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Fig. 1. Concept of comparing the preferences in eHMI design between Germany and Japan using Human-in-the-loop
Multi-Objective Bayesian Optimization (MOBO). The automated vehicle’s eHMI communicates its intention and allows
pedestrians to cross the street (with left-hand traffic in the Japanese variant). The goal is to improve user ratings on multiple
design objectives, such as trust, safety, acceptance, and aesthetics, while minimizing mental demand. MOBO iteratively
adjusts design parameter values (𝑝1 to 𝑝𝑛) to suggest optimized designs that meet individual objectives.

The absence of human users in automated vehicles (AVs) could require external Human-Machine Interfaces (eHMIs) to
allow for communication with other vulnerable road users in uncertain scenarios. This could be, for example, regarding the
right of way. Given the plethora of adjustable parameters, balancing visual and auditory elements is crucial for effective
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communication with other road users. With N=40 (n=20 in Germany and n=20 in Japan) participants, this study employed
multi-objective Bayesian optimization to evaluate optimized eHMI designs between Japan and Germany. By comparing
the Pareto front, we identify optimal design trade-offs and their differences. We also evaluate how the process is perceived
between regions.

CCS Concepts: • Human-centered computing→ Empirical studies in HCI.
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1 Introduction
Automated vehicles (AVs) will change traffic operations and interactions in traffic settings [27, 34, 45, 70].
Without a human driver, explicit communication is required in ambiguous situations, such as negotiating priority.
External human machine interfaces (eHMIs) address this need. Proposed modalities include grille and windshield
displays [37, 46], LED strips [46, 71], vehicle motion cues [98], and projections [2, 78], with extensions via
smartphones [53] and infrastructure [88]. Designs span text-based messages [15] that communicate vehicle
state [44] or intent [42]. Studies consistently report gains in trust, clarity, hedonic evaluation, and pedestrian
crossing behavior.

Recent work applies Human-in-the-Loop Multi-Objective Bayesian Optimization, HITL MOBO, to iteratively
identify optimal eHMI design parameters [23] (see Figure 1). MOBO predicts which design changes (e.g., a
different color) best meet individual users’ design objectives, such as increasing trust. It addresses multiple
objectives by seeking Pareto-optimal design trade-offs, that are points on the Pareto front where no objective
can improve without another worsening [74]. Compared to methods that often need large labeled datasets (e.g.,
supervised learning), many interactions per user (e.g., reinforcement learning), or exhaustive A/B tests, HITL
MOBO learns a personalized model during interaction and chooses the next design expected to provide the most
improvement towards objectives, so it reaches trade-offs in a few iterations, important when user feedback is
scarce or tiring.

In interactions between vulnerable road users and AV, cultural background can shape behavior, and responses
may differ across study regions that appear similar [59]. Studies report differences between Asian contexts, for
example Japan and China, and Western contexts, for example Germany and the USA [50, 59, 77]. Such region-
and individual-level differences in eHMI perception may lead to misinterpretation, which, at non-signalized
crossings, elevates traffic risk.

However, two gaps remain. First, while prior work has shown that HITL MOBO can optimize eHMI parameters
for individual users, it remains unclear whether the resulting multi-objective trade-offs are stable across study
regions. Second, even when cross-regional differences in eHMI perception are reported, little is known about
which design parameters account for these differences within a multi-objective design space. This limits both
understanding of region-sensitive eHMI preferences and practical guidance for designing eHMIs that remain
effective beyond a single study context. The overarching research gap is a lack of systematic, data-driven
comparisons of multi-objective eHMI design trade-offs across culturally distinct regions
To address this without overgeneralization, we treat the country and study region as the unit of comparison.

We therefore make claims about people living in Germany and Japan in this specific scenario and sample, not
about Europe or Asia as aggregates. Our primary contribution is a proof-of-concept demonstrating that HITL
MOBO can be used to quantify and compare multi-objective eHMI design trade-offs across regions.
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We ground this comparison in cultural constructs that are plausibly relevant for pedestrian-vehicle coordi-
nation under uncertainty. Prior work links Germany–Japan differences in risk avoidance and compliance to
uncertainty avoidance and collectivism versus individualism [50, 51, 77]. We use these constructs as expectations
for interpretation rather than as causal explanations. Specifically, higher uncertainty avoidance should increase
preference for signals that reduce ambiguity through salience and redundancy. In our parameterization, this
maps to higher alpha, larger eHMI area (width and height), and higher auditory loudness. In contrast, preferences
that prioritize minimizing distraction and visual noise should map to lower blink frequency and lower auditory
loudness, while keeping an unambiguous intent signal. This study is therefore guided by the following research
question (RQ):

RQ1: How do Pareto-optimal eHMI designs differ between participants in Germany and Japan when
optimizing trust, mental demand, visual appeal, and time to start crossing?

To explore this RQ, we conducted a user study with N=40 (20 German, 20 Japanese) participants. We applied
MOBO to optimize the eHMI’s design (see Figure 1), for the parameters color, blink frequency, size, positioning,
and loudness of the auditory component. Beyond that, we were interested in regional differences in perceptions
of the MOBO process. Therefore, the second RQ was:

RQ2: How does the perceived experience of the HITL MOBO process (expectation conformity,
satisfaction, agency, confidence, ownership) differ between participants in Germany and Japan?

In the virtual reality (VR) study, N=40 participants crossed a two-lane road with traffic in both directions (on
the right for Germany, left for Japan). The traffic was mixed, consisting of AVs and manually driven vehicles. On
the near side of the road, AVs communicated their stopping using the eHMI design determined by the MOBO in
each iteration.

Contribution Statement [95]:
• Artifact or System. Using Unity VR, we simulated a pedestrian crossing an unsignalized street and applied
MOBO to iteratively optimize the eHMI, identifying optimal design parameters from user feedback on four
design objectives.

• Empirical study that tells us about how people use a system.We conducted a between-subjects study
with 40 participants, 20 in Germany and 20 in Japan, to assess regional effects on user experience and eHMI
interface design.

2 Related Work
We organize related work around (1) external communication for automated vehicles, (2) HITL MOBO for
interface design, and (3) prior cross-region and cultural evidence in road-crossing behavior that motivates our
Japan–Germany region comparison.

2.1 External Communication of Automated Vehicles
Traffic interactions often rely on implicit cues such as gestures and eye contact [82]. eHMIs were proposed to
support AV communication with pedestrians and cyclists [52]. External communication has been categorized by
modality, message type, and locus [27, 29, 34]. Colley and Rukzio [27] defines eight message types: Instruction,
Command, Advisory, Answer, Historical, Predictive, Question, and Affective. Key loci include the windshield
and bumper areas [41]. Most work and ISO TR [1] recommend conveying AV intention rather than issuing
prescriptive commands; hence, our optimization targets intention communication.
Effective deployment depends on the communication relationship, ambient noise, and road user group [27].

