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Abstract

As Advanced Driver Assistance Systems (ADAS) continue to evolve, the interaction
between human drivers and automated systems becomes increasingly safety-critical,
particularly during the transition of control from the system to the driver. This thesis
investigates the immediate and sustained effects of assertiveness in takeover requests
(TOR) on driver performance and stress. Through an experimental study, the impact of
assertive TORs on drivers was researched quantitatively and qualitatively. A combination
of classical user research methodologies and the predictive processing framework allowed

it to perform a more comprehensive analysis.

Previous driving automation studies suggest that assertive takeover requests, for instance,
those delivered through loud, urgent, or disruptive auditory signals, can prompt faster
driver reactions. However, these signals may increase stress, leading to a suboptimal
driving performance. The key concepts of the predictive processing framework — while still
underutilized in human factors research — offer a unique perspective on how drivers cope
with fluctuating mental and physicaldemands in automated driving. By conceptualizing the
mind as constantly generating and updating internal models in response to sensory inputs,
this framework allows to understand drivers’ reflexive actions as well as their longer-term

decision-making processes.

A driving simulation experiment was conducted, in which assertive and non-assertive
takeover requests were administered to 31 participants. Physiological responses, driving
performance metrics, and self-reported stress were collected and analyzed. The results
confirm that highly assertive TORs lead to faster reaction times and more forceful braking.
Contrary to expectations, they did not significantly affect driver performance during the

sustained driving period after the takeover.

Finally, this thesis bridges methodologies of human-computer interaction and cognitive
science, contributing to the body of research on ADAS interface design for enhancing safety

and user experience in semi-automated vehicles.



Kurzfassung

Durch die fortschreitende Entwicklung von Advanced Driving Assistance Systems (ADAS)
wird die Interaktion von System und Lenker*innen zunehmend zu einem Sicherheitsfaktor.
Der Autopilotin einem teil-automatisierten Fahrzeug ist zwar in der Lage alle Fahraufgaben
selbstandig auszufuhren, jedoch obliegt den menschlichen Fahrer*innen die
Verantwortung Uber die Systemuberwachung. Auf Aufforderung des Systems hin, mussen
Lenker*innen zu jedem Zeitpunkt eine sichere Kontrollibernahme Uber das Fahrzeug
gewahrleisten koénnen. In der vorliegenden Arbeit wurden die unmittelbaren und
langerfristigen Auswirkungen von besonders nachdriicklichen Ubernahmeaufforderungen
(Englisch: Takeover Requests, abgekirzt: TORs) auf Fahrperformance und -stress
untersucht. Zur Durchfuhrung einer umfassenden Analyse werden im Zuge dieser Studie
klassische User Research Methoden mit dem Kognitions-wissenschaftlichen Predictive

Processing Framework kombiniert.

Besonders nachdruckliche TORs, etwa laute, abrupte oder disruptive Tone, flihren zu
schnelleren Kontrollibernahmen, wie frihere Studien zeigen. Gleichzeitig kdnnen diese Art
von Signalen erhohten Stress und suboptimale Fahrperformance bedingen. In Erganzung
zur Ublichen User Research Forschung, bietet das Predictive Processing Framework eine
einzigartige Perspektive, wie Fahrer*innen mit den fluktuierenden mentalen und
physischen Anforderungen in teil-automatisierten Fahrzeugen umgehen. Das Framework
betrachtet das Gehirn als eine statistische Maschine, die innere Modelle mit Vorhersagen
auf Basis von sensorischen Reizen kontinuierlich aktualisiert. Dies ermdglicht die
Interpretation von sowohl reflexiven Reaktionen wie auch langerfristigen

Entscheidungsprozessen von Fahrer*innen.

Fur diese Arbeit wurde ein Fahrsimulationsexperiment mit 31 Teilnehmer*innen
durchgefuhrt, bei dem nachdriuckliche und neutrale TORs prasentiert wurden. Im Zuge
dessen wurden physiologische Reaktionen, Metriken fur Fahrperformance und subjektive
Stressbewertungen erfasst und analysiert. Die Ergebnisse zeigten, dass nachdrickliche
Ubernahmeaufforderungen Zu schnelleren Reaktionszeiten und starkeren
Bremsreaktionen fuhren. Entgegen den Erwartungen wurden jedoch keine signifikanten
Auswirkungen im Zeitraum nach der Ubernahme beobachtet. Durch die Verkniipfung von
Human-Computer Interaction und Kognitionswissenschaft leistet diese Arbeit einen
Beitrag zur ADAS-Forschung, die das Ziel verfolgt, eine moglichst hohe Sicherheit und

Benutzerfreundlichkeit in teilautomatisierten Fahrzeugen sicherzustellen.
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1. Introduction

As the capabilities of Advanced Driver Assistance Systems (ADAS) are continuously
developed, these systems reshape driving dynamics, and the cognitive demands placed on
drivers. The Society of Automotive Engineers (SAE) defines six levels of automation. The
currently widely distributed Level 3 systems allow full control over safety-critical functions
but require immediate driver re-engagement in critical instances (Agrawal & Peeta, 2021;
Du et al., 2020). Assistance systems have been found to reduce crashes per mile, but any
mismatch between driver expectations and automation capabilities can lead to fatal
incidents (Luetge, 2017). Therefore, it is crucial for interface designers to understand how

the system and human drivers can interact optimally.

