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Figure 1: Overview of the user study setup and optimization process. (Left) N=40 participants were divided into two groups:
n=20 experienced a simulated air taxi flight with motion cues using a 3-Degrees-of-Freedom motion chair and VR, while the
other n=20 experienced the simulation in VR without motion cues. (Right) We applied Multi-Objective Bayesian Optimization
to iteratively refine the air taxi’s user interface design over 30 optimization runs, focusing on six key objectives: trust, perceived
safety, mental demand, understanding, acceptance, and aesthetics.

Abstract
Automated Urban Air Mobility (UAM) can improve passenger trans-
portation and reduce congestion, but its success depends on passen-
ger trust. While initial research addresses passengers’ information
needs, questions remain about how to simulate air taxi flights and
how these simulations impact users and interface requirements.
We conducted a between-subjects study (N=40), examining the influ-
ence of motion fidelity in Virtual-Reality-simulated air taxi flights
on user effects and interface design. Our study compared simula-
tions with and without motion cues using a 3-Degrees-of-Freedom
motion chair. Optimizing the interface design across six objectives,
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such as trust and mental demand, we used multi-objective Bayesian
optimization to determine the most effective design trade-offs. Our
results indicate that motion fidelity decreases users’ trust, under-
standing, and acceptance, highlighting the need to consider motion
fidelity in future UAM studies to approach realism. However, mini-
mal evidence was found for differences or equality in the optimized
interface designs, suggesting personalized interface designs.
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1 Introduction
Automated Urban Air Mobility (UAM) is emerging as a potential
solution to alleviate current congestion issues. For instance, in cities
like London, Paris, and Brussels, people experience over 130 hours
of congestion annually [63]. Even with the rise of hybrid work-
ing [62], recent statistics show that traffic congestion continues to
worsen [64], highlighting the need for innovative transportation
alternatives like UAM. Advancements in battery technology have
enabled the development of electrically powered air taxis, which
produce zero local emissions. For instance, Volocopter’s electric
air taxi, VoloCity, has a range of 35 km, sufficient for transporting
passengers between city centers and airports in most of the world’s
megacities [77]. These vehicles, known as electrical vertical take-
off and landing (eVTOL) aircraft, are particularly beneficial due to
their minimal urban space requirements. Due to these advances,
the European Union Aviation Safety Agency (EASA) predicts that
this new mode of transportation could become available within
this decade [1]. In its early stages, UAM is expected to focus on
small-scale operations, with air taxis carrying only a few passen-
gers per trip [24, 77]. However, future visions extend beyond in-
dividual transportation, aiming to implement large-scale public
transportation systems similar to buses [61]. Yet, in both visions,
inexperienced, non-pilot passengers are expected to utilize these
air taxis. Nonetheless, studies indicate that trust and perceived
safety are critical factors influencing passengers’ willingness to
adopt to UAM [1, 3, 23]. To enhance passenger trust, Al Haddad
et al. [3] suggested implementing new safety standards, such as
in-cabin surveillance cameras. Other solutions can be found in the
field of Human-Computer Interaction, as Colley and Meinhardt
et al. [17] demonstrated that simple trajectory visualizations on
the windshield display (WSD) of air taxis significantly increase
passengers’ trust and perceived safety compared to no visualization
or other visualizations such as a tunnel visualization or augmented
landmarks. However, their study was only conducted as a low/mid-
fidelity virtual reality (VR) study, although Edwards and Price [23]
recommended constructing a high-fidelity simulator to study pas-
senger needs and the impact of rotor noise and vibration in the
cabin. This raises the methodological question of how the fidelity
of a simulator impacts the user studies’ results when investigating
passengers’ information needs in the field of UAM.

While most studies in the automotive domain have been con-
ducted in VR [14, 27], recent research is already using higher-fidelity
simulations like motion chairs [54] or real vehicles [28, 39]. Compar-
ing these different types of simulations, Yeo et al. [82] found signifi-
cant differences in perceived motion fidelity and presence between
VR-only setups, motion platforms, and real vehicles. Therefore,
we suggest that motion fidelity may also affect users’ information
needs. However, to our knowledge, no studies have investigated the

effects of motion fidelity on passengers in simulated UAM scenar-
ios. This research is important, though, as the simulation’s motion
fidelity may influence the results’ reliability, especially when ad-
dressing the complex issues of passengers’ perceived safety and
trust that arise for different visualizations of automated air taxis, as
indicated by Colley and Meinhardt et al. [17]. While not focusing
on motion fidelity, they only investigated a single aspect of visual-
ization design for UAM–namely trajectories. However, a complete
user interface (UI) involves multiple interconnected components.
Optimizing the combination of these components becomes increas-
ingly complex when trying to enhance multiple aspects, such as
perceived safety and trust, which is especially critical in UAM con-
texts, where passengers often feel less familiar and more vulnerable
compared to traditional ground transportation. Yet, in the field of
Automated Vehicles (AVs), Normark [60] allowed passengers to
manually customize the size, location, and color of icons on the
dashboard, center stack, and Head-Up Display (HUD). By tailoring
these UIs to individual preferences, the overall user experience can
be enhanced [73], fostering increased perceived safety and trust in
future automated UAM.

Instead of relying on manual adjustments to various design el-
ements within the visualizations, Multi-Objective Bayesian Opti-
mization (MOBO) offers a more efficient solution. MOBO itera-
tively identifies the optimal design parameters by incorporating
user feedback at each iteration, progressively refining the design
to meet the users’ needs. This approach has already been success-
fully applied in various domains to solve design optimization prob-
lems [10, 11, 37, 44, 47]. MOBO predicts which design changes will
most effectively achieve the desired objectives, such as increasing
passengers’ trust and perceived safety. It manages multiple objec-
tives by identifying the best trade-offs among them, known as the
Pareto front, ensuring the most effective compromises for UI de-
sign [50]. In light of these considerations, this work is guided by
the following two research questions (RQs):

RQ1 What are the characteristics of an optimized
UI design for automated air taxis that enhance pas-
sengers’ trust, perceived safety, mental demand, un-
derstanding, acceptance, and aesthetics?
RQ2 How does the motion fidelity of the simulation
affect the design parameters and user’s effects for a
UI in automated UAM?