Studies report benefits across children [16, 33], people with vision, mobility, or cognitive impairments [5, 30, 48],
general pedestrians [3, 38, 40, 70], and cyclists [56]. Distance-dependent information improves understanding
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and willingness to cross [37], visually impaired participants prefer speech, which we include in our optimiza-
tion [30]. Open issues remain, including child interpretation [33], overtrust [54], scalability [20, 21, 31], and social
implications [19, 64, 86, 87]. Recent work advises consolidation rather than yet more novel concepts [40], our
parameter-focused optimization contributes to this consolidation.
eHMIs address missing cues between driverless AVs and vulnerable road users [18, 48, 55] and also with

manual drivers [22]. Colley and Rukzio [28] propose a design space with three concept dimensions, message type,
modality, locus, and six situational dimensions, communication relationship, communication partner, number of
lines, acoustic noise level, traffic autonomy, weather. Industry and research explore auditory and visual symbols on
the windshield [66], surveys of industry concepts [7, 35], abstract light elements [12, 67], road projections [8, 79],
tracking and feedback [39, 85], and textual or auditory communication [73].
Cross-cultural evidence is limited; the symbol-based walking person eHMI affected willingness to cross and

Trust in German and Chinese samples [59], polite strategies improved compliance and acceptance with cultural
differences [65]; neither study was longitudinal. The need for eHMIs is debated [32], critics cite unclear targeting
and attention costs [32, 93], yet willingness to cross often increases with eHMIs [4, 12]. Colley et al. [24] ran a
longitudinal VR study in Germany, an online study with German and one with US participants, to examine eHMI
effects across time and regions. eHMIs generally reduced mental workload and increased trust, understanding,
and perceived safety. Repeated exposure strengthened these effects, yet VR and online methods yielded different
absolute levels for many outcomes, so results are not interchangeable. Germans tended to wait longer and collide
less, while US participants crossed earlier and collided more.
Our work adds a cultural lens to the trade-offs for eHMIs.

2.2 Multi-Objective Bayesian Optimization for Interface Designs
User interface design can be framed as an optimization problem in which design parameters (e.g., position, color,
transparency) are mapped to user-centered objectives (e.g., trust, perceived safety) via an unknown, potentially
noisy function, rendering exhaustive search impractical [11]. Bayesian optimization addresses this challenge
by efficiently exploring such spaces with few samples, balancing exploration of under-sampled regions and
exploitation of promising designs [9, 13, 68]. Prior work has applied Bayesian optimization to improve animation
appearance, image aesthetics, font settings, and interactive UI behavior [10, 43, 60, 63]. In HCI, HITL variants
close the optimization loop by incorporating user judgments directly into the search process [17, 63, 97]. Because
interface design often involves competing objectives, MOBO has been adopted to return Pareto fronts rather than
single optima, making trade-offs explicit [74]. MOBO has been used in HCI contexts ranging from multi-finger
text entry to personalized explanations for machine-learning systems [14, 91].
Recent work applied HITL MOBO to automotive interfaces, where subjective perception and behavioral

responses are tightly coupled and safety-critical. For example, prior work optimized eHMIs for pedestrian
crossings, demonstrating that HITL MOBO can personalize eHMI parameters to improve trust and perceived
safety [23]. Similarly, OptiCarVis [58] demonstrated that MOBO can be used to optimize in-vehicle windshield
visualizations of AV functionalities (e.g., pedestrian detection) by balancing competing objectives, including
understandability, distraction, and visual load. Together, these works demonstrate that HITL MOBO is viable in
automotive contexts and can optimize for subjective user perceptions.

However, prior work focuses on design optimization for individuals, rather than on how optimized trade-offs
differ across study regions. In particular, it remains unclear whether the Pareto-optimal design spaces identified
by HITL MOBO are stable across regions with known differences in pedestrian behavior, or whether optimization
converges on systematically different trade-offs even when task semantics are held constant (e.g., the same
crossing task and AV stopping intent). Moreover, prior work does not examine which parts of the design space
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account for such differences. Our work addresses this gap by using HITL MOBO as a comparative instrument to
analyze Pareto-optimal eHMI trade-offs across regions.

2.3 Cultural Aspects in Road Crossing Behavior
Cultural background shapes pedestrian road crossing, affecting risk, timing, and the use of social cues [83]. In
Nagoya and Strasbourg, larger waiting groups correlated with fewer illegal crossings. French pedestrians initiated
earlier at green, Japanese pedestrians displayed higher risk awareness, crossed faster at red, and relied less on
social information, consistent with prior France-Japan differences [80, 92]. Across Estonia, Greece, Kosovo, Russia,
and Turkey, overall Pedestrian Behavior Scale patterns were similar, Greeks and Turks reported more transgressive
behavior, Turks and Russians reported more missteps and aggression, and country context moderated how values
relate to behavior [47, 90]. Cross-cultural field studies in Germany and Sri Lanka contrasted structured, rule-
bound traffic with more fluid practices, using a Ghost Driver setup to examine interactions with automated
and conventional vehicles [81]. Germany–Japan comparisons linked differences in risk avoidance, compliance,
gap acceptance, and walking speed to Hofstede’s uncertainty avoidance and collectivism versus individualism
dimensions, with Japanese countries scoring higher on uncertainty and risk avoidance than Germany [50, 51, 77].
Overall, national norms, traffic organization, and rule enforcement systematically influence pedestrian crossing
behavior.
Cross-cultural HCI research cautions against treating country labels as direct proxies for homogeneous or

stable “cultures,” highlighting risks of essentialism and over-attribution of observed differences to culture alone
[57]. Related work further emphasizes methodological challenges in cross-region studies, including sampling
comparability, translation quality, and the need to avoid assuming measurement equivalence across contexts
[84]. Accordingly, HCI research encourages framing such comparisons in terms of study regions and interpreting
differences as situated outcomes rather than as causal effects of culture [57, 84]. Following this guidance, we
treat Japan and Germany as study regions with distinct traffic norms and interaction practices and use cultural
constructs only as interpretive lenses grounded in prior literature, not as explanatory variables.

3 Method: Traffic Scenario and eHMI Concept
To simulate our eHMI concept (i.e., communicating AV stopping at an unsignaled pedestrian road crossing,
see Figure 2), we used Unity (version 6.0). We opted for a VR simulation using the HTC VIVE Pro, a common
method for immersive investigation of eHMIs (e.g., see Colley et al. [25]). VR is an appropriate choice for testing
pedestrian crossing scenarios, as manipulating the eHMI design can endanger road users in the real world.

3.1 Pedestrian Crossing Scenario
The pedestrian scenario starts on a sidewalk. The participant needs to cross a two-lane road. Road users in this
scenario are manually driven vehicles, AVs, and the participant. On the lane closest to the participant, AVs and
manually driven vehicles operate at a 50:50 split. Only manually driven vehicles are in the far lane.

After 18 seconds, the next AV on the near lane will stop and let the participant cross. This duration enables the
participant to experience AVs and manually driven vehicles, which represent an externally valid scenario. The
manually driven vehicles on the far lane do not stop.
For external validity, we matched traffic handedness to country: right-hand traffic in the German scenario

(conducted in Germany) and left-hand traffic in the Japanese scenario (conducted in Japan). To preserve internal
consistency, we held the urban scene constant and selected streetscapes plausible in both contexts—areas of
German and Japanese cities with a similar Western-style appearance. We intentionally avoided region-typical
elements (e.g., traditional buildings) because the study did not target such environmental effects. A two-lane road
layout and the vehicles used are transferable across both contexts.
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Fig. 2. Unity implementation of the crossing scenario from the participant’s perspective left and from above right. The
German scenario featured right-hand traffic (images adapted from Colley, Jansen et al. [23] with permission), and the
Japanese had left-hand traffic.

