a smaller gap between one’s own driving aggressiveness and preferred
SDC aggressiveness. OLS regression on the full sample (N = 157) confirmed that AIT
significantly predicts SDCA (b = 0.229; p < 0.001) after controlling for country, with an
overall model R2 = 0.144.

Table 14. Sensitivity analysis: Mann–Whitney U tests comparing SDCA distributions of AI-Trustful
versus AI-distrustful groups across different AIT thresholds. Participants scoring exactly at each
threshold were excluded to create clean group separation; total n varies accordingly. Effect size:
S = small (|δ| < 0.33).

Threshold ntrust ndistrust U p-Value Cliff’s δ Significant?

0.35 104 53 3551.5 0.003 0.289 (S) Yes

0.40 96 61 3634.5 0.010 0.241 (S) Yes

0.45 91 66 3827.5 0.003 0.275 (S) Yes

0.50 67 74 3099.5 0.010 0.250 (S) Yes

0.55 62 95 3704.0 0.006 0.258 (S) Yes

0.60 46 111 3271.5 0.005 0.281 (S) Yes

0.65 39 118 2940.5 0.009 0.278 (S) Yes
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(a)

(b)

Figure 3. AIT threshold sensitivity and continuous trust analysis. (a) Sensitivity of SDCA
trust/distrust difference across AIT thresholds. Green bars indicate significant results (p < 0.05).
(b) Continuous AIT score versus DBA–SDCA gap. Spearman’s ρ = −0.316; p < 0.001.

3.12. Multivariate Regression Results

Table 15 presents the results of OLS regression models controlling for age, gender, and
education. After demographic adjustment, the Panama country effect remained significant
for DBA (b = −0.129; p = 0.004), AIDMT (b = −0.177; p = 0.004), and DSS (b = −0.110;
p = 0.006), indicating that the observed driving aggressiveness, trust, and safety differences
between Panamanian respondents and the reference group (Germany) persist beyond
demographic composition. Gender emerged as a significant predictor for AIT (b = 0.157;
p < 0.001) and AIDMT (b = 0.136; p = 0.002), with male respondents reporting higher
trust scores. The SDCA country effect for Panama was attenuated after demographic
controls (p = 0.079), suggesting that some of the observed cross-cultural differences in SDC
aggressiveness preferences may be partially attributable to demographic heterogeneity
across samples. The persistence of DBA, AIDMT, and DSS country effects after controlling
for demographics provides evidence that cross-cultural differences in driving behavior,
AI driving trust, and safety behaviors reflect cultural variation rather than demographic
differences alone. These results suggest that SDC aggressiveness preferences (SDCA)
may be influenced by both cultural and demographic factors, while driving behavior
aggressiveness (DBA), trust perceptions (AIDMT), and safety behaviors (DSS) are more
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strongly tied to cultural context. The modest R2 values (0.079–0.170) indicate that country
and demographics explain only a small proportion of variance in scale scores; unmeasured
factors such as driving experience, prior AV exposure, and personality traits likely account
for additional variance.

Table 15. OLS regression results: Scale ∼ Country + Age + Gender + Education. Reference group:
Germany. b = unstandardized coefficient. * p < 0.05, ** p < 0.01, and *** p < 0.001. Education covariate
included but omitted from table (non-significant for all scales). N = 150 (7 participants excluded
due to missing demographic data). Model fit: DBA R2 = 0.093, SDCA R2 = 0.079, AIT R2 = 0.126,
AIDMT R2 = 0.170, and DSS R2 = 0.103. All scale scores use CFA-validated items.

Scale Predictor b SE t p Sig.