To address these RQs, we conducted a between-subject user
study with N=40 participants. The participants were divided into
two groups, with n=20 participants, each experiencing a simulation
of an automated air taxi flight created in Unity. The first group expe-
rienced the simulation using a 3-degrees-of-freedom (DoF) motion
chair combined with VR, while the second group experienced the
simulation using VR only, without the motion chair. Additionally,
we applied MOBO to the air taxi’s UI design. This optimization
focused on 12 design parameters, such as the length and trans-
parency of the ego-trajectory on the WSD, a map visualization
on the internal display, and the visualization of boundary boxes
around other air taxis. We optimized these parameters based on
six objectives: trust in automation, understanding, mental demand,
perceived safety, acceptance, and aesthetics.
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Our findings show that while motion fidelity had a minimal ef-
fect on most UI design parameters, we found strong to extreme
evidence that it reduces users’ trust, understanding, and acceptance,
highlighting its importance in future UAM studies. Nonetheless,
the lack of differences in immersion between the groups may de-
rive from participants’ limited experience with real air taxi flights.
Additionally, the relatively high variance in design preferences on
the Pareto front suggests that a one-size-fits-all approach may not
be suitable for air taxi interfaces. Although objectives improved
during optimization, personalized interfaces tailored to individual
preferences could enhance user experiences. Eventually, we provide
practical guidelines for future UAM research on automated air taxi
interfaces.

Contribution Statement [80]

• Artifact or System We developed a VR, Unity-based simu-
lation of an automated air taxi flight, designed to iteratively
optimize the UI through MOBO, allowing the identification
of optimal design parameters based on user feedback across
six objectives.

• Empirical study that tells us about how people use a
system.We conducted a between-subjects study (N=40) to
investigate the impact of motion fidelity on user experience
and UI design for automated air taxis. Our findings show
that there is evidence that motion fidelity decreases trust,
understanding, and acceptance while having minimal effect
on optimized UI design, suggesting the need for tailored user
interfaces in future UAM applications.

2 Related Work
This section will provide an overview of prior research on users’
information needs within the context of UAM and explore potential
UIs designed to visualize this information. Furthermore, it intro-
duces Bayesian Optimization (BO) as an algorithm for optimizing
these UIs.

2.1 Human-Computer Interaction for Urban Air
Mobility

Approach UAM with an HCI perspective, Kim et al. [41], conducted
a workshop focused on User Experience in UAM with HCI experts.
The insights from this workshop were further analyzed by Lim
et al. [48], revealing a transition in focus from initial concerns of
safety and acceptance in the first phase of UAM to later empha-
sizing comfort as potential passengers’ major concerns. However,
they did not propose explicit solutions for these concerns. Edwards
and Price [23] conducted a similar workshop with aviation profes-
sionals, identifying six primary categories of passenger concerns:
safety, noise and vibration, passenger well-being, and environmen-
tal concerns. To address these concerns, they suggested creating a
high-fidelity simulator to understand passenger needs better and
study the effects of rotor noise and vibration inside the cabin. Fur-
ther advancing the field, Meinhardt and Colley et al. [52] held a
workshopwith six professional helicopter pilots to evaluate automa-
tion and visualization possibilities for future UAM piloting. Their
focus included visualizing air traffic, avoiding obstacles, and map
visualization to enhance situational awareness. Their findings align

with Janetzko and Kacem [35], who investigated the information
needs of emergency flight pilots, noting a desire to prioritize criti-
cal information, such as collision avoidance, during these flights.
Diving into the visualization of these information needs, initial
research was conducted by Colley and Meinhardt et al. [17]. In a VR
user study, they found that a chevron path line visualization was
the most effective visualization for significantly increasing trust
and perceived safety compared to other visualizations. Particularly
in the presence of other air traffic, the path line increased trust and
provided a more predictable view of the air taxi’s future trajectory.
Based on their work, Valente et al. [75] investigated the path line
visualization during different flight phases (take-off, cruise, landing)
and visibility conditions (daylight, night, foggy). They found that
their participants’ understanding decreased during take-off and
landing and under poor visibility conditions when using visualiza-
tions other than the path line, suggesting that this visualization
performs best in most tested conditions.

Drawing from the insights of visualization of passengers’ in-
formation needs [17, 53, 75], we see that how flight-relevant in-
formation is displayed significantly impacts passengers’ trust and
perceived safety. However, these studies have primarily focused on
a single visualization component–namely trajectories, whereas a
complete UI involves multiple interconnected components. Opti-
mizing the combination of these components, however, becomes
increasingly complex. To address this challenge, this work employs
MOBO to explore and optimize multiple parameters in the design
of air taxi UIs. Therefore, the next section introduces MOBO for
interface designs to relate to RQ1 of this research.

2.2 Multi-Objective Bayesian Optimization for
User Interface Designs

Designing an effective UI for automated UAM involves selecting
the best combination of design parameters—such as position, trans-
parency, and size—to achieve key objectives like enhancing trust
and perceived safety. Given the complexity of modern UIs, where
numerous design parameters must be optimized, testing every pos-
sible combination is infeasible.

BO offers an efficient solution by modeling the relationship be-
tween design parameters and objective functions. BO iteratively
refines designs by balancing seeding (trying new designs) and ex-
ploitation (focusing on promising ones), which makes it particularly
effective in optimizing UI designs with limited data and unknown
outcomes [8]. For subjective design objectives, such as trust and
perceived safety, it is necessary to integrate the user into the BO
process. In such a Human-in-the-Loop (HITL) process (see Chan
et al. [10]), the BO adjusts the design parameters in each optimiza-
tion iteration based on the user’s subjective evaluation of the last
design. HITL BO has been applied successfully in various UI design
challenges, such as defining animation parameters based on user
feedback [7], optimizing font settings for faster reading [37], and
improving UI interactions to reduce task completion times [21].
For UI design for automated air taxis, multiple objectives like trust,
perceived safety, and mental demand must be balanced [17, 53, 75].
Hence, MOBO (e.g., see Johns et al. [36]) can be used to find the
optimal design parameters that balance all objectives. In particular,
MOBO generates a range of optimal designs, known as the Pareto
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front, where no design can improve one objective without compro-
mising another [50]. This approach has been applied in contexts
like touchscreen keyboards [22] and haptic interfaces [31].

