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Abstract: Semi-autonomous vehicles (AVs) enable drivers to engage in non-driving tasks but require them to be
ready to take control during critical situations. This "out-of-the-loop" problem demands a quick transition to active
information processing, raising safety concerns and anxiety. Multimodal signals in AVs aim to deliver take-over
requests and facilitate driver-vehicle cooperation. However, the effectiveness of auditory, visual, or combined
signals in improving situational awareness and reaction time for safe maneuvering remains unclear. This study
investigates how signal modalities affect driver’s behavior using virtual reality (VR). We measured drivers’
reaction times from signal onset to take-over response and gaze dwell time for situational awareness across twelve
critical events. Furthermore, we assessed self-reported anxiety and trust levels using the Autonomous Vehicle
Acceptance Model questionnaire. Results showed visual signals significantly reduced reaction times, whereas
auditory signals did not. Additionally, any warning signal, together with seeing driving hazards, increased
successful maneuvering. Analysis of gaze dwell time on driving hazards revealed that audio and visual signals
improved situational awareness. Lastly, warning signals reduced anxiety and increased trust. These results
highlight the distinct effectiveness of signal modalities in improving driver reaction times, situational awareness,

and perceived safety, mitigating the “out-of-the-loop” problem and fostering human-vehicle cooperation.

Keywords: semi-autonomous vehicles; multimodal warning signals; driver behavior; reaction time; situational

awareness; vehicle safety; trust

1. Introduction

Autonomous vehicles (AVs) are envisioned to become integral to future transportation systems,
offering numerous benefits such as improved mobility, reduced emissions, and enhanced safety by
minimizing human-related errors [1-3]. Additionally, AVs offer users the opportunity to engage
in non-driving-related tasks (NDRTs) while being transported, thereby transforming the concept of
private vehicle driving [4]. To better understand the benefits, it is essential to recognize that each
automation level has distinct characteristics, allowing for specific advantages. The SAE International’s
“Taxonomy and Definitions for Terms Related to Driving Automation Systems for On-Road Motor
Vehicles” provides a well-known categorization of automation, dividing autonomous driving into six
levels. While Levels 0 to 2 require human drivers to monitor and control the vehicle, Levels 4 and 5
presuppose high and full automation respectively. Among them, Level 3 refers to a type of conditional
automation, also known as partial or semi-autonomous driving, requiring the driver to take vehicle
control in situations unmanageable by the autonomous system [5]. In all five levels, AVs benefit from
automation capabilities but also face challenges that could potentially undermine their benefits.

Semi-autonomous vehicles (Level 3) have attracted attention for their potential to allow interaction
between drivers and autonomous systems [2,6,7]. This level of automation has advantages and
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disadvantages, making it a contentious design choice. On the positive side, interaction with semi-
autonomous vehicles enhances their acceptance, addressing one of the key cognitive barriers to
widespread adoption [8-11]. However, requiring drivers to be ready to take over control conflicts
with one of the main benefits of AVs: allowing drivers to engage in non-driving-related tasks. Asking
users to remain alert throughout the ride due to potential critical situations negatively impacts their
experience, ultimately reducing AVs acceptance [8]. Thus, the primary issue with such vehicles is often
categorized as the "out-of-the-loop" problem. The problem is defined as the absence of appropriate
perceptual information and motor processes to manage the driving situation [12,13]. The out-of-the-
loop problem occurs when sudden take-over requests (TORs) by the vehicle disrupts drivers’ motor
calibration and gaze patterns, ultimately delaying reaction times, deteriorating driving performance,
and increasing the likelihood of accidents [12-15]. Appropriate interface designs that facilitate driver-
vehicle interaction and prepare drivers to take over control can mitigate the out-of-the-loop problem.

To ensure a safe and efficient transition from autonomous to manual control, it is crucial to
provide drivers with appropriate Human-Machine Interfaces (HMIs) that bring them back into the
loop. Inappropriate or delayed responses to TORs frequently lead to accidents that pose considerable
harm to drivers, passengers, and those on the road. HMIs that provide appropriate warning signals
can facilitate this transition, making it faster and more efficient by enhancing situational awareness
and performance [1,3,16,17]. For instance, multimodal warning signals allow users to perform non-
driving-related tasks while ensuring their attention can be quickly recaptured when necessary, thereby
preventing dangerous driver behavior [18]. Warning signals such as auditory, visual, and tactile convey
semantic and contextual information about the driving situation that is crucial when retrieving control
[18-20]. The process of taking control of the vehicle involves several information processing stages,
including the perception of stimuli (visual, auditory, or tactile), cognitive processing of the traffic
situation, decision-making, resuming motor readiness, and executing the action [17,21,22]. Effective
multimodal warning signals play an indispensable role in moderating information processing during
take-over by enhancing situational awareness and performance.

Situational awareness and reaction time are two critical factors within the process of taking over
control. Situational awareness is defined as "the perception of elements in the environment within
a volume of time and space, the comprehension of their meaning, and the projection of their status
in the near future" [23]. According to this definition, the perception of potential threats and their
comprehension constitute the first stages in the information processing stages, where the driver’s
attention is captured and the context of the critical situation is understood [18,23]. A unimodal or
multimodal signal that is able to deliver urgency can already impact in these early stages [18,24].
For instance, auditory non verbal sounds are shown to enhance perceived urgency and draw back
attention to the driving tasks [25-27]. Similarly, visual warnings alone or combined with auditory
signals are successful in retrieving attention and increasing awareness of a critical situation [20,25,28].
Besides situational awareness, reaction times are commonly used metrics to evaluate drivers’ behavior
during TOR. In general, reaction times encompasses the entire take-over process, from perceiving the
stimuli (perception reaction time) to performing the motor action (movement reaction time) [22,29].
Differentiating between these stages is crucial for calculating the effect of a warning signal on reaction
time. Discrete results in reaction time studies have revealed that the method of calculation should
be considered precisely [22]. Perception reaction time is defined as the time required to perceive the
stimuli, cognitively process the information, and make a decision. Movement reaction times is the
time needed to perform the motor action [29]. While perception reaction times can be influenced by
modality and characteristic of a signal, movement reaction time is more driven by the complexity of
the situation and the expected maneuver [22,30]. As a result, the visual modality can affect movement
reaction times by alerting the driver while simultaneously providing complex spatial information, such
as distance and direction [31]. Understanding the roles of situational awareness and reaction times in
the take-over process, and the effects of warning signals on each of them, allows us to determine when
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and where different types of signals are beneficial or detrimental to ensure a safer transition during
TORs.

In addition to safe transitions that facilitate the integration of AVs into everyday life, acceptance
factors play a crucial role in determining the feasibility of such integration. Increasing user acceptance
can be effectively achieved through collaborative control and shared decision-making strategies,
such as TORs [7,8,32]. However, providing TORs in semi-autonomous vehicles has a dual effect
on their acceptance. While such requests can increase trust through enhanced interaction, they
also induce anxiety during the take-over process [8,33]. Therefore, measuring perceived feelings of
anxiety and trust is essential when studying conditional AVs. Subjective measures, like acceptance
questionnaires, have been used to determine acceptance, with recent examples specifically designed
for AVs. The Autonomous Vehicle Acceptance Model (AVAM) provides a multi-dimensional approach
in quantifying acceptance aspects across different levels of automation [34].