DBA

Panama −0.129 0.044 −2.94 0.004 **

US −0.047 0.036 −1.30 0.195

Gender (M) 0.028 0.030 0.92 0.359

Age −0.000 0.002 −0.06 0.954

SDCA

Panama −0.090 0.051 −1.77 0.079

US 0.023 0.041 0.55 0.582

Gender (M) 0.033 0.035 0.92 0.357

Age −0.003 0.002 −1.40 0.165

AIT

Panama −0.081 0.058 −1.39 0.168

US 0.020 0.048 0.41 0.683

Gender (M) 0.157 0.041 3.87 <0.001 ***

Age −0.001 0.002 −0.35 0.728

AIDMT

Panama −0.177 0.061 −2.91 0.004 **

US 0.022 0.050 0.45 0.657

Gender (M) 0.136 0.042 3.22 0.002 **

Age −0.000 0.002 −0.16 0.875

DSS

Panama −0.110 0.039 −2.80 0.006 **

US 0.018 0.032 0.57 0.567

Gender (M) 0.023 0.027 0.83 0.407

Age −0.001 0.002 −0.40 0.692

3.13. Bonferroni-Corrected Results

Table 7 presents all 15 cross-country Mann–Whitney U tests with per-construct Bon-
ferroni correction [59]. Because each of the five scales measures a conceptually distinct
construct, the correction is applied within each family of three country-pair comparisons
(α = 0.05/3 = 0.0167), rather than globally across all 15 tests. All eight tests significant at
the uncorrected α = 0.05 level also survive the per-construct Bonferroni correction. Four
of five scales show significant differences between both the US and Panama and between
Germany and Panama (DBA, SDCA, AIDMT, and DSS); only the AIT scale does not reach
significance for any country pair. No significant differences were found between the US
and Germany on any scale.

3.14. Post Hoc Power Analysis

Post hoc power analysis (computed at the Bonferroni-corrected α = 0.0167) revealed
that 5 of 15 pairwise comparisons achieved adequate statistical power (≥0.80), with a
median power of 0.711 across all tests. Tests involving the largest effect sizes (AIDMT com-
parisons with Panama and DSS US versus Panama) achieved a power of ≥0.85. However,
comparisons involving small effect sizes between the US and Germany were underpowered
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(power <0.26 in all cases), which should be considered when interpreting non-significant
US–Germany differences.

4. Discussion
4.1. Statistically Significant Measures

The approach taken when examining the survey data was an exploratory approach in
which we compared relationships between metrics across demographics. When comparing
multiple countries for each distribution, we applied per-construct Bonferroni correction [59]
(α = 0.05/3 = 0.0167 within each scale) to control the family-wise type I error rate. Distri-
bution analysis done within each representative country used the standard 0.05 threshold
of significance. Identifying statistical differences between distributions enables a better
understanding of how to serve future passengers in self-driving cars. The greatest differ-
ences were found when comparing both US and German responses to those from Panama.
Regarding RQ1, drivers internationally do prefer more conservative SDC behavior than
their own, but this preference varies by country (significant for Germany and Panama but
non-significant for the US). Regarding RQ2, AI trust level is associated with variation in
the DBA–SDCA gap: trustful individuals show no significant gap, while distrustful indi-
viduals prefer significantly more conservative SDC behavior. Regarding RQ3, significant
cross-cultural differences exist in DBA, SDCA, AIDMT, and DSS between both the US and
Panama and between Germany and Panama but not between the US and Germany. These
results are summarized in the following list and described in statistical detail in Table 6.

• International DBA and SDCA Metrics
International distribution of DBA compared with SDCA showed drivers preferred a
self-driving car that was more conservative than their own driving style (p < 0.001).
International drivers who had higher AIT scores showed DBA–SDCA equivalence
(TOST p < 0.001), consistent with acceptance of a driving style comparable to their
own. In comparison, international drivers who had a low AIT score followed the trend
of wanting a self-driving car that was more conservative than their own driving style
(p < 0.001).

• United States Metrics
American respondents showed no significant DBA–SDCA gap (p = 0.449), consistent
with US drivers being more accepting of an SDC driving style comparable to their
own. This non-significance is consistent with the trust-associated pattern observed
internationally, as US respondents had moderate AIT scores, though the modest
sample size (n = 50) limits this inference. American respondents had higher trust in
AI’s ability to perform the mechanics of driving than in the technology as a whole
(p = 0.008).