In the context of UAM, the UI design challenge is further com-
plicated by the need to account for the impact of motion fidelity on
user perceptions. Unlike automated driving, where motion cues oc-
cur primarily in two dimensions, UAM involves three-dimensional
movement, including vertical maneuvers like takeoffs and landings.
Research has shown that passengers’ understanding is lower during
vertical flights compared to cruising [75]. However, this research
was based on video simulations that did not incorporate actual
motion, raising questions about how motion fidelity might affect
the study outcomes in the UAM domain. To address these con-
cerns, we explored how different levels of motion fidelity (motion
cue and no motion cues) influence UI design in UAM, as outlined
in RQ2 . The following section will give an overview of motion
fidelity simulators in the field of AVs and UAM.

2.3 Motion Fidelity Simulators
Simulators used in AV studies vary widely in terms of motion
fidelity, which refers to how accurately they replicate the physical
movements of a vehicle. This fidelity can range from fixed-base
setups with minimal or no motion cues to advanced moving-base
simulators with multiple degrees of freedom (DoF) [9, 32, 57].

Low-cost, fixed-base simulators employ simple rotational or lin-
ear motion to simulate basic vehicle dynamics [6, 20, 33]. In contrast,
high-end moving-base simulators offer more sophisticated motion
representation, such as 6-DoF platforms that can simulate complex
maneuvers including pitch, roll, and yaw [12, 16]. Recent works
focused on achieving effective motion fidelity with more accessible
technologies in terms of costs. For example, the SwiVR-Car-Seat
developed by Colley et al. [16] uses a 1-DoF rotational seat to sim-
ulate longitudinal and lateral vehicle dynamics. This approach is
based on the finding by Rietzler et al. [68] that angular impulses
alone can effectively represent vehicle acceleration or deceleration.
Building on this concept, Hock and Colley et al. [32] simulated
AV motion using a remote-controlled wheelchair, leveraging its
acceleration and rotation capabilities. For comparison, Yeo et al.
[82] developed six simulators with varying levels of motion fidelity,
ranging from monitor setups without motion cues to mixed reality
environments combined with a real vehicle. Their study revealed
that this actual vehicle, combined with a mixed reality headset, had
the significantly highest perceived motion fidelity and perceived
presence. However, this research primarily focused on the fidelity
aspect without exploring how different levels of motion fidelity
might influence the effects of UIs on users in these environments.

In the context of UAM, motion simulators for air taxi flights have
also been developed, utilizing motion chairs [5] or CAVE virtual
environments [49]. However, these studies primarily concentrate
on constructing the simulators rather than examining how different
levels of motion fidelity might affect user preferences for UI design
during flights. To address this gap and explore the optimization of
UIs in automated UAM, we conducted a user study detailed in the
following section.

3 User Study
To evaluate the impact of different UI optimizations in VR envi-
ronments, both with and without motion cues, we conducted a
between-subject design study with N=40 participants. The partic-
ipants were divided into two groups: one group experienced the
simulation without motion cues (n=20), while the other group used
a 3-DoF motion chair (n=20).

3.1 Apparatus
We developed a simulation using Unity [74] version 2022.3.19f1 to
present the ego perspective of a passenger inside the Volocopter 2X
flying over New York City. We utilized the Google Map Tiles API for
Unity to render the environment. In the simulation, the Volocopter
followed a predetermined route that included various maneuvers,
such as turns in both directions and altitude changes. We incorpo-
rated other air taxis into our simulations, as their presence influ-
ences passengers’ trust and perceived safety [17, 53]. Predictions for
New York suggest that approximately 500 air taxis might operate at
any given time [29, 65–67]. Consequently, our simulation featured
500 air taxis operating on randomly timed predefined trajectories.
Forty participants experienced the simulation, split into two groups.
One group of n=20 participants used the Vive Pro headset without
a motion chair, while the other group of n=20 participants used
the Vive Pro together with the YAW VR motion chair [70], which
features 3 DoF. The chair’s motion was synchronized with the
movement of the virtual air taxi, providing a 1:1 translation of the
air taxi’s rotation (yaw, pitch, and roll). In line with the work of
Colley and Meinhardt et al. [17], the air taxi was equipped with a
WSD capable of visualizing the trajectory of both the ego air taxi
and the other air taxis. Additionally, the WSD highlighted other air
taxis using boundary boxes, a technique inspired by prior research
in the automotive domain where recognized vehicles are similarly
highlighted [15, 18, 81]. The air taxi also featured a display as the
dashboard. It showed a map of the environment beneath the ego
air taxi, including its trajectory and additional information such as
current speed and altitude (see Figure 4).

3.2 Multi-Objective Bayesian Optimization
The Unity simulation was connected to a Bayesian multi-objective
optimizer from the Python package BoTorch [4] (version 0.11.1).
This optimizer was used to iteratively adjust 12 design parameters
of the UI, such as the length of the ego trajectory and its trans-
parency (the following section will explain the design parameters
in detail). We employed the qEHVI acquisition function, represent-
ing the expected hypervolume increase. To ensure that after each
run, only a single batch is selected for evaluation, we set q=1, in
line with Chan et al. [10].

The optimization process began with a five-run sampling phase
using Sobol sampling [72]. This method systematically divides the
design space into evenly distributed regions and selects representa-
tive design parameter configurations for each. By collecting user
ratings on these samples, the optimizer explores how the individual
user perceives broader regions of the design space. This identifies
the initial promising regions for further exploration. All users re-
ceived the same five samples during the sampling phase to prevent
bias arising from different starting points, which represents the
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default BoTorch behavior. We deemed five samples appropriate
based on internal tests and prior studies on air taxi UIs, which
identified significant user preference differences with a few dis-
tinct designs [52, 75]. This suggests that Pareto-optimal designs
can likely be discovered in a comparable number of designs’ ori-
gin regions, reducing the need for extensive seeding in the first
phase. In the following 25-run optimization phase, the acquisition
function dynamically balanced ”exploitation” (refining known good
configurations) and ”seeding” (searching for new regions of the
design space). In line with previous work using MOBO [10, 69],
the acquisition function governs this balance, as users unfamiliar
with an optimization process might not know which balance to
choose manually (This is in contrast to [83], which explores user-
driven balancing). We used 1024 restart candidates and 512 Monte
Carlo samples to approximate the acquisition function during the
optimization process. The design parameters of the UI inside the
air taxi were updated throughout this process. By having more
optimization runs compared to sampling runs, we focused on fine-
tuning the design parameters based on individual user feedback.
This aimed to converge more efficiently to personalized designs.