3.2 Dynamic eHMI Design Generation
We defined the eHMI as a visual display on the hood, windshield, and grille inspired by eHMI LED light panels
(e.g., see [46, 71]). This area is visible from a pedestrian’s perspective for an upcoming AV. The area covers the
AV’s front but excludes headlights and front lights (see Figure 3).

Fig. 3. The AV without an eHMI. A cyan light signal near the rearview mirror indicates that it is an AV. In (a), dashed lines
show the available width and height for the eHMI mesh generation, including its lower/upper and left/right bounds. (b)
Examples of possible mesh positions in allowed regions. The mesh (i.e., its width) is always centered horizontally along the
green dashed axis to ensure visibility from both sides. The vertical position can be set along this axis. The eHMI does not
cover the front lights (restricted zones; in purple). Image and eHMI generation adapted from Colley, Jansen et al. [23].
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The eHMI’s size and position can vary horizontally and vertically, such as a narrow strip on the hood or
a small display on the upper edge of the windshield. However, the optimal position and size for pedestrian
communication are unclear. A larger display may be visible from a distance but unclear in its message, while a
smaller, more specific display (e.g., on the grille) may be less noticeable.

To generate an eHMI in Unity that can be positioned and resized dynamically across the windshield, hood, and
radiator grille, we use the approach by [23]. The parameters and width and height boundaries are depicted in
Figure 3. We always center the mesh (i.e., the width) horizontally on a vertical position axis (see Figure 3 b) for
better visibility across the AV’s curved surface if standing directly left/right from the AV. For instance, in Figure 2
a, the AV (partly) obstructs a small eHMI mesh on the left side of the hood.

4 Experiment
To answer RQ1 and RQ2, we conducted an experiment using HITL MOBO (see Figure 1) to optimize eHMI design
in a pedestrian crossing scenario.

4.1 Bayesian Optimization: Parameterizing the eHMI and the Objective Functions

Fig. 4. eHMI design parameter value ranges. At the bottom of each column, the default values for the other parameters are
shown. Cyan is used as the default color to demonstrate other parameter values. Image taken from [23].

4.1.1 Design Parameters. The eHMI design parameters were taken from Colley, Jansen et al. [23] (see Figure 4
and Table 1). While we changed the street setup to have left-hand and right-hand traffic, no other changes to the
eHMI design parameters were necessary.

4.1.2 Design Objective Functions. As prior work showed that several subjective measures correlate in the given
crossing scenario (e.g., perceived safety and trust) [23], we used fewer objectives to increase optimization efficiency.
We focus on maximizing two subjective metrics: trust and visual appeal. Conversely, we aim to minimize mental
demand as our sole subjective metric, along with one objective metric: time to start crossing.
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Table 1. The 9 design parameters for the eHMI design, with ranges taken from [23]. All design parameters are modeled
continuously. Example visualizations of parameter values are shown in Figure 4.

Design Parameter Description Reference Range

𝑝1: R Red color channel. [29] [0, 1]
𝑝2: G Green color channel. [29] [0, 1]
𝑝3: B Blue color channel. [29] [0, 1]
𝑝4: eHMI Alpha, 𝛼 Alpha color channel value. [29] [0, 1]
𝑝5: Blink frequency Blink frequency when activated. Maximum: 4Hz. [36] [0, 1]
𝑝6: Width,𝑊 Width. Maximum: entire width of the AV. [29] [0, 1]
𝑝7: Height, 𝐻 Height. Maximum: entire height of the AV. [29] [0, 1]
𝑝8: Vertical Position,𝑉𝑃 Position along the center AV axis (viewed from the front). [29] [0, 1]
𝑝9: Auditory Message Loudness, 𝑙 Loudness of auditory message “Stopping”. [30] [0, 1]

We selected these four objectives to cover acceptance-related evaluation (trust and visual appeal), cognitive
cost (mental demand), and behavior (time to start crossing) while keeping the objective set small enough for
sample-efficient MOBO within a one-hour session. Prior work in the same task reports strong correlations among
several subjective measures; reducing redundancy in the objective set improves optimization stability and reduces
participant burden [23].
We employed the following questionnaires after every optimization run in the HITL process (as done in

[23]): We assessedmental demand via the mental demand subscale of the raw NASA-TLX [49] on a 20-point
scale (“How much mental and perceptual activity was required? Was the task easy or demanding, simple or
complex?”; 1=Very Low to 20=Very High; lower is better). Regarding trust, we used the Trust subscale of the
Trust in Automation questionnaire by Körber [62]. Trust is measured via agreement on the same 5-point Likert
scale on two statements (“I trust the system.” and “I can rely on the system.”; both times, higher is better). We
also adapted the question regarding visual appeal from Colley et al. [26] (“I found the visualizations visually
appealing”; on a 5-point Likert scale). Time to start crossing is the duration after walking very close to the road
since the simulation started (see Figure 2 b).
Normalization to the [−1, 1] range is required because the subjective metric values span 20-, 5-, or 7-point

Likert scales. We linearly transform each objective to the range [−1, 1]. We invert mental demand and time to
start crossing so that higher values are better for all objectives.

4.1.3 Hyperparameter Setup for Bayesian Optimization. We used BoTorch [6] version 0.14.3 to implement MOBO
with a multi-output Gaussian Process (GP) surrogate model and qEHVI (q-Expected Hypervolume Improvement)
as the acquisition function. We chose a GP because we expected a few noisy observations and therefore benefited
from a model that can both predict objective values and quantify uncertainty in unexplored regions of the design
space. We used a multi-output variant to simultaneously optimize four design objectives. Based on the collected
user feedback, the GP surrogate model estimates how eHMI parameter values relate to these four objectives.
In other words, after each iteration, it predicts which regions of the design space are likely to contain good
trade-offs, together with uncertainty about regions that have been explored less.

The acquisition function uses these predictions to decide which design to show next. It scores candidate designs
according to how useful they are expected to be for improving the current set of Pareto-optimal solutions. qEHVI
is designed for multi-objective optimization and therefore favors designs that are expected to improve the current
Pareto front across the objectives [74]. This means that the next design is selected because it is expected to
either improve the current trade-offs or reduce uncertainty in relevant parts of the design space. In this way, the
acquisition function balances exploration, that is, testing uncertain regions of the design space, and exploitation,
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which entails refining regions that already appear promising. We set 𝑞 = 1 (see Chan et al. [13]), such that exactly
one eHMI design was proposed and evaluated in each iteration.
The optimization process consisted of two phases: an initial sampling phase and a subsequent optimization

phase. In the sampling phase, participants first rated 19 eHMI designs generated with Sobol sampling [89]. Sobol
sampling spreads designs broadly across the 9-dimensional parameter space and thus provides an informative
initial coverage of possible parameter combinations. This phase was necessary because the optimizer lacked
user-specific data at the start of the study. To keep starting conditions comparable across participants, we used
the same set of 19 sampled designs for everyone.
After these initial ratings, the procedure entered the optimization phase. Here, the model was first fitted to

each participant’s ratings from the sampling phase and then iteratively updated after every new trial. Based on
the current model, qEHVI selected the next design expected to improve the Pareto front across the four objectives.
This phase lasted 6 iterations. To compute the next candidate design, we used 2024 restart candidates and 512
Monte Carlo samples, following prior automotive HITL MOBO work [23, 58].