The measuring methods used to understand drivers situational awareness and reaction times
during TOR are as crucial as their definition. Differences in measuring methods lead to incommen-
surable results that make reproducibility difficult [35,36]. For instance, studies have used different
metrics to understand drivers’ situational awareness and reaction time , including gaze related reac-
tion time, gaze-on-road duration, hands-on-wheel reaction time, actual intervention reaction time,
left-right car movement time [17,35,37,38]. Therefore, most research on driver behavior during critical
events has produced mixed results. Additionally, most studies have been conducted in risk-free
simulated environments due to the dangerous nature of the situations [39,40], usually carried out in
laboratory-based setups, which are costly, space-consuming, and lack realism. As a result, research
has questioned the extent to which findings under such conditions generalize to the real world [41].
One of the main reasons is the fact that participants in conventional driving simulations remain
conscious of their surroundings, reducing the perceived realism of the driving scenario. For results
to be generalizable to the real world, it is particularly important to simulate driving conditions that
elicit similar natural driving behavior, including realistic ambience, increased workload, prolonged
driving, meaningful signals, various behavioral measures, and diverse population sample [41,42].
To mitigate these limitations, virtual reality (VR) has been proposed as an inexpensive and compact
solution, providing a higher immersion feeling [43-46]. Unlike conventional driving simulations, VR
offers a more immersive driving experience, allowing researchers to isolate and fully engage drivers in
critical situations. By enhancing perceived realism, VR makes simulated events feel more real [47,48],
resulting in drivers’ behaviors closer to real life and findings that are more ecologically valid than those
obtained through conventional driving simulations [49,50]. In addition, VR-based driving simulations
offer other advantages which make them preferred over traditional systems, including integrated
eye-tracking to collect visual metrics to understand situational awareness [38,51], controllability and
repeatability [52], as well as usability for education and safety training [53-55]. Hence, VR holds the
potential to investigate drivers’ behavior in a safe, efficient, and reproducible manner, which is of
particular interest when designing multimodal interfaces for future autonomous transport systems.

In this study we used VR to investigate the impact of signal modalities—audio, visual, and
audio-visual—on situational awareness and reaction time during TOR in semi-autonomous vehicles.
We collected quantitative data on both objective behavioral metrics (visual and motor behavior) and
subjective experience (AVAM questionnaire) from a large and diverse population sample, encom-
passing varying ages and driving experience. We hypothesized that the presence of any warning
signal (audio, visual, or audio-visual) would lead to a higher success rate compared to a no-warning
condition. Specifically, we posited that the audio warning signal would enhance awareness of the
critical driving situation, while a visual signal would lead to a faster motor response. Furthermore, we
predicted that the audio-visual modality, by combining the benefits of both signals, would result in
the fastest reaction times and the highest level of situational awareness. Additionally, we expected
that seeing the object of interest, regardless of the warning modality, would directly improve the
success rate. Finally, we expected a positive correlation between self-reported preferred behavior and
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actual behavior during critical events and hypothesized that the presence of warning signals would
be associated with increased perceived trust and decreased anxiety levels in drivers. By examining
drivers’ behavior under these conditions, we can gain a better understanding of the effect of signal
modalities on performance.

2. Materials and Methods
2.1. Research Design

To investigate the impact of warning signal modality on driver behavior and situational awareness,
four experimental conditions were designed to alert the driver about critical traffic events, requiring
the driver to take-over control of the vehicle. Experimental conditions included a base condition with
no signal, an audio signal, a visual signal, an audio-visual signal (Figure 1a). The base condition served
as the control, providing no warning feedback to the driver. The audio signal modality featured a
female voice, delivering a spoken “warning” sound at normal speech pace. The visual signal modality
included a red triangle with the word “warning” and a red square highlighting potential driving
hazards in the scene. The audio-visual signal modality combined both sound and visual warnings
for dual feedback. Participants were randomly assigned to one of these conditions and drove an
identical route, encountering the same 12 critical traffic events in sequential order. The critical events
were designed to assess driver behavior during TOR and subsequent driving in hazardous situations
(Figure 1b). Each critical event involved the sudden appearance of predefined driving hazards or
“object(s) of interest”, such as animals, pedestrians, other vehicles, or landslides that posed challenges
for driving. For instance, in the audio-visual condition both visual and auditory feedback alerted the
driver about the driving hazard briefly at the start of the event (Figure 2a), after which the signals
remained off for the duration of the subsequent manual drive (Figure 2b). The experimental design
allowed us to collect behavioral and perceptual metrics and compare driver responses across different
conditions.
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Figure 1. (a) The figure illustrates the four experimental conditions during the semi-autonomous drive,
with the green area depicting a critical event from start to end. During critical events, participants
transitioned from “automatic drive” (hands off wheel) to “manual drive” (hands on wheel). In the no-
signal condition, no signal prompted participants to take over vehicle control. In the audio condition,
they would hear a "warning" sound, and in the visual condition, they would see a red triangle on the
windshield. In the audio-visual condition, participants would hear and see the audio and visual signals
together. (b) Aerial view of the implementation of a critical traffic event in the VR environment.

(a) (b)

Figure 2. Exemplary images of the driver’s view in the audio-visual condition during two different
critical events. (a) Auditory and visual feedback alerting the driver at the beginning of a critical event,
and the view of the windshield after take-over for the subsequent drive (b). The “warning” logo on the

top left was not visible to participants.

We chose a mixed-methods approach to collect quantitative data on both objective behavioral
metrics and subjective experience of autonomous driving. Objective measures included the driver’s
reaction time from signal onset to take-over response, the successful completion in avoiding vehicle
collision, as well as the dwell time of gaze on the object of interest. Additionally, we used the
Autonomous Vehicle Acceptance Model questionnaire to assess self-reported levels of anxiety, trust,
and preferred method of control after participants completed the VR experiment (for the respective
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items refer to Appendix A, Table 2) [34]. The current research design enables us to investigate how
signal modality impacts driver behavior, situational awareness, and perceived levels of trust when
handling TOR from semi-autonomous vehicles. By analyzing these performance metrics, the current
research provides insights into the impact of multimodal warning signals on drivers behavior and
situational awareness, ultimately contributing to enhanced driving safety.

2.2. Materials and Setup

The current study used an open-access VR toolkit called “LoopAR” to test the driver’s interaction
with a highly automated vehicle during various critical traffic events. The LoopAR environment was
implemented using the Unity® 3D game engine 2019.3.0£3 (64 bit) [56], and designed for assessing
driver-vehicle interaction during TORs [57]. LoopAR offers an immersive driving experience and
seamlessly integrates with gaming steering wheels, pedals, and eye tracking. The VR environment
includes a dynamic VR city prototype comprised of numerous vehicles (such as motorbikes, trucks,
cars, etc.), 125 animated pedestrians, and several types of traffic signs. The design of the terrain was
based on real geographical information of the city of Baulmes in the Swiss Alps. The entire terrain
covers approximately 25 km? and offers about 11 km of continuous driving experience through four
types of road scenes (Figure 3). The scenes include a mountain road (3.4 km), a city road “Westbrueck”
(1.2 km), a country road (2.4 km), and a highway road (3.6km). In addition to static objects such
as trees and traffic signs, the VR environment is populated with animated objects like pedestrians,
animals, and cars to create realistic traffic scenarios. This diverse, expansive and highly realistic VR
environment enables the current experiment to measure the driving behavior with high accuracy and
efficiency.

total length: ~| lkm

Figure 3. LoopAR road map bird view from start to end. Image from [57].