3.3 Design Parameters
The 12 design parameters to be optimized were derived from re-
lated work in the field of UAM [17, 59, 75]. All parameters were
mapped to a range between 0 and 1. While most parameters were
on a continuous scale, three were binary, representing whether a
UI element was visible. To handle these binary parameters, we set
a threshold: elements with a value of less than 0.5 were considered
invisible, while those with a value of 0.5 or more were considered
visible. This approach was chosen because MOBO is typically more
efficient when working with continuous parameters [69]. The color
was deliberately excluded as a design parameter, as turquoise for
all augmented objects in the WSD follows an established design
principle [78], ensuring a neutral appearance. Further, the visual-
ization range in the WSD is capped at 1 km; beyond this distance,
path visualizations and boundary boxes are not displayed, as they
would no longer be perceivable. In Figure 2, all parameters to be
optimized are depicted, including their range between 0 to 1.

Design Parameters:

• Ego Trajectory Length:
The length of the ego trajectory path in the WSD, scaled between
0m and 1km (maximum clipping distance).

• Ego Trajectory Alpha:
The transparency of the ego trajectory path in the WSD.

• Ego Chevron Size:
The size of the chevrons along the ego trajectory path, scaled
between 0m and 12.5m.

• Ego Chevron Distance:
The distance between individual chevrons, scaled between 0m
and 42m.

• Ego Path Length in Map:
The length of the ego path displayed on the map represents a
range from 0m to 260m (260m being fully visible on the entire
display).

• Other Trajectory Length:
The length of the trajectory paths for other air taxis, scaled be-
tween 0m and 205m, corresponding to the distance between these
air taxis in the simulation.

• Other Trajectory Alpha:
The transparency of the trajectory paths for other air taxis in the
WSD.

• Other Chevron Size:
The size of chevrons along the trajectory paths of other air taxis,
scaled between 0m and 12.5m.

• Other Chevron Distance:
The distance between individual chevrons on the trajectory paths
of other air taxis, scaled between 0m and 42m.

• Map Display:
A binary parameter indicating whether a map is shown at the
display (< 0.5: no map, ≥ 0.5 map is displayed).

• Boundary Box:
A binary parameter indicating whether the boundary boxes are
displayed on the WSD (< 0.5 no boundary box, ≥ 0.5: boundary
boxes displayed

• Additional Information on Display:
A binary parameter indicating whether additional information
(altitude and speed) are shown at the display (< 0.5 no boundary
box, ≥ 0.5: boundary boxes displayed)

3.4 Objective Function
An objective function 𝑓 maps a visualization design 𝑥 to a subjec-
tive metric that the optimizer seeks to maximize or minimize. In our
study, we focused on six subjective metrics informed by previous re-
search [17, 19]: perceived safety, trust in automation, understanding,
mental demand, acceptance, and aesthetics. Among these, mental
demand was the only metric we aimed to minimize, while the others
were to be maximized. To evaluate these metrics throughout the
optimization process, we employed established questionnaires, as
presented in the following:

Mental demand was assessed using the mental workload sub-
scale of the raw NASA-TLX [30] on a 20-point Likert scale. Un-
derstanding was measured via the Predictability/Understandability
subscale from the Trust in Automation questionnaire by Körber
[42]. Trust was evaluated using the Trust subscale from the same
questionnaire, both using a 5-point Likert scale. Perceived safety
was rated by participants using four 7-point semantic differen-
tials ranging from -3 (anxious/agitated/unsafe/timid) to +3 (re-
laxed/calm/safe/confident), where a higher score indicates greater
perceived safety [25]. Additionally, we included three single items
to assess specific aspects of the visualization design. Acceptance
was assessed using two items inspired by the van der Laan accep-
tance scale [76]: “I find the visualizations of the automated vehicle
useful” and “I find the visualizations of the automated vehicle sat-
isfying.” These were averaged into a single acceptance objective.
Aesthetics was adapted from Colley et al. [17] and measured vi-
sual appeal with the statement, “I found the visualizations visually
appealing,” rated on a 7-point Likert scale.

To ensure consistency across the questionnaires, which em-
ployed different Likert scales, we normalized all six metrics to
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Figure 2: Design parameters to be optimized. The figure shows the values of 0, 0.5 and 1 for each design parameter

a range of [−1, 1]. Notably, for the mental demand metric, we in-
verted its orientation such that higher normalized values indicate
lower perceived mental demand.

3.5 Procedure
The procedure was similar for both conditions (VR with and with-
out a motion chair). Each session began with a brief introduction,
followed by participants agreeing to a consent form. Participants
then experienced 30 seconds of a simulated air taxi flight. Afterward,
they rated their experience using the subjective metrics detailed
in subsection 3.4. The Bayesian Optimizer used these ratings to
update the design parameters and present the next iteration of the
UI design. Each participant went through 30 optimization runs in
total. However, if a participant gave the highest possible ratings for
all objectives (or the lowest for mental demand) for a specific UI
design, the study ended early, as this was considered the optimal
design for that participant. After all runs, a demographic question-
naire was administered, asking questions about the participant’s
age, gender, and immersion using the subscale of the Technology
Usage Inventory (TUI) [43]. For their 1.5h effort, the participants
were compensated with 15Euros.

3.6 Participants
As we conducted a between-subject study, the participants’ demo-
graphics are reported separately for each group.

The group with motion cues had an average age of 25.60 years
(SD=3.26). This group consisted of 10 males, 10 females, and no non-
binary participants. Among them, four participants were employed,
one was self-employed, and the remaining were college students.
The group without motion cues had an average age of 24.95 years
(SD=2.99). This group included 11 males, 9 females, and no non-
binary participants. All participants in this group were college
students.

3.7 Results
3.7.1 Analysis. The goal of MOBO is to identify the Pareto front,
which consists of all Pareto optimal points in the design space.
Each point on this front (e.g., a combination of design parameters
in a UI) represents a design that cannot be improved in one objec-
tive without compromising another. This set of optimal designs
captures the most efficient trade-offs between conflicting design
objectives [50]. Hence, we determined the Pareto optimal values us-
ing the R package EMOA: Evolutionary Multiobjective Optimization
Algorithms [55] for each participant. For the subsequent analysis,
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we exclusively used these Pareto values, filtering the combinations
of design parameters and questionnaire ratings to include only
those located on the Pareto front. This approach ensures we only
considered the most efficient and balanced designs in our subse-
quent analysis. While the group experiencing motion during the
study yielded n=48 Pareto designs, the group only experiencing the
study in VR without motion yielded n=42 Pareto designs.