In total, the procedure comprised 25 iterations, which fit within a 60-minute session while limiting participant
fatigue. The choice of 19 initial samples followed the 2𝑛+1 heuristic recommended in the BoTorch tutorial1, with
𝑛 = 9 eHMI design parameters. We chose this relatively sampling-heavy setup because we expected considerable
variability across participants and study regions, and therefore prioritized broad initial coverage before adapting
the search to each participant’s ratings.

4.2 Additional Measurements
In addition to the optimization objectives (see Section 4.1.2), we recorded several behavioral measures throughout
the VR experiment in Unity. We logged participants’ movement data at 50Hz using VR headset tracking, that
is, the user’s position and orientation in the virtual environment. From these data, we derived the number of
collisions with vehicles, the time spent on the sidewalk, the time spent on the street, and the total trial duration.

After completing all 25 iterations, participants evaluated their experience with the HITL process and the eHMI
design using five single-item self-report measures adopted from Jansen et al. [58]. All items were answered
on 7-point Likert scales ranging from 1 = Strongly Disagree to 7 = Strongly Agree. The measures were: User
Expectation Conformity (“The final design matches my imagination.”), Satisfaction (“I’m pleased with the final
design.”), Confidence (“I believe the design is optimal for me.”), Agency (“I felt in control of the design process.”),
and Ownership (“I feel the final design is mine.”).
Regarding Interactivity, participants also provided feedback on desired design control levels ("... Consider

aspects where you desired more or less control over the design.") They were then also able to provide general
feedback: “What was your general impression of the interaction with the automated vehicles?” and Improvement
proposals: “Do you have any improvement proposals?”

4.3 Study Procedure
First, participants were introduced to the study, its procedures, and the VR scene (see Figure 5). The introduction
is in Appendix A. Participants provided informed consent, then adjusted the headset. Each trial used the same
street scene and settings to avoid external influences on eHMI perception. The AV stopped after ≈25s. Each trial,
including the crossing, lasted ≈1min. After each trial, participants completed the questionnaires described in
Section 4.2 within the VR scene. The session lasted ≈60min. Participants received €10 or 2000 Yen. The study was
conducted in German or English in Germany, while in Japanese or Chinese in Japan. Study instructions were
translated in close collaboration with native speakers.

1https://botorch.org/docs/tutorials/multi_objective_bo; accessed 30.04.2026
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Fig. 5. Study procedure using HITL MOBO for eHMI design. There were 25 iterations (19 for sampling and 6 for optimization).
Image adapted from [23] with permission. The study procedures in Germany and Japan were identical.

The experimental procedure followed our university’s ethics committee guidelines and adhered to regulations
regarding handling sensitive and private data, anonymization, compensation, and risk aversion. Compliant with
our university‘s local regulations, no additional formal ethics approval was required.

5 Results
We report quantitative and qualitative results. We first summarize the optimization trajectories across iterations,
then compare Pareto-front trade-offs between Japan and Germany (including dominance and parameter-pattern
analyses). We then report process evaluations of the HITL MOBO interaction and conclude with qualitative
themes from participants’ open feedback to contextualize the numeric findings.

5.1 Data Analysis
The goal of MOBO is to identify the Pareto front, which contains all Pareto optimal points in the design space.
Each point represents a design that balances trade-offs between conflicting objectives [74]. Using the EMOA [75]
(Evolutionary Multiobjective Optimization Algorithms) and moocore [72] R packages, we determined Pareto-
optimal values for each participant and focused our analysis solely on these efficient designs. R 4.6.0 and RStudio
2026.04.0 were employed. All packages were up to date in April 2026.

5.2 Participants
We report results by study region (Germany vs. Japan) as residence and test location were aligned with the traffic
setup, although nationality within the Japan region varied. Across both regions, 𝑁 = 40 participants took part
(𝑛 = 20 living in Germany, 𝑛 = 20 living in Japan).

In Japan, the sample comprised 7 female and 13 male participants (𝑀 = 27.00, 𝑆𝐷 = 2.83 years old); all held a
college degree, including both Japanese and Chinese participants residing in Japan at the time of the study. On
5-point Likert scales (1=Strongly Disagree — 5=Strongly Agree), they reported interest in AVs (M=4.55, SD=.76),
positive expectations that AVs would ease their lives (M=4.70, SD=.57), and skepticism that AVs would become
reality by 2035 (M=4.45, SD=.61).

In Germany, there were 7 female and 13 male participants (𝑀 = 25.40, 𝑆𝐷 = 3.68 years old); 12 held a college
degree, 7 a high school degree, and 1 a secondary school degree. On the same scales, they reported lower interest
in AVs (M=3.45, SD=1.36), were less positive that AVs would ease their lives (M=4.00, SD=1.08), and were less
skeptical that AVs would become reality by 2035 (M=4.05, SD=1.23).
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In Germany and Japan, participants were recruited locally via mailing lists and personal invitations. Inclusion
criteria were being at least 18 years old, being able to complete the VR pedestrian-crossing task independently,
understanding the English cue “Stopping,” and not reporting high susceptibility to simulator sickness in a verbal
pre-screening. No participant had to abort the study, for example, due to simulator sickness, and no participant
reported vision or hearing disabilities.

5.3 Questionnaire Ratings
Figure 6 shows the iteration-wise progression of the four design objective values for Germany and Japan, separated
into the shared sampling phase (iterations 1–19) and the subsequent optimization phase (iterations 20–25) of
the HITL MOBO process. For each iteration, the plotted points represent the group means within each region,
with error bars indicating variability across participants. The dashed lines show simple linear regressions fitted
separately for each region across all 25 iterations.
For trust (Figure 6a), both regions show an overall upward trend across iterations, with higher values in the

final optimization iterations than at the beginning of the procedure. The German trajectory is comparatively
stable across the full process, whereas the Japanese trajectory fluctuates more strongly during sampling and rises
more clearly during optimization. A similar pattern is visible for aesthetics (Figure 6b): values increase in both
regions, but the increase is steeper for Japan than for Germany.
For mental demand (Figure 6c), the values also show an upward trend in both regions, with the Japanese

trajectory again changing more strongly across iterations than the German one. For time to start crossing
(Figure 6d), the German trajectory remains almost constant across the full procedure, whereas the Japanese
trajectory increases slightly over iterations. Thus, the four panels indicate different degrees of change across
objectives and regions, with the clearest visible late-phase increases for trust and aesthetics in Japan.