For rendering the VR environment, we used the HTC Vive Pro Eye device with a built-in Tobii
Eye Tracker connected to SRanipal and the Tobii XR SDK. The eye-tracking component includes an
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eye-tracking calibration, validation, and online ray-casting to record the driver’s gaze data during the
experiment. To enable and collect steering and braking input data, we used game-ready Fanatec CSL
Elite Steering Wheel and pedals devices. The experimental setup aimed at providing a stable and high
frame rate visual experience and supported an average of 88 frames per second (fps), matching the 90
fps sampling rate of the HTC Vive eye-tracking device. More detailed information about the LoopAR
environment, implementation, and software requirements can be found in the paper [57].

2.3. Participants

A total of 255 participants were recruited for the study during two job fairs in the city of Osnabriick.
However, some participants were excluded from the final analysis due to various reasons. Only 182
participants including 74 females (M = 23.32 years, SD = 8.27 years), and 110 male (M = 27.68 years,
SD = 19.75 years) who answered the Autonomous Vehicle Acceptance Model questionnaire were
included in the questionnaire analysis. For the behavioral analysis, further exclusion criteria were
applied. A total of 84 participants were excluded due to an eye-tracking calibration error exceeding
1.5 degrees or failure to complete the queried four scene rides. Additionally, 8 participants were
excluded due to missing data for two or more of the critical events. Lastly, 6 participants were
excluded due to eye-tracking issues such as missing data or large eye blinks. After these exclusions,
157 participants (base = 43; audio-visual = 50; visual = 36; audio = 28) were included in the main
behavioral analyses. Demographic information such as gender and age was only available for 143
participants who have both behavioral and questionnaire data (53 females, M = 22.67, SD = 6.79,
and 90 males, M = 27.38 years, SD = 10.49 years). No demographic-based analysis was conducted
in this study. All participants provided written informed consent before the experiment, and data
was anonymized to protect participant privacy. The study was conducted in accordance with the
Declaration of Helsinki and approved by the Ethics Committee of the University of Osnabriick.

2.4. Experimental Procedure

Upon arrival, participants were familiarized with the VR equipment that simulates the VR
environment, comprising the VR headset and the wooden car simulator (Figure 4). For efficient use of
time and space, measurements were conducted on both sides of the wooden car. Regardless of the
side, the VR simulation consistently replicated right-hand driving. In the simulated driving scenario,
participants were randomly assigned to one of the four experimental conditions and instructed to
complete a VR drive. Before starting the main experiment, participants underwent a training session
to acquaint themselves with the equipment and the driving task. Subsequently, we conducted eye-
tracking calibration and validation, along with calibration for seat positioning and steering wheel.
After completing the initial preparations, participants proceeded to the main experiment, which
involved the continuous (virtual) drive of around 11 km with 12 critical events. During the drive, all
participants traversed an identical route and encountered the same sequence of events. The experiment
lasted approximately 10 minutes, and afterward, participants completed an optional Autonomous
Vehicle Acceptance Model questionnaire.
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Figure 4. Two figures illustrating the experimental setup during measurement. (a) Two participants

sitting on the wooden car simulator wearing the VR Head Mounted Display. (b) Experimenter ensuring
correct positioning of the Head Mounted Display and steering wheel..

2.5. Data Preprocessing

The data was recorded in Unity and collected via the eye-tracker integrated in the head-mounted
display (HMD) and the steering wheel and pedals. It included information about the critical events,
participants’ visual behavior, and handling of the vehicle. The participant’s eye-tracking data consisted
of the positions and directions represented as three-dimensional (3D) vectors in Euclidean space.
All objects in the VR environment were equipped with colliders, which defined their shapes and
boundaries. During the experiment, the eye tracker recorded the vector from each participant’s gaze
that intersected with the collider of each object. In other words, the participant’s gaze on the objects
was determined by where their gaze hit the objects’ colliders. Both the names and the positions of
the objects hit by the participant’s gaze were recorded in 3D vectors for each timestamp. To filter
and narrow down the search for determining which objects the participants paid attention to during
the drive, we calculated the distance from the participant’s position to each object and selected only
the names and positions of the five closest objects to include in the final dataset. The steering data
consisted of numerical values representing the rotation of the vehicle steering wheel in degrees. A
value of zero indicated no steering (constant direction), negative values indicated steering to the left,
and positive values indicated steering to the right. Similarly, the pedal data consisted of acceleration
and braking inputs. While the vehicle was driving autonomously, the values remained constant, at
either 1 or 0. When the participant provided input during the take-over and manual driving, the
values changed to greater than 0. Lastly, the VR scene data consisted of information regarding each
event, such as the name, start and end timestamps, and duration, as well as the name of the object that
the participant gaze collided with, if any. As such, information on whether the event was successfully
completed or not was also included. This process ensured that the data used in the study was reliable
and met the necessary requirements for the analysis and testing of the hypothesis.

2.6. Performance Metrics
2.6.1. Reaction Times

To evaluate drivers’ take-over performance, we calculated their reaction time. It was defined as
the time interval between the onset of the warning signal and drivers’ following behavioral response.
This involved analyzing drivers’ motor engagement when steering, braking, and accelerating the
vehicle. For each type of behavior, we first verified whether input values remained constant or varied,
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indicating whether drivers maneuver with said behavior or not. If values varied over the duration of
the critical event, we calculated the rate of change per second over time [58,59], smoothed this rate
of change using a mean rolling window, and took its absolute value. This approach allowed us to
understand the velocity of the steering wheel maneuver over the duration of the manual drive, as well
as sudden changes in braking and accelerating.

Following a peak approach, we then calculated the first derivative of the smoothed rate of change
to identify all local maxima (peak velocity), which corresponded to pivotal points of significant change
when steering, braking, and accelerating [59]. The first local maxima surpassing a predefined threshold
represented the driver’s reaction time. For brake and acceleration, we set a threshold equal to the
median of the initial values of the smoothed rate of change plus 0.01. For steering, we set a threshold
of 5 degrees if the maximum smoothed rate of change was greater than 3; otherwise, the maximum
smoothed rate of change was set as the threshold [21,59,60]. We then identified the first local maximum
that exceeded the threshold and used its timestamp as the reaction time, by subtracting it from the
timestamp when the event started. In instances where no local maxima exceeded the threshold, the
reaction time was determined as the timestamp of the first identified local maximum. We repeated
this process for each type of motor engagement (steering, braking, and accelerating) of the driver
with the vehicle and for each of the 12 critical events. Because critical events could vary greatly in
nature and could require different types of responses [21], we calculated two types of reaction time:
fastest reaction time and expected reaction time. The fastest reaction time was determined as the
minimum value between steering, braking, and accelerating. The expected reaction time was based on
a predefined order of reactions that could be expected from the driver during each event. For instance,
some events would require steering to avoid driving hazards on the road, while others would require
braking to avoid frontal collisions with pedestrians. This approach allowed us to calculate reaction
time in a way that accounts for the different characteristics of each type of motor engagement and the
specific conditions at each event.