In Appendix A, we illustrate the optimization process across
all participants for each objective. The results clearly show that
most individual objectives improved over the course of the runs.
Additionally, the aggregated and normalized scores for the com-
bined objectives steadily increased throughout the optimization
process, indicating that the iterative approach effectively enhanced
the overall design outcomes. Figure 3 shows the optimization pro-
cess for the combined objectives. This was done by normalizing
the ratings across all six objectives to a range of [−1, 1]. For the
mental demand, the ratings were inverted to align with the overall
optimization direction (see subsection 3.4).
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Figure 3: Optimization Process of the averaged normalized
objectives during the 30 runs

To evaluate the differences between the two groups, we em-
ployed an independent Bayesian t-test. Unlike traditional null hy-
pothesis significance testing (NHST), Bayesian analysis offers a
clear advantage: it directly quantifies the evidence supporting one
hypothesis over another. As noted by Williams et al. [79], “a Bayes
factor analysis makes it clear when a set of observed data is more
consistent with the null hypothesis than the alternative” [79, p. 1].
This approach is particularly advantageous as Bayesian methods
are inherently designed to quantify evidence directly. In contrast,
NHSTs are more centered on decision-making processes, such as
rejecting or not rejecting a null hypothesis, rather than providing a
directional measure of evidence [58]. In contrast, the Bayes factor
directly indicates the strength of the evidence.

According to Lee and Wagenmakers [46], a Bayes factor less
than 1 provides evidence in favor of the null hypothesis, suggesting
equality between the groups. Conversely, a Bayes factor greater
than 1 suggests evidence for a difference between the groups. The
further the Bayes factor is from 1, the stronger the evidence sup-
porting the respective hypothesis. If the Bayes factor is close to 1,
the data do not strongly support either hypothesis.

3.7.2 Immersion. The descriptive data revealed that immersion
with motion cues was rated higher (M=21.3, SD=4.94) than the simu-
lation with only a VR setup (M=18.5, SD=5.76), with possible scores
ranging from 4 to 28. A Bayesian independent t-test was conducted
to examine the effect of the motion chair on immersion. However,
the analysis yielded a Bayes factor of BF = 0.998±0.01%, suggesting
that the data provide no evidence for equality or difference between
both groups. This indicates that there is no evidence regarding the
effect of motion fidelity on immersion.

3.7.3 Design Parameters. The results of our analysis for each de-
sign parameter are detailed in Table 1 and plotted in Figure 5, which
includes the IQRs for better representation of variability. While
methods exist for visualizing multi-dimensional Pareto fronts (e.g.,
[2, 13]), our study involves a unique Pareto front for each partic-
ipant, making it challenging to combine these individual optimal
designs into a single, unified UI. Hence, we present two represen-
tative Pareto designs—one from Participant 1 (motion condition)
and another from Participant 40 (no-motion condition)—in Figure 4.
These examples were selected because most of their design param-
eter values mostly fall within the IQR of their respective groups
(Participant 1: 11 out of 12 parameters; Participant 40: 9 out of 12 pa-
rameters are inside the IQR). These examples provide an illustrative
comparison of one optimized design for each condition.

The parameter related to the chevron size of the other air taxis
shows strong evidence for a difference between the two groups.
This suggests that the optimized chevron size on the Pareto front for
the "no Motion" group (M=0.75, SD=0.15) is larger than for the "with
Motion" group (M=0.59, SD=0.30). There was also extreme evidence
of a difference in the presence of a boundary box around the other
air taxis (M=0.45, SD=0.19 for the "no Motion" group and M=0.71,
SD=0.25 for the "with motion" group). This parameter is binary.
Hence, as the value for "no Motion" is below the 0.5 threshold, this
indicates that the optimal design for this group would not include
the boundary box, while the optimal design for the "with Motion"
group would include it, exceeding the threshold.

3.7.4 Questionnaire Ratings. We analyzed the mean ratings from
the questionnaires of all participants whose design parameters were
on the Pareto front. We then compared these ratings between the
group with motion cues and the group without motion cues. Refer
to Figure 6 for a comparison overview.

Trust in Automation. The Bayesian analysis of the trust measure
resulted in a BF of 3970.14 ± 0%, suggesting extreme evidence for
a difference between the group without the motion cues (M=4.14,
SD=0.73) and with motion cues (M=3.21, SD=1.02, see Figure 6a).

Understanding. For the understanding measure, the analysis
yielded a BF of 56.85 ± 0%, providing very strong evidence for
the differences between the two groups. For the optimized design
parameters on the Pareto front, the motion setup yielded a lower
understanding (M=3.12, SD=1.11) than the setup without the motion
chair (M=3.85, SD=0.73, see Figure 6b).

Mental Demand. The mental demand measure showed a BF of
0.23 ± 0.02%, indicating moderate evidence for equality between
the groups. Hence, the design parameters in the Pareto front in the
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Table 1: Results of Bayesian Analysis for Each Design Parameter including the Medians and IQRs

Design Parameter BF (± %) no Motion Mdn (IQR) with Motion Mdn (IQR) Evidence
Ego Trajectory Length 0.41 ± 0.02% 0.75 (0.55, 1.00) 0.74 (0.49, 0.99) anecdotal equality
Ego Trajectory Alpha 0.23 ± 0.02% 0.31 (0.17, 0.45) 0.32 (0.20, 0.43) moderate equality
Ego Chevron Size 0.26 ± 0.02% 0.41 (0.16, 0.66) 0.41 (0.20, 0.63) moderate equality
Ego Chevron Distance 0.22 ± 0.02% 0.61 (0.51, 0.82) 0.66 (0.58, 0.74) moderate equality
Ego Path Length in Map 0.36 ± 0.02% 0.62 (0.25, 0.98) 0.61 (0.32, 0.91) anecdotal difference
Other Trajectory Length 0.22 ± 0.02% 0.31 (0.14, 0.47) 0.32 (0.17, 0.48) moderate equality
Other Trajectory Alpha 0.62 ± 0.02% 0.56 (0.34, 0.78) 0.49 (0.36, 0.52) anecdotal equality
Other Chevron Size 16.54 ± 0% 0.76 (0.65, 0.86) 0.57 (0.29, 0.84) strong difference
Other Chevron Distance 0.22 ± 0.02% 0.42 (0.25, 0.55) 0.43 (0.38, 0.50) moderate equality
Map at Display [bool] 0.24 ± 0.02% 0.66 (0.53, 0.78) 0.68 (0.55, 0.76) moderate equality
Boundary Box [bool] 32473.69 ± 0% 0.45 (0.35, 0.63) 0.71 (0.57, 0.89) extreme difference
Addn. Info. at Display [bool] 0.51 ± 0.02% 0.49 (0.39, 0.58) 0.47 (0.31, 0.62) anecdotal equality