• Germany Metrics
German drivers prefer a more conservative SDC than their own driving behaviors
(p < 0.001).
German respondents had higher trust in AI’s ability to perform the mechanics of
driving than in the technology as a whole (p < 0.001).

• Panama Metrics
Panamanian drivers prefer a more conservative SDC than their own driving behav-
iors (p = 0.024). Panamanian respondents uniquely showed no significant AIT–
AIDMT gap (p = 0.460), suggesting that general AI trust and driving-specific trust
are at comparable levels for Panamanian respondents, without the AIDMT premium
observed in US and German respondents. This pattern may be related to lower
regional digital adoption [63], though this study did not measure individual-level
technology exposure.
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• United States vs. Germany Metrics
No significant differences between US and German respondents were found for any of
the five scale-level metrics after per-construct Bonferroni correction (all p > 0.0167; see
Table 7). At the individual question level (exploratory, uncorrected), US respondents
had a higher level of trust that the self-driving car would be able to navigate a crowded
pedestrian area compared with German respondents (p = 0.009).

• United States vs. Panama Metrics
US respondents had higher metrics for DBA, SDCA, AIDMT, and DSS scores
(p = 0.011, p = 0.004, p < 0.001, and p < 0.001, respectively; all p < 0.0167; see
Table 7). The overall AIT scale did not differ significantly between US and Panama
after correction (p = 0.054 > 0.0167).
At the individual question level (exploratory, uncorrected), US respondents had a
higher trust that the self-driving car would keep their safety as a priority compared
with Panamanian respondents (p = 0.028), and US respondents had a higher level of
trust that the self-driving car would be able to navigate safely with no person in the
vehicle compared with Panamanian respondents (p = 0.002).

• Germany vs. Panama Metrics
German respondents had higher metrics for DBA, SDCA, AIDMT, and DSS scores but
scored similarly for the AIT metric (p < 0.001, p = 0.007, p = 0.003, and p = 0.010,
respectively; all p < 0.0167; AIT p = 0.457; see Table 7).
At the individual question level (exploratory, uncorrected), German respondents had
a higher level of trust that the self-driving car would be able to navigate to an exact
destination compared with Panamanian respondents (p = 0.011).

Several factors may underlie the observed differences. One factor could be the dif-
ference in road quality. According to the road quality indicator provided by the World
Economic Forum [64], US and German roads score substantially higher than Central
American roads, and US and German roads score similarly (5.5 and 5.3, respectively).
Additionally, the digital adoption index (DAI) provided by the World Bank shows the US
and Germany having a higher DAI than most Central American countries [63]. The low
adoption rate of digital technologies could be one factor associated with the significantly
lower AIDMT scores observed among Panamanian respondents, though general AI trust
(AIT) did not differ significantly across countries. Overall, understanding the proper con-
text driving these differences will be essential for delivering autonomous vehicles and AI
technology internationally.

4.2. Psychological Interpretation

AI-trustful individuals showed DBA–SDCA equivalence (TOST p < 0.001; 90% CI
of pseudo-median within ±0.125), providing positive evidence that their preferred SDC
aggressiveness is comparable to their own driving behavior. Distrustful individuals, by
contrast, preferred a substantially more conservative SDC style, with their stated DBA con-
sistently exceeding their preferred SDCA. Within the trust-in-automation framework [11],
this pattern is consistent with distrustful users displaying conservative trust calibration,
while trustful users exhibit calibration that permits the vehicle to operate closer to human-
normative behavior. We note that the original framework was developed for contexts
involving direct experience with automation, whereas the present data reflect stated pref-
erences from participants without firsthand AV experience; accordingly, these calibration
inferences should be treated as preliminary. The between-group SDCA difference persisted
across all seven sensitivity thresholds, and the continuous analysis confirmed a direct asso-
ciation between AIT scores and the DBA–SDCA gap (ρ = −0.316; p < 0.001), indicating
that the relationship is robust rather than an artifact of dichotomization.
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The distrustful group’s pattern of self-reporting one driving style while expressing
a preference for a more conservative autonomous equivalent is thematically consistent
with Basu et al. [23], who found in a simulator that participants’ revealed preferences were
more conservative than their self-reported preferences. While that study captured a stated-
versus-revealed gap, the present study documents a comparable directional pattern across
two stated measures (self-reported driving style and stated SDC preference). This pattern
is also consistent with findings that driver–AV style congruence increases trust and reduces
takeover interventions [65] and that initial trust level moderates how users calibrate to dif-
ferent AV driving styles [66]. The present cross-sectional design cannot distinguish whether
high trust causes acceptance of driving styles similar to one’s own or whether familiarity
with one’s own driving style in an autonomous context builds trust; disentangling this
bidirectional relationship would require longitudinal or experimental designs.