Vehicular automation induces inadvertent secondary effects: the reduction of driving effort
can make drivers more vulnerable to decreased situational awareness. A decisive point of
interaction is the safe transition of controlfrom the autopilotto the human driver, facilitated
by the takeover request (TOR). Previous research observed that auditory TORs, which were
particularly loud, annoying, and assertive, led to faster reaction times. However, they may
also induce stress, compromising control quality shortly after the takeover (Politis et al.,
2015; Wong et al., 2019). Moreover, driving performance is further impaired when a driver
experiences cognitive overload and excessive emotional arousal in response to stressful,
unexpected alerts (Agrawal & Peeta, 2021; World Health Organization, 2022). Even up to a
minute after the takeover, drivers may exhibit overload through high variability in

accelerations or steering (Biondi et al., 2014; Roche & Brandenburg, 2018).

To ensure adequate safety with ADAS, it is essential to design interfaces that align with
human capabilities, as well as human error (Engstrom et al., 2018; Wei et al., 2022).
Besides extensive research on ADAS in human-computer interaction literature, a small
amount of research has explored the application of the predictive processing framework to

TOR-design. This comprehensive paradigm, based in cognitive science, depicts the brain



as a statistical machine that continuously aims to predict future states by generating
internal models of the world and updating these based on experiences and assumptions.
Predictive processing provides a single principle which may account for perception, action
andthe essential contribution of the body and environment in the structure of sensorimotor
interactions (Seth, 2014). Extending beyond classical human-computer interaction
research, predictive processing provides a theoretical approach with a plausible
physiological foundation that has the potential to describe driver behavior and states

during takeovers more comprehensively.

Previous research on assertive TORs strongly focuses on the initial takeover process, even
though the post-takeover performance has been identified as a crucial research avenue
(Tan & Zhang, 2024). This thesis aims to explore the sustained effects of assertiveness on
driver performance and emotional arousal. In addition, experimental results are discussed
from the perspective of predictive processing and the possibility of a combined research
strategy for a more comprehensive view of driver responses. This thesis argues that
assertive auditory human-computer interaction elements can improve performance but
may induce stress, negating the benefits. By correlating perceived stress with
psychophysiological measurements and examining effects on cognitive functions, this
research aims to contribute a better understanding of the interaction between assertive
TORs, driver behavior, stress and mental models using the predictive processing
framework. This balance is necessary to ensure takeover requests enhance safety without

compromising driver state and situational awareness (Agrawal & Peeta, 2021).

1.1 Research Objective

Automated driving systems change drivers’ responsibilities and cognitive workloads,
potentially leading to decreased situational awareness due to underload or distractions
from secondary tasks. While assertive signals can grab attention and prompt quick
reactions, they may also induce stress, compromising takeover quality. This thesis
explores the primary and secondary effects of these signals over time and theorizes about
the cognitive processes involved using the predictive processing framework. The first

research question was determined as such:



RQ1: How does TOR-assertiveness affect driver performance and stress during a

takeover and a subsequent driving task?

The hypotheses address relevant driving performance measures in addition to measures of
stress and self-reported ratings on both driving performance and stress. Findings from
neuroscientific research allow to draw conclusions about stress due to cognitive overload
from heart rate variability measures. Additionally, reliable insights on stress levels can be

gathered from self-reported ratings (Schneider, 2020).

During the immediate time period after a takeover request, assertive takeover

requests resultin...

H1: ... a faster reaction time.
H2: ... more forceful braking.
H3: ... a higher risk of collisions.
H4: ... higher average speed.
H5: ... a higher heart rate ratio.
H6: ... a higher SDNN ratio.

H7: ... alower RMSSD ratio.

During a subsequent driving task of a minimum 40 second duration, assertive

takeover requests resultin...

H8: ... higher average speed.

H9: ... higher speed variability.

H10: ... higher steering wheel variability.
H11: ... a higher heart rate ratio.

H12: ... a higher SDNN ratio.

H13: ... a higher RMSSD ratio.



After completion of a takeover and manual driving section, assertive takeover

requests resultin...
H14: ... higher self-reported stress on the Perceived Stress Scale.

H15: ... lower self-reported driving performance on a Likert scale.

Research Question One (RQ1) is based in human-computer interaction, focusing on driver
responses within the context of interaction design research. To better understand the
cognitive processes underlying this behavior, Research Question Two (RQ2) is rooted in
cognitive science. Prediction and expectancy have been emphasized in existing human
factors theories and models (e.g. Endsley 1995, Wickens 2003, Rasmussen 1985), however
only a small percentage of applied human factors research address specific concepts
offered by the predictive processing framework (Engstrom et al., 2018; Nozari et al., 2023;
Wei et al., 2022). The predictive processing paradigm is used to examine driver mental
models concerning the immediate and sustained effects of TOR-assertiveness. Therefore,

research question two is formulated as:

RQ2: How does TOR-assertiveness affect prediction error during a takeover and

subsequent driving task?