(a) Pareto front visualization of participant 40 without Motion (b) Pareto front visualization of participant 1 with Motion

Figure 4: Exemplary optimized design parameters of Participant 40 (no Motion) and Participant 1 (with Motion). The concrete
design parameters of these participants are plotted in Figure 5. Strong to extreme evidence of differences was found for the
boundary box and chevron size of other air taxis. All other differences of design parameters, such the additional information at
the display are due to personal preferences but no evidence was found to support this difference between groups

setup with motion yield similar ratings (M=4.92, SD=2.01) compared
to the ones without motion (M=5.07, SD=3.49, see Figure 6c).

Perceived Safety. The analysis of perceived safety resulted in a
BF of 3.96 ± 0.01%, with moderate evidence in favor of a difference
between the groups. The Pareto front design was rated lower for
the group with motion (M=1.15, SD=0.95) than the one without
motion (M=1.64, SD=0.84). See Figure 6d for more details.

Acceptance. The acceptance had a BF of 67.92 ± 0%, suggesting
very strong evidence in favor of a difference between the groupwith-
out motion (M=4.77, SD=1.53) and with motion (M=3.65, SD=1.36,
see Figure 6e).

Aesthetics. The Bayesian analysis yielded a BF of 29.63 ± 0% for
the aesthetics measure, indicating moderate evidence favoring the
group’s difference. The optimal Pareto front design parameters
yield a lower rating for the group with motion (M=3.77, SD=1.43)
compared to the group without motion (M=4.79, SD=1.39, see Fig-
ure 6f).

3.8 Correlation between the Objectives
MOBO identifies optimal design parameters that balance multiple
objectives along the Pareto front, ensuring that no single objec-
tive can be improved without compromising others [50]. To assess
whether there are trade-offs between these objectives, we calculated
the correlations among all objectives (see Figure 7). This analysis
helps us understand how changes in one objective might influence
others. The results show that all correlations were statistically sig-
nificant. In particular, trust and understanding had a strong positive
correlation (𝑟 = 0.8), as did acceptance and aesthetics (𝑟 = 0.71),
meaning improvements in one were often associated with improve-
ments in the other. In contrast, the correlations between Mental
Demand and Aesthetics (𝑟 = 0.14) and Mental Demand and Ac-
ceptance (𝑟 = 0.08) were weak. The remaining objective pairs
demonstrated moderate positive correlations.

4 Discussion
Automated UAM is expected to reduce urban congestion, with air
taxis expected to operate in major cities within the next decade [1,
77]. However, successfully adopting UAMwill depend on passenger
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trust and perceived safety in this novel mode of transport [3]. Re-
search has shown that effective UI designs can significantly increase
passengers’ trust and perceived safety [17, 75]. However, to develop
and research optimal UI designs for air taxis, it is crucial to use
motion-fidelity simulators that accurately reflect the motion condi-
tions of the UAM [23, 52]. While some studies have investigated the
motion fidelity of simulators in the field of AVs [16, 32, 82], there
remains limited understanding of the effects of motion fidelity on
passengers and the UI in the field of UAM. Therefore, this research
was driven by two RQs:

RQ1 What are the characteristics of an optimized UI design for
automated air taxis that enhance passengers’ trust, perceived safety,
mental demand, understanding, acceptance, and aesthetics?

RQ2 How does the motion fidelity of the simulation affect the
design parameters and user’s effects for a UI in automated UAM?

To explore these RQs, we conducted a between-subject study
with N=40 participants. One group experienced a simulated air
taxi flight using a 3-DoF motion chair combined with VR (n=20),
while the other group experienced the same simulation in VR with-
out motion cues (n=20). For both groups, we applied MOBO to
iteratively optimize the UI designs based on participants’ ratings

of trust, perceived safety, understanding, mental demand, accep-
tance, and aesthetics [10]. This approach allowed us to compare
user ratings and the resulting optimal UI designs for both motion
and no-motion conditions on the Pareto front, where improving
one objective inherently requires compromising another [50].

4.1 Motion Fidelity Decreases Trust,
Understanding, and Acceptance

Our analysis found no evidence of a difference or equality in im-
mersion between participants who experienced motion cues and
those who did not. In contrast, Yeo et al. [82] found that motion
platforms in VR significantly increased presence. While immersion
refers to the technical quality of the virtual environment, presence
describes the psychological feeling of being in a (virtual) place [71].
The lack of difference in immersion in our study may be attributed
to the fact that none of the participants had previously experienced
a real flight in an automated air taxi, making it difficult for them
to rate the immersion of the simulations accurately. This raises
the question of whether valid studies can be conducted in UAM
contexts without participants having firsthand experience with air
taxi movements. In contexts like AVs, most users already have some
experience with driving or being passengers in vehicles, which
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Figure 6: Rating for the subjective questionnaires comparing both groups: no Motion and with Motion of all Pareto optimal
values. The Bayes factor shows the trend towards equality (<1) and difference (>1)
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makes it easier to simulate and measure realistic user responses.
However, in UAM, there is no widespread base of experience, which
can weaken the reliability of participant responses in simulations.

We, however, found strong to extreme evidence that motion fi-
delity negatively impacted trust, understanding, and acceptance
(see subsubsection 3.7.4). This aligns with concerns about auto-
mated air taxis in prior (market) studies [1, 3, 23], suggesting that
participants’ lower ratings in the motion group may more accu-
rately reflect how passengers will respond to future real-world

automated air taxi scenarios. While the MOBO process successfully
optimized UI design to address these effects to some extent, result-
ing in slightly adjusted UI designs, it could not fully compensate
for the negative impact of motion on trust, understanding, and
acceptance. Although the MOBO process optimized UI design to
mitigate these effects (see Appendix A), the optimized interface was
unable to reach the level of trust, understanding, and acceptance
with the no motion condition. This aligns with the theory of trust
by Lee and See [45], who state that trust in automation depends on
multiple factors beyond UI design, named environmental context
including the user’s self-confidence. Similarly, Hoff and Bashir [34]
proposed that trust also depends on the pre-knowledge of the users.
This suggests that while interface improvements can address some
aspects of user experience, they alone cannot resolve fundamental
trust deficits caused by the motion simulation.