These results extend the evidence on the trust–aggressiveness preference relation-
ship specifically, which has primarily been examined within single-culture samples, to a
multi-country sample spanning the US, Germany, and Panama, despite significant baseline
differences in driving aggressiveness and driving mechanics trust between Panama and
the two Western countries. The multivariate regression results showing that gender signifi-
cantly predicts AI trust (with males reporting higher trust) are consistent with findings that
emotional responses mediate gender differences in willingness to use automated cars [67]
and that males express less concern about autonomous vehicles [68]. Age, however, was
not a significant predictor of any scale in the present regression models, which may reflect
the relatively young and narrow age range of our sample (overall M = 28.8; SD = 9.1).

4.3. Engineering Implications

These findings suggest potential directions for the design of adaptive autonomous
driving systems, though we note that all inferences are based on stated survey preferences
rather than observed in-vehicle behavior and would require experimental validation before
implementation. First, SDC manufacturers deploying vehicles across international markets
should consider calibrating default driving profiles to regional driving mechanics trust
(AIDMT) baselines. For markets with lower mean AIDMT scores (such as Panama in this
study), more conservative default driving parameters (lower speeds, larger following dis-
tances, and less frequent lane changes) may improve initial acceptance and trust formation.
Second, the observed association between AIT scores and SDCA preferences suggests that
onboard trust assessment could serve as an input for adaptive driving mode systems [14,15]:
passengers with higher measured trust could be offered driving profiles closer to human-
normative behavior, while those with lower trust would experience more conservative
defaults. Third, for US and German respondents, AIDMT scores were significantly higher
than AIT scores, suggesting that these passengers may trust an SDC more with specific
highway driving mechanics (e.g., speed control and lane changing) than with the complex
scenarios captured by general AI trust (e.g., navigating construction zones and operating
without a human present). This pattern did not hold for Panama, where no significant
AIT–AIDMT gap was observed, suggesting similar levels of general and task-specific trust
within this group. For markets exhibiting this pattern, trust-building efforts may need to
address both dimensions simultaneously rather than relying on task-specific competence
demonstrations as an entry point for broader trust formation.

In practice, the scales developed in this study could inform a parameterized driving
controller by mapping regional SDCA baselines to vehicle behavior parameters such as
target following headway, maximum longitudinal acceleration, and lane-change initiation
thresholds. A market where respondents preferred conservative SDC behavior (low SDCA,
as observed in Panama) would receive defaults with larger following headways, lower
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acceleration limits, and more conservative gap acceptance criteria. At the individual level,
a short onboard trust questionnaire derived from the AIT items could classify a passenger’s
trust profile and select from a library of pre-validated driving profiles, similar to existing
comfort, normal, and sport driving modes but informed by empirically measured trust–
aggressiveness relationships rather than arbitrary presets.

4.4. Contextual Factors

Notably, the AIT scale showed no significant between-country differences for any pair
(all p > 0.05; see Table 7), while all four other scales differed significantly between Panama
and both Western countries. This suggests that general AI trust may be more consistent
across these cultures than driving-specific trust and behavior and that, at least among the
three populations studied here, cross-cultural variation in AV acceptance may be driven
more by task-specific expectations and driving norms than by baseline attitudes toward
AI. The absence of significant differences between the US and Germany on all five scales
is consistent with their similar road quality indices, comparable digital adoption levels,
and shared regulatory maturity for automated vehicles. However, these US–Germany
comparisons were underpowered (all powers <0.26), so the null results should not be
interpreted as evidence of true equivalence; adequately powered replication studies are
needed to determine whether the apparent US–Germany similarity is genuine.