5.4 Comparing Pareto-optimal trade-offs between Japan and Germany via the additive 𝜀 indicator
To compare the two Pareto sets directly, we used the directional additive 𝜀 indicator (see Figure 7), a standard
set-based metric for multi-objective optimization [61, 99]. Here, additive means that the comparison is expressed
as the smallest constant offset in normalized objective space needed to shift one Pareto set so that it weakly
dominates the other. Thus, an additive gap measures the smallest constant value that must be added to all
objectives of one Pareto set so that it is weakly dominated by another set. Directional means that this offset
is computed separately for both directions, that is, from Japan to Germany and from Germany to Japan. As a
result, 𝜀 (Japan → Germany) and 𝜀 (Germany → Japan) need not be equal. Smaller values indicate that one set is
already closer to covering the trade-offs of the other, whereas larger values indicate that a larger shift is required.
In this sense, the reported 𝜀 values are directional additive gaps: they quantify the size of the required shift from
one region’s Pareto set to the other.
We computed the additive 𝜀 indicator for objectives normalized by their minimum and maximum values, so

that all objectives were on a common scale, with lower 𝜀 values indicating smaller required shifts. The directional
gaps were 𝜀 (Japan → Germany) = 0.333 and 𝜀 (Germany → Japan) = 0.867, yielding Δ = −0.534. Thus, the
Japanese Pareto set required a smaller additive shift to weakly dominate the German Pareto set than vice versa. A
participant-clustered permutation test with 5000 permutations gave 𝑝 < 0.0002; the observed Δ lay far outside
the null interval [−0.208, 0.208]. Under the chosen normalization and 𝜀-based comparison, this indicates that the
Pareto set obtained in Japan was significantly closer to weakly dominating the Pareto set obtained in Germany
than vice versa.
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(d) Progression of time to start crossing over iterations.

Fig. 6. Progression of the four MOBO objective values: trust, aesthetics, mental demand, and time to start crossing.

5.5 Pareto Front Design Parameter Set
Figure 8 shows the mean normalized Pareto-optimal parameter values for Germany and Japan, together with the
overall spread of values across participants. All mean parameter values lie above the normalized midpoint of
0.5. In addition, the grey rectangles indicate that the overall spread of Pareto-optimal values is broader than the
between-region mean differences for most parameters.
Averaging RGB values would hide important structure, so Figure 9 shows Pareto-optimal color values per

participant across all 25 iterations. Overall, the figure shows recurring light blue–green (close to cyan) and
magenta Pareto-optimal colors together with substantial variation across regions and participants.

During the sampling phase (iterations 1–19), all participants were exposed to the same set of sampled designs
generated by the Sobol procedure (see Section 4.1.3), such that differences in Figure 9 do not reflect different
sampled color sets, but differences in which of these shared sampled colors became Pareto optimal for a given
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Fig. 7. Epsilon indicator analysis comparing Pareto fronts between Japanese and German participants. (A) Directional epsilon
values (with 95% CI) quantify the additive distance to weak dominance. (B) The difference Δ = 𝜀 (Japan → Germany) −
𝜀 (Germany → Japan) indicates asymmetric optimization outcomes (***𝑝 < 0.001 from permutation tests). (C) Null
distributions from 5000 permutations indicate that the observed Δ values are statistically significant. Results from two
independent implementations (emoa, moocore) demonstrate robustness. Negative Δ values indicate that the Pareto front
obtained in Japan lies closer to weakly dominating the German Pareto front than vice versa across the four objectives (Trust,
Mental Demand, Aesthetics, Crossing Time).

participant. Pareto-optimal colors appear for nearly all participants; specifically, 39 of 40 participants showed at
least one Pareto-optimal color, indicating broad early coverage of the color space. The sampling phase also shows
a wider visual spread of Pareto-optimal colors than the optimization phase. In Germany, this distribution is less
uniform across participants, with high numbers of Pareto-optimal colors concentrated in only a few participant
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Fig. 8. Final parameter set per country. Presented are the Pareto front values per participant as a mean that is normalized.
The grey rectangle shows one standard deviation from the mean of all values. The x-axis shows the ordered visualization
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columns. In Japan, Pareto-optimal colors are distributed more evenly across participants, with more participant
columns containing intermediate numbers of Pareto-optimal colors.
In the subsequent optimization phase (iterations 1–6), Pareto-optimal colors appear sparser and are more

concentrated in a narrower light blue–green neighborhood, although several participants still had multiple
Pareto-optimal colors. This phase also differs across regions: in Germany, Pareto-optimal colors are concentrated
in fewer participants, including one particularly tall column in the light blue–green range, whereas in Japan, they
are distributed across more participants, typically with shorter columns.

Figure 10 summarizes the absolute mean differences between Japan and Germany for each Pareto-optimal eHMI
design parameter. The largest between-region differences are observed for the color-related parameters, with blue
showing the highest difference, followed by green and red. Width also shows a comparatively large difference,
whereas blink frequency, volume, vertical position, height, and alpha show smaller separations. According to the
non-parametric tests, only red and green reach statistical significance.

5.6 Correlation between the Design Objectives
MOBO identifies Pareto-optimal design parameters, where any improvement in one objective requires a loss in
another [74]. We therefore examined correlations among objectives for two reasons: (1) to make the structure of
trade-offs visible (which objectives tend to move together vs. oppose each other), and (2) to check whether any
objective is largely redundant (highly correlated) or decoupled (independent), which affects how practitioners
should interpret multi-objective recommendations. The results show that almost all correlations were statistically
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Fig. 9. Distribution of Pareto-optimal color values for each participant, divided by study region (Germany vs. Japan) and
phase. Each column represents a single participant. The colored boxes show the actual eHMI colors that achieved Pareto
optimality (i.e., they were not dominated by other designs). The number inside each box indicates the specific run (iteration)
in which that color was evaluated, counted from bottom to top. Missing numbers (empty spaces) represent iterations where
the tested color was sub-optimal and discarded. Key takeaway: The varying stack heights and color palettes demonstrate
highly individualized color preferences and trade-offs, with the optimization phase successfully discovering new optimal
designs tailored to each user.

significant when using all data for Germany (see Figure 11a). This is not the case for the data from Japan, where
the Time to start crossing is uncorrelated with any other objective (see Figure 11b).

When only taking Pareto front values into account (see Figure 12a and Figure 12b), both in Japan and Germany,
no correlation between Time to start crossing and any other objective exists. Both with all data and with only
Pareto values, the other objectives are positively correlated.

5.7 Design Satisfaction and Engagement
Table 2 summarizes participants’ experience in the HITL MOBO process. We used Wilcoxon signed-rank tests to
compare them. Expectation conformity, satisfaction, agency, and confidence were descriptively positive in both
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Fig. 11. Correlation heatmaps of study objectives. The images include all data points (𝑛 = 500 = 25 ∗ 20, i.e., 20 iterations for
20 participants per region).

Japan and Germany. Ownership showed the lowest mean values of the five measures in both groups. However, no
significant differences were found. As in previous work [23], the results indicate that participants were generally
satisfied and felt in control, while ownership of the final design remained comparatively weaker.
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Fig. 12. Correlation heatmaps of Pareto-true study objectives per region.