2.6.2. Situational Awareness

To calculate the behavioral indicator of situational awareness, we processed the participants’ gaze
data. Specifically, we examined whether the participant saw the object of interest (“seeing the object of
interest”), the number of times the participant saw the object of interest (“gaze hits”), and the duration
of their gaze on the object of interest (“dwell time of gaze”). To determine the “seeing of the object
of interest”, we identified the data sample where the participant’s gaze collided with the object of
interest in each event and saved it as binary categorical data. To calculate the “dwell time of gaze”,
we computed the difference between the start and end timestamp for each consecutive data sample
when the participant’s gaze collided with the object of interest. We excluded durations shorter than
100 milliseconds, consistent with typical eye gaze durations in human eye movement analysis [61,62].
To establish the number of “gaze hits” per participant within each event, we counted and summed the
number of meaningful individual gaze durations (>100ms). Finally, the total “dwell time of gaze” was
also calculated by summing over the individual gaze durations. These steps enabled us to quantify the
participant’s various aspects of situational awareness in each event during the experiment.

2.6.3. Successful Maneuvering

We assessed participants” successful maneuvering during the VR drive by analyzing their frontal
collision performance during critical traffic events. Specifically, we focused on whether participants
avoided colliding with objects in the scene. For each of the 12 critical events, a maneuver was
considered successful if the participant did not crash the vehicle with any of the objects of interest
inside the event. Conversely, an event was flagged as unsuccessful when a collision occurred. Unity
performed this “successful event completion” calculation online during the experiment for each event,
tracking participants” interactions with the objects in the scene based on the vehicle and objects’
positions.
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3. Results

A comprehensive analysis was conducted to evaluate the impact of different types of warning
signals (audio, visual, audio-visual, and no signal) on reaction time, situational awareness, and the
likelihood of successfully managing critical driving events in a simulated environment. Due to the
non-normal distribution of the data across all dependent variables, we conducted the non-parametric
Friedman test, an extension of the Wilcoxon signed-rank test. This test serves as the non-parametric
equivalent of repeated measures analysis of variance (ANOVA) without assuming normality. The
results from both Friedman tests and logistic regression models provided a detailed understanding of
these effects.

3.1. Reaction Time Analysis

Investigating the main effect of the warning signal on overall reaction time among participants
is one of the main purposes of the current study. A Friedman test was conducted to compare the
effects of different types of warning signals—audio, visual, and audio-visual—as well as no-signal
(reference condition) on the reaction time (log-transformed). The test revealed a significant difference
in reaction times across the conditions, x?(3) = 24.99, p < .001. Post-hoc Wilcoxon signed-rank tests
were conducted to follow up on this finding. Significant differences were found between the Base
condition and both the audio-visual (W = 51, p < .001) and visual conditions (W = 61, p < .001),
indicating that both audio-visual and visual warnings significantly reduced reaction time compared
to no warning signal. Additionally, significant differences were observed between the audio-visual
and audio conditions (W = 64, p < .001), as well as between the visual and audio conditions (W = 67,
p = .001), suggesting that visual components, whether alone or in combination with audio signals,
are more effective in reducing reaction times than audio signals alone. No significant difference
was found between the audio-visual and visual conditions (W = 188, p = .745) (Figure 5). These
results demonstrate that visual warning signals, whether alone or combined with audio signals, are
particularly effective in reducing reaction times in critical driving scenarios, whereas no such effect
was observed for audio warning signals alone. The result aligns with our hypothesis, which expects
different speeds of motor responses for visual warnings compared to audio warnings.
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Figure 5. The plot depicts the distribution of reaction times across different conditions: base, au-
dio_visual, visual, and audio. The y-axis shows the reaction time in seconds, while the x-axis lists the
different conditions. The violin plots illustrate the density of each variable, with the box plots inside
showing the median. The scatter points overlay the distribution, indicating individual data points. The
gray dashed line connects the conditions that are not significantly different.

3.2. Synergy Between Warning Signals and Seeing Objects of Interest

As a first step in investigating the impact of situational awareness, we test whether seeing or not
seeing the object of interest influences successful maneuvering. A logistic regression analysis was
conducted with the binary variable of seeing the object of interest and different types of warning
signals—audio, visual, audio-visual, and the no-signal condition serving as the reference category—on
the likelihood of successfully managing critical driving events. The base model, which included 1884
observations, revealed significant positive effects for seeing the object of interest (3 = 1.31, SE = 0.11,
z = 12.36, p < .001), audio warnings (8 = 0.70, SE = 0.15, z = 4.62, p < .001), visual warnings
(B =0.78, SE =0.14, z = 548, p < .001), and audio-visual warnings (8 = 0.82, SE = 0.13, z = 6.29,
p < .001) (Figure 6). The overall model was significant (LLR p < .001), with a pseudo R? value of 0.086,
indicating that both the presence of warning signals and the probability of seeing the object of interest
significantly increase the likelihood of successfully managing critical driving events. An interaction
model was also tested to explore the combined effects of seeing the object of interest and different
types of warning signals. The interaction terms, however, were not significant (e.g., object_of_interest *
Audio: § = 0.16,SE=0.32, z = 0.51, p = 0.611), suggesting no synergistic benefit from the combination
of seeing the object of interest and receiving specific types of warnings. The interaction model showed
a slightly higher pseudo R? value of 0.087, and a log-likelihood of —1133.5 compared to the base
model’s —1135.0 (for the full model result refer to Appendix B, Table 3). The audio-visual warnings
had the strongest effect, followed by visual and audio warnings, indicating the particular effectiveness
of combining audio and visual signals in increasing the probability of seeing objects of interest.
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Regression Coefficients:
Impact of Warning Signals & Seeing Object of Interest on Success
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Figure 6. The plot represents the coefficient estimates of the effect of warning signals and seeing objects
of interest on success. The Intercept represents the reference level (base condition). The horizontal x-axis
represents the regression coefficient, which shows strength and direction of the relationship between
predictors (each type of warning signal and seeing objects of interest) and the probability of success.
The vertical y-axis lists the warning signal types. Each bar represents the estimated coefficient for the
predictor. The horizontal lines through the bars (error bars) represent the 95% confidence intervals for
the coefficient estimates. The red dashed line at 0 represents the null hypothesis (coefficient = 0).

3.3. Dwell Time of Gaze Analysis

As the next step, we investigate whether the quantitative measure of the duration of gaze on
the objects of interest provides more detailed information on situational awareness and the effect
of warning signals. A Friedman test was conducted to compare the effects of the warning signals
on total dwell time (log-transformed) across conditions. This test revealed a statistically significant
difference in dwell times across the conditions, x?(3) = 11.23, p = .011. Follow-up Wilcoxon signed-
rank tests indicated that all warning conditions (audio-visual: W = 92, p = .010; visual: W = 96,
p = .014; audio: W = 106, p = .026) resulted in significantly greater total dwell times compared to the
base condition, suggesting that any form of warning signal increases driver attention. However, no
significant differences were found between the audio-visual and visual conditions (W = 167, p = .425),
audio-visual and audio conditions (W = 162, p = .362), or visual and audio conditions (W = 178,
p = .582) (Figure 7). The results demonstrate that the effect of an audio warning signal on increasing
driver dwell time was comparable to that of a visual warning signal when compared to no warning
signal.
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Figure 7. The plot depicts the distribution of dwell time across different conditions: base, audio_visual,
visual, and audio. The y-axis shows the dwell time in seconds, while the x-axis lists the different
conditions. The violin plots illustrate the density of each variable, with the box plots inside showing
the median. The scatter points overlay the distribution, indicating individual data points. The gray
dashed line connects the conditions that are not significantly different.