Nevertheless, when studying user effects in the UAM context,
we recommend using motion fidelity simulators to closely replicate
participants’ real-world ratings when actual/absolute ratings are
necessary. However, since most air taxi interface design studies
focus on comparing different interface designs [17, 75], they pri-
marily require relative comparisons rather than absolute real-world
ratings. For these comparative studies, simulating exact real-world
user ratings during an air taxi flight is less critical, and even a
monitor study such as by Valente et al. [75] might be sufficient.
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4.2 Optimized Design Choices in Automated Air
Taxi Interfaces

The comparison of optimized UI design parameters on the Pareto
front revealed only minor evidence for differences or similari-
ties between the motion and no-motion conditions. However, two
strong/extreme evidences for differences emerged. First, there was
strong evidence that the size of the chevrons representing other
air taxis was smaller with motion than without. Second, there was
extreme evidence suggesting that, in the motion condition, partici-
pants preferred to visualize boundary boxes around other air taxis,
while in the no-motion condition, participants’ ratings suggested
not to display these boxes. Although these differences were subtle,
as the IQR of the no-motion group overlaps with the 0.5 threshold
line (see Figure 5), the preference for boundary boxes in the motion
condition aligns with participants’ reduced trust in this scenario.
Participants experiencing motion likely felt a stronger need for
visual confirmation that other air taxis were detected, reflecting the
compensatory role of interface elements in addressing reduced trust
in motion fidelity contexts. Further, participants’ preferences for
smaller chevrons in the motion group suggest that larger chevrons
of other air taxis may be distracting when motion is added. How-
ever, given that simulations aim to replicate real-world conditions
as closely as possible—-and in reality, motion would always be
present-—we argue that boundary boxes should be included in all
simulations, regardless of whether motion fidelity is present. Sim-
ilarly, chevron sizes for other air taxis should remain small in all
conditions to avoid distraction.

Beyond these specific differences, the overall impact of motion
fidelity on UI design was minimal, suggesting that motion has only
limited influence on most design parameters. Also, visually com-
paring individuals’ UI designs (see Figure 4) yielded only minimal
perceivable differences. We, however, observed that the starting
point for all objectives was already relatively high (see Appendix A).
Hence, It seems that participants found any UI combination to be
sufficient as long as some form of visualization was present. This is
further supported by the fact that none of the design parameters
approached a value of zero, indicating that all visual elements were
considered necessary to some extent. This aligns with findings
from Colley and Meinhardt et al. [17], where even simple displays
significantly improved users’ trust ratings compared to having no
visualization at all.

4.3 User Interface Optimization Process
The relatively high variation in the UI design parameters on the
Pareto front indicates that a single, universally optimized design
was unsuitable for the participants. While some design parameters,
such as the alpha of the ego trajectory and the length of the other
air taxis’ trajectories, showed relatively low variance and consistent
preferences among participants, other values showed high variation.
This suggests that a one-size-fits-all approach to UI design may not
be effective for automated air taxis. Even though most of the objec-
tives constantly increased during the optimization process for both
groups, creating personalized UI designs tailored to the individual
user’s needs may be more beneficial than focusing on a single opti-
mized design. This is consistent with instrumental personalization,

as described in the framework by Fan and Poole [26] on person-
alization, which emphasizes adapting tools and systems to users’
individual needs to improve efficiency and effectiveness, making
it a relevant concept for UAM interface design. This approach has
already been explored in the automotive domain, where Normark
[60] found that “[...] personalizable vehicle interfaces can improve
both the usefulness and the user experience with the product” [60, p.
744]. One could extend this concept by considering personalized
flight styles, as previous research for AVs has already shown that
personalizing driving styles (such as driving speed and accelera-
tion) could increase passengers’ trust and comfort [73]. Moreover,
this preference for personalization extends beyond AVs. Emergency
helicopter pilots have also preferred personalized UIs during their
flights [35]. This suggests that such a tailored approach could be
equally beneficial for inexperienced passengers in automated air
taxis. However, design decisions must also consider practical con-
straints beyond trust and acceptance, such as cost, legal restrictions,
or weight limitations of the hardware. Since UI design has a lim-
ited effect on trust compared to other influencing factors [45] (see
subsection 4.1), a degree of creative freedom for designers should
remain, allowing them to balance functional and aesthetic priori-
ties. This freedom allows them to balance functional needs with
aesthetic and practical considerations. One way to integrate this
creative flexibility with BO is by restricting the algorithm’s design
space, enabling it to optimize within predefined boundaries that
align with broader design priorities. For instance, Mo et al. [56] sug-
gest using forbidden regions to exclude undesirable search-space
areas before and during optimization, ensuring that results remain
aligned with user needs and designers’ goals.

Moreover, the feasibility of personalization depends on the con-
text. While personalized interfaces may work well for individual
air taxis, future visions of UAM also include shared Air Metros,
described as “[...] similar to today’s public transportation systems
such as subways and buses [...]” [61, p. 4]. In such scenarios, where
multiple passengers share the same space, tailoring the interface
to a single user is impractical. Instead, an standardized interface
design that simultaneously accommodates the needs of multiple
passengers would be necessary, ensuring usability and functionality
for all.

4.4 Trade-off in the Objectives
MOBO aims to find optimal design parameters that balance multi-
ple objectives along the Pareto front, ensuring that improving one
objective does not excessively compromise another [50]. This is
particularly useful when trade-offs between objectives exist, such
as spatial error versus completion time in 3D touch interaction [10].
However, our analysis revealed significant correlations among all
six objectives, indicating that they are not in conflict with each
other. This finding suggests that the set of objectives may be re-
dundant in this study. Although selected based on prior UAM stud-
ies [17, 53, 75], future research could streamline them by focusing
on the most distinct ones. Since trust and understanding, as well
as acceptance and aesthetics, are strongly correlated (see Figure 7),
choosing one from each pair would simplify future studies. Specif-
ically, we recommend prioritizing acceptance over aesthetics, as
acceptance relies on a validated scale [76], whereas the aesthetics
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metric, as introduced in [17], was self-created without undergoing
validation. Similarly, we propose focusing on trust directly rather
than understanding, as understanding is only an underlying dimen-
sion of trust in automation [42].