Table 2. Design satisfaction and engagement ratings. Region differences were tested using Wilcoxon signed-rank tests.

Measure Item Japan M (SD) Germany M (SD) W p

Expectation conformity “The final design matches my imagination.” 4.85 (2.06) 5.20 (1.70) 181.50 0.61
Satisfaction “I’m pleased with the final design.” 4.95 (2.01) 5.30 (1.45) 188.50 0.76
Agency “I felt in control of the design process.” 4.55 (1.90) 4.80 (1.28) 196.50 0.93
Confidence “I believe the design is optimal for me.” 4.60 (2.09) 5.05 (1.54) 183.00 0.65
Ownership “I feel the final design is mine.” 4.60 (2.11) 4.75 (1.37) 206.00 0.88

5.8 Open Feedback
Participants provided textual feedback at the end of the study regarding their experience with the design and
interaction. Because this was not a dedicated qualitative study, we treat these comments as illustrative context
rather than as a comprehensive thematic analysis.

We conducted a lightweight inductive analysis. Two authors independently reviewed all responses and identified
recurring concepts. We then consolidated these into a small set of shared themes and selected representative
quotes. Disagreements were resolved through discussion. No formal codebook or saturation criterion was applied.

We highlight the topics around our open questions regarding interactivity, general impressions, and areas for
improvement.

Interactivity and Control. German participants emphasized control over signals and stopping behavior. They
reported wanting fewer surprises and clearer mappings from feedback to the next change: “I feel less control
over the crossing the road part", “I liked it more when it was not blinking when the car stopped,” “I wanted more
control over the shape of the indicator”, "I’d like to have been able to signal the cars to stop, e.g. holding my hand
out."
Japanese participants focused more on tunable visual properties and placement: “I felt that I can control the

size of eHMI. desired more: the place & color of eHMI on car” “I prefer sky blue and desire more eHMI area to
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cover the car,” “position and area”, "I feel I only can control the size of visualization. If possible, I would like to
control the position."

General Impressions of AV Interaction. Overall impressions were cautiously positive but split in emphasis.
German participants highlighted predictability and reliability alongside occasional failures: “Theywere predictable,
which I liked,” “Mostly reliable,” yet also “the cars hit me twice, but in other rounds they do the right things.”

Japanese participants more often framed trust as conditional and noted interactions with other traffic: “great,”
“I can trust the automated vehicles if everything goes correctly,” “It works well in car-pedestrian interaction,
but need more improvements on the autonomous vehicle-other traditional vehicle (driver) interaction”, “The
functionality is not that mature”, "Generally I trust them, still I need double-check to determine."

Areas for Improvement. Requests from Germany centered on workload and traffic flow: “Less cars in the screen
and one car to interact with,” “Maybe the waiting time before the automated vehicle stops could be reduced?”
“Maybe fewer tries, 25 for me is too many.”

Japanese participants asked for clearer semantics and additional cues: “add text,” “It would be great if the
automated vehicles could hint at the incoming cars from the opposite direction,” “Maybe change the background
of crossing street,” “let user choose a specific color . . . instead of other random colors.”

Collectively, feedback indicates a cross-regional split between control over interaction dynamics (Germany) and
richer, user-steerable visual semantics and placement (Japan). This pattern suggests potential regional differences
in priorities, which may inform future design considerations.
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Fig. 13. TextBlob Sentiment Polarity by Question Type and Country of Residency. Post-hoc Wilcoxon signed-rank tests
(Holm-Bonferroni corrected) revealed no significant pairwise differences between question types within either country.

Sentiment Analysis. Furthermore, Sentiment analysis was conducted using the TextBlob Python library, which
assigns a polarity score ranging from -1 (highly negative) to +1 (highly positive). To analyze the differences in
sentiment, a 2×3 Mixed Analysis of Variance (ANOVA) was conducted with Country of Residency (Germany vs.
Japan) as the between-subjects factor and Question Type (Interactivity, General, Improvement) as the within-
subjects factor (see Figure 13). Because sentiment scores frequently violate the assumption of normality, post-hoc
pairwise comparisons between question types within each country were conducted using non-parametric
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Wilcoxon signed-rank tests. To control for the family-wise error rate, p-values were adjusted using the Holm-
Bonferroni correction.

The Mixed ANOVA revealed a significant main effect of Question Type on sentiment, F(2, 54) = 5.17, p = .009,
partial eta-squared = 0.16. There was a non-significant main effect of Country of Residency, F(1, 27) = 0.18, p =
.676, partial eta-squared = 0.01. Furthermore, the interaction between Question Type and Country of Residency
was non-significant, F(2, 54) = 0.68, p = .509, partial eta-squared = 0.02.

Post-hocWilcoxon signed-rank tests (Holm-Bonferroni corrected) were utilized to examine differences between
question types within each country. For participants residing in Germany, sentiment regarding Interactivity (M =
0.25, SD = 0.26) was significantly higher than improvement (M = 0.07, SD = 0.17), W = N/A, p = .027; sentiment
regarding general (M = 0.28, SD = 0.20) was significantly higher than improvement (M = 0.07, SD = 0.17), W =
N/A, p = .027. Comparisons that are not explicitly mentioned did not reach statistical significance (p > .05).

6 Discussion
While numerous works evaluated different eHMI designs [27, 36, 94], the question of what constitutes an optimal
eHMI remains open. Early evidence suggests HITL MOBO can optimize eHMI parameters [23], yet the role of
background in shaping both the resulting design and the design process is unclear.

This paper evaluates HITL MOBO as a method for multi-objective eHMI parameter search and for comparing
Pareto trade-offs across study regions. The Germany–Japan comparison is therefore reported as site-specific
evidence from one scenario and one sample, not as a general claim about European or Asian culture.
Guided by this gap, we examine cross-regional differences (Germany vs. Japan) in two respects: (RQ1) the

characteristics of eHMIs optimized for pedestrians’ trust, mental demand, perceived aesthetics, and time to cross;
and (RQ2) how the optimization process is experienced, including satisfaction, agency, confidence, ownership,
and overall user experience.
We conducted a between-subject study in Japan (n=20) and Germany (n=20) to investigate these RQs. We

employed HITL MOBO to iteratively optimize the eHMI designs based on participant ratings of trust, mental
demand, aesthetics, and time to start crossing. This is a design-method innovation, as it allows not only to
distinguish individual designs but also to identify design trade-offs. Furthermore, this method enables us to
determine whether there is a Universal Design for all participants, that is, one that all had on their individual
Pareto fronts. Designs on the Pareto front mean enhancing one objective would necessitate trade-offs with
others [74].

6.1 Regional Differences Regarding Optimal eHMI Design
Pareto sets differed by region. Using the additive 𝜀 indicator on normalized objectives (lower is better), we
observed an asymmetric gap, with 𝜀 (Japan! →!Germany)=0.333 and 𝜀 (Germany! →!Japan)=0.867 (Δ=−0.534).
Under this normalization, the Pareto-optimal designs identified in Japan lie closer to jointly desirable trade-offs
across trust, visual appeal, mental demand, and time to start crossing. Importantly, this does not mean that
Japanese participants rated designs as uniformly better on any single metric. Rather, it indicates that the shape of
the trade-off space differs by region. For example, an eHMI design that is both trusted and visually appealing
without increasing mental demand, while still eliciting an early crossing response, may be attainable in one
region but not in the other.