3.4. Identifying Success Factors in Critical Event Maneuvering

In the final stage of the analysis, we investigate the impact of warning signals on successful
maneuvering, as well as incorporate additional variables—specifically reaction time and dwell time—to
examine their combined influence on this success. The comparison of these models will allow us to
discern the relative contributions of reaction time and dwell time, in conjunction with warning signals,
to the overall success rates in managing critical driving scenarios. The base model included 1884
observations and showed a significant overall effect (LLR p = 1.014 x 10~), with a pseudo R? of
0.098. The model demonstrated that the presence of an audio warning signal significantly increased
the likelihood of success (8 = 0.59, SE = 0.15, z = 3.83, p < .001), as did visual warnings (8 = 0.55,
SE =0.14, z = 3.85, p < .001) and audio-visual warnings (8 = 0.63, SE = 0.13, z = 4.74, p < .001).
Longer reaction times were associated with a decrease in likelihood of success (8 = —0.80, SE = 0.13,
z = —6.29, p < .001), and greater total dwell time increased the likelihood of success (8 = 1.22, SE
=0.11, z = 11.03, p < .001). The extended model which included 1884 observations incorporating
interaction terms between reaction time, total dwell time, and warning signals was also significant
(LLR p = 4.413 x 10~%), with a pseudo R? of 0.105. However, when interaction terms are included,
the main effects of audio and visual signals are not significant anymore. Whereas, the interaction of
reaction time and dwell time with the audio-visual condition and visual condition is significant. The
model illustrated significant interactions between total dwell time and visual warning (8 = 2.68, SE
=0.86, z = 3.10, p = .002), total dwell time and audio-visual warning (8 = 2.02, SE =0.77, z = 2.62,
p = .009), and reaction time and visual warning (8 = 1.56, SE = 0.55, z = 2.81, p = .005). It can be
interpreted that the positive effect of shorter reaction times on increasing success is enhanced by the
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presence of visual signals (comparing § = —0.80 with f = 1.56). Similarly, the positive coefficient
between longer dwell time and success, enhanced in visual (comparing f = 1.22 with p = 2.68)
and audio-visual (comparing = 1.22 with § = 2.02) signals. In addition, the interaction between
reaction time and total dwell time was significant (8 = 1.21, SE = 0.41, z = 2.99, p = .003) suggesting
that the combined effect of quick reactions and increased awareness (dwell time) improves success
(Figure 8) (for the full model result, refer to Appendix B, Table 4). Overall, this finding aligns with
our hypothesis, suggesting that all types of warning signals significantly enhance the likelihood of
successfully managing critical driving events compared to no warning, with audio-visual signals being
the most effective. However, simply reacting quickly is not enough; maintaining situational awareness
is critical. Additionally, the presence of visual signals enhances reaction time performance, indicating
that visual signals help drivers process and react to critical events more effectively. Furthermore, the
increase in successful maneuvering is associated with higher situational awareness, particularly with
visual and audio-visual signals. In summary, our findings confirm that while all types of warning
signals improve the management of critical driving events, visual and audio-visual signals notably
enhance both reaction times and situational awareness, highlighting the crucial role of maintaining
visual engagement in ensuring driving safety.

Regression Coefficients:
Impact of Warning Signals, Reaction Time & Dwell time on Success

Intercept )—.—1

Audio vs. Base - } {

Audio Visual vs. Base e

Visual vs. Base -
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Figure 8. The plot represents the coefficient estimates of the warning signal, reaction time and dwell
time effect on success. The Intercept represents the reference level (base condition). The horizontal
x-axis represents the regression coefficient, which shows strength and direction of the relationship
between predictor and the probability of success. The vertical y-axis lists the warning signal types.
Each bar represents the estimated coefficient for the predictor. The horizontal lines through the bars
(error bars) represent the 95% confidence intervals for the coefficient estimates. The red dashed line at
0 represents the null hypothesis (coefficient = 0).

3.5. Questionnaire Analysis

To examine the impact of different types of warning signals on reducing anxiety and increasing
trust in AVs, we asked participants to score relevant six items from the Autonomous Vehicle Acceptance
Model questionnaire. Additionally, to compare the objective use of the body and subjective ratings
of such use while using the experimental car, we included three additional items from the questions
regarding the importance of using eyes, hands, and feet (for the respective items refer to Appendix A,
Table 2). Since we used a subset of the original questionnaire, we began with an exploratory factor
analysis. The analysis identified two primary factors based on the eigenvalues, percentage of variance
explained, and cumulative percentage. Factor 1 has an eigenvalue of 3.42 and accounts for 38.01% of


https://doi.org/10.20944/preprints202407.2094.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 29 July 2024 d0i:10.20944/preprints202407.2094.v1

15 of 28

the variance, while Factor 2 has an eigenvalue of 1.60, explaining 17.83% of the variance. Together,
these two factors cumulatively account for 56.09% of the variance in responses, indicating that they
capture a substantial portion of the overall variability in the data. Factor one includes six items related
to anxiety and perceived safety, while factor two is primarily associated with items related to methods
of control (Table 1). The factor scores were computed by summing the products of each item’s score and
its respective factor loading. Both positive and negative loadings were considered when calculating
the scores for each factor. Therefore, six items related to perceived safety and anxiety were combined
into a single "Anxiety_Trust" measure. Due to the distinct characteristics of the methods of control
questions, they were retained as three separate items. The results of the exploratory factor analysis
demonstrated that the selected items for anxiety and trust, as well as methods of control, constitute a
valid subset for measuring these values in the context of AVs usage.

Table 1. Exploratory factor analysis result.

Dimension Items Factor Communality
1 2

Anxiety_Trust Anxiety_1 77 11 .60
Anxiety_2 66 -.12 45
Anxiety_3 45 -.01 20
Perceived_safety_1 .78 -.00 61
Perceived_safety_2 -.78 -.12 .62
Perceived_safety_3 -.69 -.05 47

Methods

of Control Eye .02 .38 15
Hand 03 .66 44
Feet .00 .57 .32

Note. Factor loadings and communality for Varimax-rotated four factor solutions for 9 Autonomous Vehicle
Acceptance Model items (N=182). The largest loading for each item on each factor is in bold.