Beyond these factors, there are several other contextual factors that may contribute to
the observed differences. Legal liability frameworks for autonomous vehicles differ sub-
stantially across countries; for example, Germany is among the early markets where Level 3
systems have received regulatory approval [2], whereas many emerging markets have yet
to establish dedicated regulatory frameworks for autonomous vehicles. Such regulatory dif-
ferences may influence public perception of safety guarantees. Edelmann et al. [69] found
that cultural context significantly shapes acceptance of automated vehicle decisions across
Germany, the US, Japan, and China, which further supports the idea that regulatory and
cultural environments jointly affect AV trust. Additionally, differences in urbanization pat-
terns, traffic density, and road infrastructure design (e.g., highway interchange complexity
and pedestrian zone prevalence) may shape expectations about what autonomous vehicles
should prioritize. The significantly lower DSS scores among Panamanian respondents
(where lower scores indicate safer, more cautious driving actions) indicate that Panama-
nian respondents selected more cautious options on the self-reported safety scale, though
whether this reflects actual driving practices, adaptation to road conditions [39], cultural
norms, or social desirability bias in self-reports cannot be determined from the present data.

4.5. Limitations

Several limitations of this study should be acknowledged. First, the per-group sample
sizes (US: n = 50; Panama: n = 41; Germany: n = 66) are adequate for single-group
CFA with six to seven indicators under WLSMV estimation [70] but are below the ideal
minimum for multi-group CFA. The Panama subsample (n = 41) is particularly small,
and results involving this group should be interpreted with caution. Post hoc power
analysis revealed that several comparisons, particularly those between the US and Germany,
were underpowered, suggesting that non-significant differences between these groups
should not be interpreted as evidence of equivalence. Second, both recruitment methods
represent convenience sampling and are not nationally representative. PollPool respondents
may skew toward younger academics, while snowball sampling introduces network-
based homogeneity.

Third, the DSS scale achieved only partial metric invariance (with item DSS6 loading
freed across groups), indicating that cross-cultural comparisons on this specific scale should
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be interpreted with this caveat in mind, though the majority of DSS loadings (six out of
seven) were invariant. Fourth, the study relies on self-reported driving behaviors and stated
preferences rather than observed behavior, which may introduce social desirability bias;
moreover, participants presumably had no firsthand experience riding in an autonomous
vehicle, so all SDC preferences are hypothetical. Fifth, the survey was administered in
English (US), German (Germany), and Spanish (Panama); translations were machine-
translated and reviewed by native speakers, but formal back-translation was not conducted.
Although the measurement invariance results (Section 3.9) provide empirical support
for equivalent statistical functioning across language versions, measurement invariance
cannot fully substitute for back-translation in establishing semantic equivalence, and
subtle differences in item interpretation across languages cannot be fully ruled out. Sixth,
driving experience (years of licensure and annual mileage) was not collected and could
not be included as a covariate. Driving experience may independently influence self-
reported driving behavior; for example, a less experienced driver may exhibit different
DBA patterns than a more seasoned driver regardless of cultural background. This omission
represents a potential confound that is only partially mitigated by the inclusion of age
as a covariate in the regression models. Seventh, the TOST equivalence margin (±0.125)
was derived from the distrustful group’s observed pseudo-median in the same dataset;
while the resulting 90% CI ([−0.036, 0.036]) is well within the bounds, replication with a
pre-specified, theory-based margin would strengthen the equivalence conclusion. Eighth,
sparse response categories were collapsed for some scales (DSS, SDCA, and DBA) to
enable convergence in multi-group CFA; this standard practical step may affect threshold
comparability across groups.