This interpretation aligns with prior work reporting cross-regional differences in pedestrian–vehicle interaction,
including willingness to cross, trust, compliance, and risk avoidance under uncertainty [50, 59, 77, 83]. We extend
this literature by examining these differences in a multi-objective design space rather than along isolated design
objective dimensions. Using a formal dominance metric shows that regional effects persist when considering only
Pareto-optimal designs and that behavioral timing ("time to start crossing") can be decoupled from subjective
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evaluations such as trust or visual appeal. For instance, an eHMI design can be rated as trustworthy and
aesthetically pleasing without necessarily leading to faster crossings, or vice versa. Moreover, this decoupling
indicates that design objectives that are often assumed to covary in HCI (e.g., higher trust implying quicker
action) do not necessarily move together on the Pareto front.

Having established that regional differences emerge at the level of multi-objective trade-offs, we next localize
where these differences appear in the eHMI design space. The largest between-region separations occur in
the RGB color parameters (see Figure 10), which in our implementation primarily modulate visual salience,
that is, how strongly an already visible light signal attracts attention relative to its surroundings through hue
and saturation. By contrast, parameters that mainly affect detectability—whether the signal can be perceived
at all under given sensory constraints—such as eHMI size (e.g., height) or opacity (e.g., 𝛼), show smaller or
non-significant differences (see Figure 8).

This result partially diverges from the construct-based expectations that motivated our experiment (see Section
2.3). In the following, we therefore use cultural constructs discussed in prior work as interpretive lenses. Prior work
links Germany–Japan differences in pedestrian behavior to uncertainty avoidance and individualism–collectivism
[50, 51, 77], which would predict stronger preferences for redundancy-enhancing parameters that increase
detectability, such as greater opacity, larger display area, or additional auditory cues. Instead, this (color >

size/opacity) pattern indicates that—assuming a constant communicated stopping intent—regional differences are
already expressed through preferences for visual salience rather than changes in basic detectability.
Correlational structure also differed. Across all observations, most pairwise correlations among subjective

objectives were significant in Germany, whereas in Japan, the behavioral metric Time to start crossing was
uncorrelated with other objectives. Restricting to Pareto-true points, Time was uncorrelated with subjective
objectives in both regions, while subjective objectives were positively correlated. Thus, on the Pareto front,
behavioral timing did not track subjective ratings, consistent with multi-objective trade-offs [74].

Optimization progressed similarly across regions. Trajectories showed increasing trust and aesthetics, decreas-
ing mental demand, and shorter Time to start crossing over iterations (see Figures 6a–6d), consistent with HITL
MOBO’s exploration–exploitation behavior [6, 11, 13, 23]. Besides, in-loop experience did not differ significantly
between regions on expectation conformity, satisfaction, agency, confidence, or ownership (Wilcoxon, 𝑝≥.61);
descriptive means were positive in both, aligning with prior reports that users can work productively with
iterative optimization [23].
This quantitative parity is strongly corroborated by our sentiment analysis of the open-ended feedback. The

lack of a main effect for study region in the sentiment scores confirms that participants in both Germany and Japan
shared a similarly positive baseline experiencewith the HITL-MOBO process and the AV interactions. Interestingly,
while our qualitative thematic analysis revealed that the focus of the feedback diverged—with German participants
emphasizing control and predictability, and Japanese participants prioritizing visual semantics—the underlying
emotional valence remained consistent. The only significant variation in sentiment was driven by question type
(specifically in Germany, where asking for "improvements" naturally elicited more critical, problem-focused
language than general impressions). Taken together, these findings suggest that while regional backgrounds may
shape which eHMI parameters users prioritize (as seen in the Pareto fronts), they do not negatively impact the
universal acceptance and usability of the optimization process itself.

Sample and protocol factors require interpretation. Groups differed in age and education (Japan: higher mean
age, all with college degrees; Germany: lower mean age, mixed education), baseline attitudes toward AVs differed
descriptively, and scenarios used left- vs. right-hand traffic. These are potential covariates, and we highlight that
we make no causal claims based on them.
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6.2 Towards Optimal eHMIs for Multi-Pedestrian Encounters
Urban crossings rarely involve a single pedestrian. Co-located groups mix cultural conventions and heterogeneous
preferences, so an eHMI that works for one person may confuse another. Our HITL MOBO pipeline optimizes
for one user at a time and may not transfer directly to new users. A practical next step is group-based MOBO
that learns group preferences from aggregated feedback (e.g., [69]). Future work should prototype crowd-robust
eHMIs with redundancy across modalities (color, motion, text/icon), multi-view layouts for varied vantage
points, and fallbacks to traffic norms when consensus is low. Study designs should move from single-user loops
to micro-groups and compare individual and group outcomes. In deployment, group-optimal eHMIs could be
computed offline, with on-vehicle detection assigning an observed group to an available design. A key challenge
is inferring the “right” group when information on nearby pedestrians is scarce. Vehicle-to-X approaches that
query user information from their smartphones merit investigation.

6.3 Design Implications for eHMI Practitioners
We derive practical implications by translating Pareto-optimal parameter patterns into defaults and adjustment
priorities for eHMI implementations under similar constraints (unsignalized crossing; light-based panel with
optional audio). The evidence for each implication is grounded in (i) parameter distributions on the Pareto front
(Figure 8 and Figure 9) and (ii) region differences in Pareto-front parameters (Figure 10).

Implication 1: Constrain the eHMI color palette and personalize within that neighborhood. Figure 9 shows that
Pareto-optimal solutions concentrate in a cyan-like region across participants, despite broad sampling of the RGB
space early in the session. This recurrence suggests that, within our design and scenario constraints, cyan-like
hues are a robust “safe default” for signaling intent. We therefore recommend selecting a constrained palette
centered on this region and supporting personalization within it (e.g., small shifts in hue/saturation) rather than
switching between semantically different colors.
The rationale for prioritizing color for locale-specific adjustment comes from Figure 10: the largest between-

region differences on the Pareto front occur in the color channels (𝑝1–𝑝3), while several non-color parameters
show smaller or non-significant differences. Taken together, these results indicate that color is both consistently
present in Pareto-optimal designs and comparatively more sensitive to site, making it a high-leverage parameter
for design adjustment.

Implication 2: Increase eHMI detectability primarily via opacity and area before adding temporal dynamics. The
Pareto-front parameter distributions in Figure 8 indicate that successful eHMI designs typically rely on static
salience controls such as opacity (𝑝4, 𝛼) and visible area (𝑝6/𝑝7, width/height), together with a stable placement
(𝑝8), rather than requiring aggressive temporal modulation. Based on this pattern, we recommend an adjustment
order that first increases 𝛼 and/or area to improve detectability (e.g., for distance, glare, or visual clutter). Blink
frequency (𝑝5) should be treated as a secondary adjustment when static salience is insufficient, because it trades
improved noticeability against potential distraction.