To investigate the effect of the warning signal on relevant acceptance scores, we conducted a
Multivariate Analysis of Variance (MANOVA). This analysis aimed to examine the differences in the
mean vector of the multiple dependent variables (Anxiety_Trust and the three methods of control
scores) across the various levels of the independent variable (four Conditions). The analysis showed
significant effects of the conditions on the acceptance of autonomous driving. The multivariate tests
for the intercept showed significant effects across all test statistics: Wilks” Lambda, A = 0.0694,
F(4,175) = 586.25, p < .0001; Pillai’s Trace, V = 0.9306, F(4,175) = 586.25, p < .0001; Hotelling-
Lawley Trace, T2 = 1340, F (4,175) = 586.25, p < .0001; and Roy’s Greatest Root, @ = 13.40,
F(4,175) = 586.25, p < .0001. These results confirm the robustness of the model. Additionally, the
multivariate tests for the condition variable indicated significant effects: Wilks’ Lambda, A = 0.8596,
F(12,463.29) = 2.27, p = .0083; Pillai’s Trace, V = 0.1445, F(12,531) = 2.23, p = .0092; Hotelling-
Lawley Trace, T? = 0.1586, F(12,301.96) = 2.30, p = .0081; and Roy’s Greatest Root, ® = 0.1194,
F(4,177) = 5.28, p = .0005. These findings suggest that the different conditions significantly affect
the Anxiety_trust measure of autonomous driving, as indicated by Wilks” Lambda. Post-hoc analyses
using Tukey’s HSD test revealed significant differences among the experimental conditions for the
Anxiety_Trust variable. Specifically, there was a significant difference between the audio and base
conditions (mean difference= 1.03, p = .003), and between the base and audio_visual conditions (mean
difference = 1.02, p < .001), and between the base and visual conditions (mean difference = 0.72, p =
.046). No other pairwise comparisons for Anxiety_Trust were significant (p > .05) (for the full result
refer to Appendix C, Tables 5 and 6). For the Methods_of_Control_eye, Methods_of_Control_hand,
and Methods_of_Control_feet variables, the post-hoc tests indicated no significant differences between
any of the experimental conditions (all p > .05) (Figure 9). These results suggest that all types of
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warning signals specifically decrease anxiety and increase trust but do not impact the choice of control
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Figure 9. Anxiety_Trust and Method of Control Analysis Results. The plot shows the results of post-hoc
tests for each dependent variable (questionnaire subscales), comparing the mean scores of each level of
the independent variable (condition). The error bars represent the standard error of the mean (SEM),
illustrating the variability of each mean score across different conditions.

3.5.1. Questionnaire and Behavioral Data Comparison

In the last stage of the analysis, we aimed to determine the extent to which self-reported measures,
such as anxiety, trust, and preferred methods of control, correlate with participants” objective behavior
during the experiment. To investigate this, we conducted a Spearman’s rank-order correlation to assess
the relationship between reaction time and dwell time with questionnaire scales from factor analysis.
The correlation between reaction time and Anxiety_Trust factor was found to be non-significant,
rs = 0.12, p = 0.12. Similarly, the correlations between reaction time and Methods_of_Control_eye
(rs = 0.00, p = 1.00), Methods_of_Control_hand (r; = 0.02, p = 0.78), and Methods_of_Control_feet
(rs = 0.07, p = 0.40) were also non-significant, indicating no meaningful relationships between
reaction time and these variables. A similar series of Spearman’s rank analyses was conducted for
dwell time which also showed no significant correlation with the questionnaire measures (Figure 10).
Overall, these findings reveal that, in the context of semi-autonomous studies, self-reported measures
of acceptance do not reliably correlate with users” actual behavior while driving.
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Figure 10. Correlation matrix. The plot shows the result of the Spearman rank correlation between
reaction time, dwell time and gaze hits count with the questionnaire subscales. Dwell times with
Anxiety_Trust (rs = —0.084, p = 0.320), with Methods_of_Control_eye (s = 0.077, p = 0.363), with
Methods_of_Control_hand (rs = 0.018, p = 0.834) and with Methods_of_Control_feet (r; = 0.090,
p = 0.284).

4. Discussion

The aim of this experiment was to investigate the effect of unimodal and multimodal warning
signals on reaction time and situational awareness during the take-over process by collecting visual
metrics, motor behavior, and subjective scores in a VR environment. The results demonstrated distinct
effects of audio and visual warning signals during the take-over control process. The visual warning
signal effectively reduced reaction time and increased dwell time on the object of interest, indicating
enhanced situational awareness. In contrast, the audio warning signal increased situational awareness
but did not affect reaction time. The multimodal (audio-visual) signal did not exceed the effectiveness
of the visual signal alone, suggesting its impact is primarily due to the visual component rather than
the audio. Additionally, the positive impact of both unimodal and multimodal signals on successful
maneuvering during critical events demonstrates the complex moderating role of these modalities in
decreasing reaction time and increasing situational awareness. The results indicate that when visual
warnings are present, the negative effect of longer reaction time on success is lessened. In other words,
visual warnings, by providing more robust cues, help mitigate the adverse impact of longer reaction
time during take-over. Furthermore, the impact of dwell time on success is moderated by the presence
of visual or audio-visual warning signals, possibly because the warnings offer sufficient information
or cues, reducing the necessity for additional dwell time for success maneuvering. Finally, the positive
impact of providing unimodal and multimodal warning signals on reducing anxiety and enhancing
trust has been confirmed. In conclusion, various signal modalities impact reaction time and situational
awareness differently, thereby influencing the take-over process, while their effect on anxiety and trust
components is evident but independent of situational awareness and reaction time.

Despite conducting our experiment in a realistic VR environment, this study has some limitations.
Although past studies have suggested that it is important to lower the frequency of critical events
[41], here we used 12 critical events in succession. However, the continuous driving session designed
in this study was relatively long-lasting in order to compensate for this. Another issue is being
in a VR environment for a prolonged period of time can induce motion sickness [63], which can
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negatively influence the participant’s experience. Yet, the wooden car was designed to provide a
higher feeling of immersion to mitigate these side effects. For this research study, we used specific
types of warning signals, the audio signal was speech-based rather than a generic tone and the
visual signal was sign-based with potential hazards highlighted. Given this design, our findings may
not be directly comparable with other studies in which different types of signals were used [64,65].
Regarding the reaction time calculation, we used a particular approach in which three different types
of reactions (steering, braking or acceleration) were accounted for. In contrast, most studies usually
consider only one type of reaction or a combination of them when calculating reaction time [66].
Similarly, when calculating dwell time of gaze, we had accounted for the entire event duration rather
than the duration until the first gaze or actual response [35,38,67]. Thus, for reproducibility of the
results, the aforementioned limitations should be considered. Despite these limitations, reaction time
and situational awareness are commonly used metrics for evaluating warning signals on take-over
processes in AVs [37], and the immersive VR environment enabled a way to assess ecologically valid
driver responses over a large and diverse population sample [49,50,68].

The take-over process consists of several cognitive and motor stages, from becoming aware of
a potential threat to the actual behavior leading to complete take-over [17,21,69]. This procedure
is influenced by various factors, and the effect of signal modality can be examined at each stage.
Broadly, this procedure can be divided into two main phases, initial and latter, that overlap with
situational awareness and reaction time respectively. In the initial stage of the take-over process,
stimuli such as warning signals alert the driver about the critical situation. The driver perceives
this message and cognitively processes the transferred information [17,22]. Endsley’s perception and
comprehension components of situational awareness align with the initial stages of perceiving and
cognitively processing information during the early stage of the take-over process [23,70]. Despite the
differences between auditory and visual signals [24,71], the current study aligns with previous findings
demonstrating the ability of unimodal and multimodal signals to enhance situational awareness [18].
Thereby fostering the initial stage of the reaction time. While situational awareness defines the early
stages of cognitive and motor processes during take-over, reaction time establishes the latter stages.