Mental demand, with weak correlations to other objectives,
should be retained as it seems to capture a distinct user effect.
Lastly, perceived safety could be treated as a supplementary objec-
tive, as it is only moderately correlated to trust, mental demand,
or acceptance. While these are preliminary observations, future
research should further explore and validate the potential reduc-
tion and refinement of objectives in UAM studies to ensure more
efficient design optimization. For example, relevant psychological
models, such as trust in automation by Körber [42], suggest that un-
derstanding is an underlying dimension of trust, and therefore, they
assess these dimensions separately in their questionnaire. While
this distinction is important for in-depth psychological analysis, we
argue that in the context of the MOBO process, due to the strong
correlation between trust and understanding, separating them may
not be more effective for optimization purposes.

4.5 Practical Guidelines for Interface Designs in
Automated Urban Air Mobility

The findings from our study offer several practical insights for
future research regarding future UIs for automated air taxis. Below,
we provide key guidelines:

• Use Motion Cues for Realism, But VR Alone Suffices for
UI Comparisons:When designing UAM interfaces, including
motion fidelity simulations (e.g., using a motion chair) is crucial
when requiring closer-to real-world user ratings. However, since
motion fidelity did not have a strong impact on the UI design,
it seems that only VR or even monitors without motion cues is
sufficient for studies that compare UI designs.

• Focus on Personalized Interfaces for Automated Air Taxis:
Due to the high variability in user preferences for the optimized
UI, a one-size-fits-all approach for air taxi interfaces may not
be effective. Instead, focus on developing personalized interface
solutions that allow users to personalize elements based on their
individual information needs, such as visualization of the ego
trajectories.

• Prioritize Providing Visual Information Over Fine-Tuning
Details: The high starting point for most objectives during the
optimization process, especially in the seeding phase, suggests
that any form of visualization in the interface is beneficial to
contribute to passenger’s trust, understanding and acceptance.
Hence, rather than focusing on minor design adjustments, such
as the exact length of the ego trajectory, ensuring the interface
provides sufficient information to foster trust is more effective.

4.6 Limitations and Future Work
While we compared the effects on user’s effect and optimal UI de-
sign for 3-DoF motion and without motion, we did not include
more simulators into this study as done by Yeo et al. [82]. Hence,
while we can derive our findings towards motion fidelity due to a
3-DoF motion chair, we cannot tell if other simulators might have
yielded other results. Further, we did not assess simulator sickness.

Yet, previous work has shown that adding motion fidelity to simu-
lations can reduce simulator sickness by better aligning physical
and visual perceptions of motion in flight simulators [38, 40]. Con-
versely, mismatches between physical motion and visual cues can
increase simulator sickness [51]. In our study, the movements of
the 3-DoF motion chair were precisely matched to the air taxi’s sim-
ulated motions, which likely minimized simulator sickness in the
motion condition compared to the no-motion condition. Although
simulator sickness was not the main focus of this study, evaluating
it in future research could help clarify whether variations in UI
evaluations are influenced by the presence of motion cues.

Additionally, we focused on subjective ratings as the primary
objective for optimizing the UI design parameters. However, sim-
ilar to the approach by Chan et al. [10], incorporating objective
measures such as real-time physiological data (e.g., heart rate or
galvanic skin response) could offer a more holistic view of user
experience. This integration would allow future studies to create
more comprehensive optimization criteria for air taxi interfaces by
combining both subjective feedback and objective physiological re-
sponses. Additionally, factors beyond user-centered metrics should
be considered when optimizing UI designs for air taxis. For instance,
hardware weight limitations or compliance with legal regulations
may also influence design decisions. These practical considera-
tions might conflict with user-preferred designs, highlighting the
need for balanced trade-offs in future research. Nonetheless, the
subjective ratings in this study were answered on validated ques-
tionnaires (trust [42], understanding [42], perceived safety [25],
mental demand [30]) or inspired by related work (acceptance [76],
aesthetics [17]). While valid, future work should explore the rela-
tionship between these dimensions and more targeted subaspects
of trust. It is also important to consider the potential redundancy
of some questionnaire items due to strong correlations between
certain measures (see subsection 4.4).

5 Conclusion
In this study, we explored the impact of motion fidelity in VR-
simulated air taxi flights on passengers’ effects and their interface
design preferences using the MOBO approach. We conducted a
between-subjects study with N=40 participants, divided into two
groups of n=20, where one group experienced the simulation with
motion cues using a 3-DoF motion chair, while the other group
experienced it without motion cues, just in VR.

Our findings reveal that while motion fidelity had minimal in-
fluence on most UI design parameters, there was evidence that it
reduced users’ trust, understanding, and acceptance, highlighting
its importance in future UAM studies. However, the lack of dif-
ferences in immersion may be attributed to participants’ lack of
experience with real air taxi flights, which makes it difficult for
them to rate the immersion of the simulations accurately. Moreover,
the relatively high variance in the optimal design preferences on
the Pareto front suggests that a one-size-fits-all approach may not
be suitable for UI design in automated UAM contexts. Hence, al-
though we were able to show that most of the objectives constantly
increased during the optimization process, personalized user in-
terfaces tailored to individual preferences may provide better user
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experiences. Finally, due to the strong correlation between objec-
tives like trust/understanding and acceptance/aesthetics, future
studies may simplify the evaluation by focusing on fewer metrics.
Optimizing one often improves others, making it unnecessary to
evaluate all independently in the MOBO process.
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A Optimization Process
Figure 8 illustrates the optimization process across the individual objectives during the five seeding runs and 25 exploitation runs. Instead
of optimizing the parameters to an individual optimum, we used MOBO to converge towards a Pareto front. This approach ensures that
the UI design achieves a balanced optimization where no single objective can be improved without compromising another. We employed
the Locally Estimated Scatterplot Smoothing (LOESS) method for data smoothing in the plots. Further, we set the span parameter to 1,
which means that each point on the smoothed curve is influenced by the nearest 100% of the data points. This choice ensures that the curve
accurately represents the overall trend, effectively minimizing the impact of short-term fluctuations and noise.
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Figure 8: Optimization process of each objective during the 30 runs
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