Implication 3: Use audio to add redundancy when visual changes are constrained. Audio provides an additional
channel that can raise eHMI detectability without changing the visual appearance or the semantics of the signal.
In our parameterization, this corresponds to increasing loudness (𝑝9). The practical interpretation is to treat
audio as an auxiliary redundancy mechanism: increase 𝑝9 when visual salience cannot be increased further (e.g.,
aesthetic constraints or regulatory limits), rather than using audio as the primary carrier of intent.

6.4 Limitations and Future Work
We treated subjective ratings as the primary objectives for UI parameter optimization and included one behavioral
objective: time to start crossing. The value of adding additional objective signals, such as physiological measures,
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remains open. Ratings came from validated questionnaires or instruments grounded in prior work. More generally,
cross-regional comparisons are difficult, as translated scales may lack measurement invariance, road rules and
enforcement differ, color meanings and signage conventions vary, pedestrian norms and exposure to AVs are not
comparable, and recruitment often yields mismatched samples.
This comparison is further confounded by site-specific factors. Japan used left-hand traffic, and Germany

used right-hand traffic, which can change scanning behavior and attention allocation. Besides, the sample
was relatively young, highly educated, and strongly interested in AVs, which limits generalizability to broader
pedestrian populations. In particular, the findings may not transfer to older adults, people with lower educational
attainment, people with lower familiarity with digital systems, or pedestrians with weaker interest in or more
skeptical attitudes toward automated driving. The study should therefore be interpreted as evidence for this
specific sample and scenario rather than as a population-level account of pedestrian preferences in Germany and
Japan. We therefore interpret observed differences as region differences in this sample and scenario and do not
attribute them uniquely to culture. Future work may hold traffic handedness constant across regions or add a
condition that decouples handedness from country.

The study lacked a non-optimization control condition, limiting the extent to which effects can be attributed
specifically to optimization rather than repeated exposure to the VR scenario. This limitation should be interpreted
carefully. A core mechanism of HITL MOBO is repeated human feedback to refine the search toward user-relevant
trade-offs over time [13, 76]. In that sense, participants are intended to familiarize themselves with the design,
compare alternatives, and calibrate their preferences through repeated exposure to candidate designs. At the
same time, repeated exposure may also increase familiarity with the VR scenario, the crossing task, or the rating
procedure in ways that are not specific to the optimized designs. The present study, therefore, cannot fully
separate intended preference refinement from more general scenario familiarization. Accordingly, our results
should not be read as a causal estimate of the optimizer’s effect on objective trajectories, but rather as evidence
that, under the same HITL MOBO procedure, the resulting Pareto trade-offs and parameter patterns differed
between the two regional samples. Future work should therefore strengthen causal interpretation by comparing
HITL MOBO against non-adaptive baselines, such as random sampling, a predefined sequence of eHMI designs, or
a separate first-exposure evaluation of the final optimized designs by new participants. Such baselines would help
determine whether similar changes emerge without adaptive model-based selection, whether effects are partly
driven by repeated exposure or by order, and whether optimized designs remain effective for non-participants in
the HITL process.
The auditory message content was not localized across study contexts. While prior work has shown that

auditory eHMI effects can vary with pedestrian characteristics and environmental conditions, such as hearing-
related accessibility needs and background noise [96], the role of language localization in spoken eHMI messages
remains underexplored. Future cross-region experiments should therefore localize spoken auditory messages to
the study language and explicitly disentangle effects of auditory presence from effects of linguistic comprehension,
for example, by comparing localized speech, non-localized speech, and non-verbal auditory cues. This limitation
may have been attenuated in our relatively young and educated sample (Japan: on average 27 years old, all with a
college degree; Germany: on average 25.4 years old, at least a secondary school degree), for whom comprehension
barriers for a single English cue (”Stopping”) were likely less pronounced.

In addition, future work should investigate eHMI designs across conditions, day time versus night time, varied
weather, following Colley and Rukzio [28], and broaden the design space to include text, symbols, and dynamic
animations. Prior studies indicate a strong potential for LED strip-based eHMIs due to ease of integration and
aesthetic appeal. Text can be inaccessible to children or non-native speakers, and symbols can be ambiguous.
We used a flashing animation because earlier work reported a preference for this pattern [36]. Cross-region
experiments should use identical scenarios, calibrated luminance across lighting conditions, and locale-specific
piloting to control for infrastructure, enforcement, crowd behavior, and language-related comprehension effects.
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Finally, while VR provides a safe and highly controlled environment for evaluating pedestrian-vehicle interac-
tions, it inherently limits ecological validity. Because participants know they are not in physical danger, they
may behave more boldly or initiate crossings more quickly in VR than in the real world. Future work should
complement VR experiments with real-world testing to verify whether these behavioral metrics hold under
true physical risk. For instance, evaluating optimized eHMI designs on actual vehicles in controlled test-track
settings. Furthermore, our simulated traffic scenario was intentionally simplified to establish a baseline, where
the far lane contained only manually driven, non-stopping vehicles. Real-world urban environments are far more
complex. Future studies must investigate multi-lane AV traffic to understand how pedestrians process potentially
simultaneous, and perhaps conflicting, eHMI signals from multiple automated vehicles.

7 Conclusion
We ran a cross-regional HITL MOBO study of AV external communication in VR (N=40; Germany n=20, Japan
n=20). The optimizer adjusted nine eHMI parameters to balance trust, visual appeal, mental demand, and time
to start crossing. Optimization behaved as intended: trust and visual appeal increased over iterations, mental
demand and time to start crossing decreased. On the Pareto front, objectives aligned in both regions, while time to
start crossing was independent of them; across all observations in Japan, time to start crossing was independent
of every objective. A dominance analysis with the additive 𝜀 indicator showed 𝜀 (Japan → Germany)=0.333
and 𝜀 (Germany→ Japan)=0.867; Δ=−0.534 was significant in a participant-clustered permutation test (5,000
permutations, 𝑝<0.0002). Process evaluations were positive in both regions, with no significant differences in
expectation, satisfaction, agency, confidence, or ownership. These results support parameter search with HITL
MOBO for eHMI design and reveal measurable regional differences in the joint objective space. Limitations
include a single crossing scenario, a fixed objective set, and VR with left-hand traffic in Japan and right-hand
traffic in Germany. Future work should expand the objectives, vary the scenarios and contexts, and test transfer
to on-road studies.

Open Science
The Unity application will be made available upon request, and the collected (anonymized) data is available
via https://anonymous.4open.science/r/eHMI-Japan-Germany-HITL-MOBO-2026-5528/README.md (currently
anonymized).
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A Procedure — Introduction
You will be crossing a road in a virtual reality (VR) environment. You will encounter automated and
manually driven vehicles. Automated vehicles are identified by a strip on the upper part of the windshield.
If you feel uncomfortable at any time, you can stop the study without giving any reasons and without
any disadvantages. In this case, simply remove the VR goggles and inform the study leader.
You will be shown different scenarios, one after the other. The aim of all scenarios is to reach the checkpoint
(blue) on the opposite side of the road. If an automated vehicle recognizes that you want to cross the
road, it will communicate with you, depending on the passage. This communication will change over the
course of the study.
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