Following the initial, the subsequent stage involves decision-making and selecting an appropriate
response, which is heavily dependent on previous driving experience. Thereafter, the driver’s motor
actions are calibrated and transitioned to a ready phase, involving potential adjustments to the steering
wheel or pedals. The process culminates with the execution of the reaction required to manage a
critical situation [17,22]. According to the definition of reaction time, it passed through two steps
of comprehension and movement [29]. Comprehension reaction time overlaps with the concept of
situational awareness, while movement reaction time refers more to the latter stages of the take-over
process, including calibration and actual motor action. Our calculation of reaction time focused on
measuring the actual hand or feet movements from the start of a critical event (including driver
calibration) to the movement reaction time. Our findings confirm that both visual and audio-visual
signals reduce reaction time to the same extent. The audio modality however was not able to extend
its effect to the reaction time phases. Despite the fact that the multimodal signal (audio-visual) helps
decrease reaction time, it was not a significant moderator of reaction time in ensuring success. This is
explainable when considering the late stages of the take-over process. Before movement calibration
and actual action, there is a decision-making stage where visual warning signals are crucial [17,22].
A fundamental characteristic of visual warning signals encompasses the type of information they
convey [31]. Indeed, visual warnings can provide additional information in comparison to auditory
signals, including spatial information (e.g., depth and speed) and distractor information (e.g., type,
kind) [24,31,72]. This complex information enhances decision-making on the more appropriate type of
reaction for the situation, compensating for the faster effect of auditory signals. While audio signals
impact the early stages of take-over, visual signals provide valuable information that assists in the
process.
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Enhancing user experience is a critical aspect in the development and adoption of AV technology
[36]. Therefore, the ways users subjectively perceive each aspect of the technology should be developed
alongside technical advancements. Our experiment showed that all types of signal modalities could
create a calmer and trustworthy experience for the driver of an AV. However, we were unable to
connect this finding to the cognitive process drivers undergo during the take-over. Further studies
should delve deeper into extending subjective measurements to encompass cognitive and behavioral
processes that arise during the drive.

5. Conclusions

In conclusion, this study highlights the importance of considering different signal modalities
impact on human cognitive processing. A thorough understanding of their characteristics, benefits, and
roles can aid in designing HMIs that are compatible with drivers’ perceptual and behavioral reactions
during TORs. This human-cognition-inspired design recognizes drivers’ cognitive capabilities and
limitations, facilitating driver-vehicle cooperation and intention recognition. Such design enhances
safety and trust in AVs. Overall, these considerations are essential for creating a framework to address
the challenge of integrating AVs into future transportation systems.
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AVs Autonomous Vehicles

VR Virtual Reality

HMIs Human-Machine Interfaces
HMD Head Mounted Display

SAE Society of Automotive Engineers
NDRTs Non-Driving-related Tasks
TORs Take-over Requests

ANOVA Analysis of Variance
MANOVA  Multivariate Analysis of Variance
AVAM Autonomous Vehicle Acceptance Model

Appendix A Questionnaire Subset

Table A1. Subset of the Autonomous Vehicle Acceptance Model (AVAM) questionnaire. It includes 6
of the 26 items regarding anxiety and trust and 3 items about the importance of methods of physical
control (Heitz et al., 2019).

Question text

Anxiety

19. I would have concerns about using the vehicle.

20. The vehicle could do something frightening to me.
21. I am afraid that I would not understand the vehicle.

Perceived Safety

24. I believe that using the vehicle would be dangerous.
25. Twould feel safe while using the vehicle.

26. I would trust the vehicle.

Methods of Control: How important would each of the following be when using the vehicle?
1. Hands

2. Feet

3. Eyes
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Appendix B Logistic Regressions Complete Tables

Table A2. Synergy between warning signals and seeing objects of interest.

Optimization terminated successfully.
Current function value: 0.602441
Iterations 5

Logit Regression Results

Dep. Variable: Success No. Observations: 1884
Model: Logit Df Residuals: 1879
Method: MLE  Df Model: 4
Date: Sat, 13 Jul 2024 Pseudo R-squ.: 0.08612
Time: 23:42:14  Log-Likelihood: -1135.0
converged: True  LL-Null: -1242.0
Covariance Type: nonrobust LLR p-value: 3.801e-45

coef  std err z P>|z| [0.025 0.975]
Intercept -0.8932 0.117 -7.606 0.000 -1.123 -0.663
seeing_Object_of_Interest[T.Truel 1.3126 0.106 12.360 0.000 1.104 1.521
C(Condition, Treatment(reference="Base")) [T.Audio] 0.7016 0.152 4.617 0.000 0.404 0.999
C(Condition, Treatment(reference="Base")) [T.Audio_Visual] 0.8217 0.131 6.287 0.000 0.566 1.078
C(Condition, Treatment(reference="Base"))[T.Visuall 0.7777 0.142 5.482 0.000 0.500 1.056
Optimization terminated successfully.

Current function value: 0.601658
Iterations 5
Logit Regression Results
Dep. Variable: Success No. Observations: 1884
Model: Logit Df Residuals: 1876
Method: MLE  Df Model: 7
Date: Sat, 13 Jul 2024 Pseudo R-squ.: 0.08731
Time: 23:42:14  Log-Likelihood: -1133.5
converged: True  LL-Null: -1242.0
Covariance Type: nonrobust  LLR p-value: 3.038e-43
coef std err z P>|z| [0.025 0.975]

Intercept -0.7436 0.159 -4.662 0.000 -1.056 -0.431
seeing_Object_of_Interest[T.Truel 1.0923 0.194 5.625 0.000 0.712 1.473
C(Condition, Treatment(reference="Base")) [T.Audiol 0.5894 0.253 2.328 0.020 0.093 1.086
C(Condition, Treatment(reference="Base")) [T.Audio_Visuall 0.5122 0.224 2.291 0.022 0.074 0.951
C(Condition, Treatment(reference="Base")) [T.Visual] 0.6240 0.235 2.651 0.008 0.163 1.085
seeing_Object_of_Interest[T.Truel:C(Condition, Treatment(reference="Base")) [T.Audio] 0.1605 0.315 0.509 0.611 -0.457 0.778
seeing_Object_of_Interest[T.Truel:C(Condition, Treatment(reference="Base")) [T.Audio_Visuall 0.4688 0.276 1.699 0.089 -0.072 1.010
seeing_Object_of_Interest[T.Truel:C(Condition, Treatment(reference="Base")) [T.Visual] 0.2269 0.294 0.771 0.441 -0.350 0.803
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Table A3. Identifying Success Factors in Critical Event Maneuvering.
Optimization terminated successfully.
Current function value: 0.594433
Iterations 6
Logit Regression Results

Dep. Variable: Success No. Observations: 1884
Model: Logit Df Residuals: 1878
Method: MLE  Df Model: 5
Date: Sat, 13 Jul 2024 Pseudo R-squ.: 0.09827
Time: 23:42:15  Log-Likelihood: -1119.9
converged: True  LL-Null: -1242.0
Covariance Type: nonrobust LLR p-value: 1.014e-50

coef std err z P>|z| [@0.025 0.975]
Intercept 0.1564 0.165 0.949 0.343 -0.167 0.479
C(Condition, Treatment(reference="Base")) [T.Audio] 0.5865 9.153 3.834 0.000 0.287 0.886
C(Condition, Treatment(reference="Base")) [T.Audio_Visuall 0.6278 0.132 4.744 0.000 0.368 0.887
C(Condition, Treatment(reference="Base"))[T.Visuall 0.5535 0.144 3.848 0.000 0.272 0.835
Reaction_time —0.8006 0.127 -6.285 0.000 -1.050 -0.551
Dwell_times_of_gaze 1.2188 0.111 11.028 0.000 1.002 1.435
Optimization terminated successfully.