Finally, the cross-sectional design precludes causal inferences about the relationship
between trust and driving style preferences. The CFA models used to validate scale unidi-
mensionality were fitted on the same sample used for subsequent hypothesis testing; an
independent validation sample was not available given the total N = 157. This is standard
practice in small-sample cross-cultural survey research but means that the scale structure
and hypothesis tests are not independently validated. As an exploratory study, the sta-
tistical tests reported herein should be treated as hypothesis-generating; the Bonferroni
corrections were applied conservatively to reduce false positives but do not substitute
for pre-registered confirmatory testing. The three countries sampled (US, Germany, and
Panama) represent a narrow slice of global cultural diversity; findings should not be gen-
eralized beyond these specific populations without further replication. Findings warrant
replication using larger, probability-based samples across additional cultural contexts.

5. Conclusions
Regarding RQ1, drivers internationally prefer SDC behavior that is more conservative

than their own, though this preference reached significance only in Germany and Panama,
not in the US. Regarding RQ2, AI trust level is consistently associated with the DBA–
SDCA gap across all tested thresholds and in continuous analysis, with trustful individuals
showing DBA–SDCA equivalence (TOST p < 0.001). Regarding RQ3, significant cross-
cultural differences exist on four out of five scales (DBA, SDCA, AIDMT, and DSS) between
Panama and both Western countries but not between the US and Germany; notably, general
AI trust (AIT) did not differ significantly for any country pair.

At an international level, comparing the three countries’ survey results combined,
this analysis found that drivers with higher trust in AI technologies (based on their AIT
scores) showed DBA–SDCA equivalence (TOST p < 0.001), consistent with acceptance of a
driving style comparable to their own, while drivers who were distrustful of AI technolo-
gies preferred a self-driving car that was more conservative than their own driving style.
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When comparing individual countries, further observations emerge. Notably, Panamanian
respondents had the lowest average SDCA score, indicating a preference for a more con-
servative SDC experience compared with US respondents (p = 0.004 < 0.0167), with a
significant difference also observed relative to German respondents (p = 0.007 < 0.0167).
When comparing Panamanian respondents to German respondents, statistical differences
were found in four of the five quantitative measurements, suggesting that technology de-
sign or deployment strategy may need to be adapted for populations with trust and driving
behavior profiles similar to those observed in Panama to improve social acceptability of
SDCs. However, the SDCA country effect was attenuated after controlling for demograph-
ics (p = 0.079), suggesting that SDC aggressiveness preferences may be influenced by both
cultural and demographic factors.

Future work could include expanding the sample size and increasing the number of
nations surveyed to better understand the global needs of SDC technology. As autonomous
vehicles continue to be deployed [71] and mixed traffic scenarios become more common [72],
public trust is likely to evolve, warranting periodic reassessment of these metrics across
diverse populations.

Based on the findings of this exploratory study, we suggest the following directions
for SDC manufacturers and policymakers:

1. Default driving profiles could be calibrated to regional driving mechanics trust
(AIDMT) baselines and aggressiveness preferences, with more conservative defaults
for markets with lower measured AIDMT scores.

2. Adaptive driving systems may benefit from incorporating real-time trust assessment
to personalize the driving experience.

3. Since US and German respondents trusted specific driving mechanics (AIDMT) more
than general AI scenarios (AIT), trust-building efforts for these markets may benefit
from addressing the specific low-trust AIT scenarios (e.g., construction zone naviga-
tion and autonomous operation without a human present) rather than relying solely
on demonstrations of driving mechanics competence as an entry point for broader
trust formation.

4. Given the significant cross-cultural differences observed in four out of five scales
despite similar general AI trust levels, cross-cultural validation of trust metrics should
be considered as a component of international SDC deployment.

5. For populations exhibiting significantly lower driving mechanics trust (AIDMT) and
aggressiveness scores (such as Panamanian respondents in this study), longitudinal
research should investigate how trust evolves with exposure to autonomous vehicle
technology and whether incremental introduction of autonomous features can build
trust over time.
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