Current function value: 0.589715
Iterations 6
Logit Regression Results
Dep. Variable: Success  No. Observations: 1884
Model: Logit Df Residuals: 1868
Method : MLE Df Model: 15
Date: Sat, 13 Jul 2024 Pseudo R-squ.: 0.1054
Time: 23:42:15 Log-Likelihood: -1111.0
converged: True  LL-Null: -1242.0
Covariance Type: nonrobust  LLR p-value: 4.413e-47
coef  std err z P>|z| [0.025 0.975]

Intercept 0.8894 0.317 2.802 0.005 0.267 1.512
C(Condition, Treatment(reference="Base")) [T.Audio] 0.5651 0.591 0.956 0.339 -0.594 1.724
C(Condition, Treatment(reference="Base")) [T.Audio_Visual] -0.3716 0.524 -0.709 0.478 -1.399 0.655
C(Condition, Treatment(reference="Base")) [T.Visuall -1.0302 0.542 -1.901 0.057 -2.093 0.032
Reaction_time -1.4769 0.290 -5.085 0.000 -2.046 -0.908
Reaction_time:C(Condition, Treatment(reference="Base")) [T.Audiol 0.0686 0.552 0.124 0.901 -1.013 1.150
Reaction_time:C(Condition, Treatment(reference="Base"))[T.Audio_Visuall 0.9602 0.534 1.797 0.072 -0.087 2.007
Reaction_time:C(Condition, Treatment(reference="Base")) [T.Visuall 1.5559 0.554 2.811 0.005 0.471 2.641
Dwell_times_of_gaze -0.1658 0.481 -0.345 0.730 -1.109 0.777
Dwell_times_of_gaze:C(Condition, Treatment(reference="Base")) [T.Audio] 0.2053 0.824 0.249 0.803 -1.410 1.821
Dwell_times_of_gaze:C(Condition, Treatment(reference="Base")) [T.Audio_Visuall 2.0240 0.773 2.617 0.009 0.508 3.540
Dwell_times_of_gaze:C(Condition, Treatment(reference="Base")) [T.Visuall 2.6786 0.864 3.101 0.002 0.986 4,372
Reaction_time:Dwell_times_of_gaze 1.2088 0.405 2.986 0.003 0.415 2.002
Reaction_time:Dwell_times_of_gaze:C(Condition, Treatment(reference="Base")) [T.Audio] -0.2211 0.761 -0.291 0.771 -1.712 1.270
Reaction_time:Dwell_times_of_gaze:C(Condition, Treatment(reference="Base")) [T.Audio_Visuall -1.9096 0.765 -2.495 0.013 -3.410 -0.409
Reaction_time:Dwell_times_of_gaze:C(Condition, Treatment(reference="Base")) [T.Visuall -2.4780 0.855 -2.897 0.004 -4,154 -0.801
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Appendix C Questionnaire Analysis (MANOVA/post-hoc)

Table A4. MANOVA Results.

MANOVA results:

Multivariate linear model

Intercept Value Num DF Den DF F Value Pr > F

Wilks' lambda ©.0694 4.0000 175.0000 586.2516 0.0000

Pillai's trace ©.9306 4.0000 175.0000 586.2516 0.0000
Hotelling-Lawley trace 13.4000 4.0000 175.0000 586.2516 0.0000
Roy's greatest root 13.4000 4.0000 175.0000 586.2516 0.0000

Condition Value Num DF Den DF F Value Pr > F

Wilks' lambda ©.8596 12.0000 463.2980 2.2724 0.0083

Pillai's trace ©.1445 12.0000 531.0000 2.2399 0.0092
Hotelling-Lawley trace ©.1586 12.0000 301.9657 2.3013 0.0081
Roy's greatest root ©.1194 4.0000 177.0000 5.2836 0.0005
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Table A5. Post-hoc tests Results.

Post-hoc test for Anxiety_Trust:

Multiple Comparison of Means

- Tukey HSD, FWER=0.05

groupl group2 meandiff p-adj lower upper reject
Audio Audio-Visual ©0.0064 1.0 -0.738 0.7509 False
Audio Base 1.03 0.0036 0.26 1.8001 True
Audio Visual 9.3006 ©.756 -0.4878 1.089 False
Audio-Visual Base 1.0236 @0.0007 ©0.3506 1.6966 True
Audio-Visual Visual 0.2942 0.6904 -0.3998 0.9881 False
Base Visual -0.7294 0.0464 -1.4508 -0.0081 True
Post-hoc test for Methods_of_Control_eye:
Multiple Comparison of Means - Tukey HSD, FWER=0.05
groupl group2 meandiff p-adj lower upper reject
Audio Audio-Visual -@.372 0.2883 -0.9153 0.1712 False
Audio Base -90.2218 ©.7358 -0.7838 0.3402 False
Audio Visual -0.013 0.9999 -0.5884 ©.5624 False
Audio-Visual Base ©.1502 @.8575 -0.3409 0.6414 False
Audio-Visual Visual 9.359 0.2587 -0.1474 0.8655 False
Base Visual 9.2088 0.7328 -0.3176 ©.7353 False
Post-hoc test for Methods_of_Control_hand:
Multiple Comparison of Means - Tukey HSD, FWER=0.@5
groupl group?2 meandiff p-adj lower upper reject
Audio Audio-Visual -0.2291 0.7815 -0.8589 0.4007 False
Audio Base 9.0735 0.9912 -0.578 0.725 False
Audio Visual -0.1067 0.9759 -0.7737 0.5603 False
Audio-Visual Base ©.3026 ©.5145 -0.2668 ©.872 False
Audio-Visual Visual 0.1224 0.9489 -0.4647 0.7095 False
Base Visual -0.1802 0.8697 -0.7905 0.4301 False
Post-hoc test for Methods_of _Control_feet:
Multiple Comparison of Means - Tukey HSD, FWER=0.@5
groupl group?2 meandiff p-adj lower upper reject
Audio Audio-Visual -0.5021 ©.3744 -1.3097 0.3056 False
Audio Base 9.0221 0.9999 -0.8134 ©.8575 False
Audio Visual -0.0622 0.9976 -0.9176 0.7931 False
Audio-Visual Base ©.5241 ©.2484 -0.206 1.2543 False
Audio-Visual Visual 0.4398 0.4306 -0.313 1.1926 False
Base Visual -0.0843 0.9924 -0.8669 0.6983 False
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