Several guiding questions are used to provide a predictive processing account of the study

results.

1. How might drivers' internal models update and optimize when operating a vehicle
with an Advanced Driving Assisted System?

2. How is prediction error minimization observable in driver responses immediately
following a highly assertive TOR compared to a less assertive TOR?

3. How does TOR-assertiveness influence predictions error minimization during the

subsequent driving task?

Overall, this master thesis aims to test a specific TOR-characteristic in a simulated
environment and conceptualize the results using a theoretical framework with plausible
physiological basis. These insights, combining classical HCl-research with cognitive
science, can potentially enhance the design of TORs for improved safety in advanced driver

assistance systems.



1.2 Thesis Structure

This thesis explores assertiveness as a characteristic for takeover requests (TORs) with the
help of a human-computer interaction (HCI) experiment and through the lens of the
predictive processing perspective. The literature review in Section 2 provides state-of-the-
art insights on the development and testing of TORs, along with an overview of the

predictive processing framework and its application to ADAS-research.

"Methods and Materials" in Section 3 details the experimental setup and procedure used
to explore Research Question 1 (RQ1). This includes the pilot study which determined the
experimental variables. Section 4, titled "Experimental Results," presents the findings

related to the hypotheses of RQ1.

The "Discussion"-section first provides an interpretation of the RQ1 results, before
addressing the guided questions formulated in RQ2 and outlining future research
possibilities. In Section 4, “Conclusion”, the thesis summarizes its contributions to

integrating ADAS research and cognitive science.

1.3 Remarks on Publications

The empirical research for this thesis was supported by the Austrian Institute of
Technology. During the writing of this master’s thesis, | also contributed to a conference
paper titled "Assertive Takeover Requests: Immediate and Sustained Effects on Stress and
Performance" (Kraut et al., 2023). This paper was accepted by the 15th International ACM
Conference on Automotive User Interfaces and Interactive Vehicular Applications, held in
September 2023 in Ingolstadt, Germany. Many of the tables and figures in Section 4
“Experimental Results”, as well as Section 5 “Discussion” were created concurrently with
the preparation of the conference paper and are appropriately referenced. Additionally, the
research plan was first presented at the May Conference 2022 in Zagreb, Croatia, where it
was featured in a short presentation and an abstract published in the conference

proceedings (Kraut, 2022).



2. Literature Review

The following section reviews state-of-the-art literature on the key components of this
research: Advanced Driving Automation Assistance (ADAS), design of takeover requests
(TOR), the influence of stress in automated driving, and the predictive processing
framework. The review reveals a research gap for long-term effects of TORs, despite
previous findings that safe driving extends beyond the moment of takeover and mental load
fluctuations continuously affect drivers in automated vehicles. Additionally, while human
factorsresearchincludes concepts like attention, relatively few studies integrate predictive
processing. This highlights the need for an interpretative framework to evaluate the
interaction between assistance systems and drivers, while explaining the interactions of

mental load with driving performance over time.

2.1 Overview on Advanced Driving Automation Assistance

Driving automation is designed to support both the safety and comfort of drivers by
assisting in or fully automating aspects of the driving task. In order to increase safety,
reduce serious injuries and eliminate fatal crashes, the World Health Organization
advocates to accommodate human error as much as possible. Globally, road accidents
account for more than 1.3 million deaths each year, with causes ranging from speeding,
distracted driving, or driving under the influence to infrastructural issues like poor law

enforcement and vehicle safety standards (World Health Organization, 2022).

As driving automation systems continue to advance, their potential to mitigate human error
and reduce accident risks becomes increasingly significant. Recognizing the critical role of
automation, several countries, including the United Kingdom, the United States, and Japan,
have proposed strategic plans for the adoption of fully automated vehicles (Wu et al., 2022).

The currently most widely recognized framework for automation levels was created by the
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American Society of Automotive Engineers (SAE) (SAE International, 2021). These levels
range from Level 0 (no automation) to Level 5 (full automation) and reflect the gradual shift
of driving responsibilities from the human driver to the automated system (SAE

International, 2021). Asummary is provided in Table 1.

Table 1 Levels of driving automation assistance: Descriptions of automation levels by the SAE International
specifications, based on the latest taxonomy and definitions document (SAE International, 2021, p. 25).

SAE Level of Automation Description

0: No Automation All aspects of the dynamic driving task are done by the
human driver.

1: Driver Assistance The driver assistance system (DAS) controls either steering
or acceleration, while the human driver carries out the
remainder of the dynamic driving task.

2: Partial Automation One or more DAS perform both steering and acceleration,
while the human driver carries out the remainder of the
dynamic driving task.

3: Conditional Automation The advanced automated driving system (ADAS) performs
all aspects of the dynamic driving task, although the human
driver is expected to intervene when prompted.

4: High Automation The ADAS performs all aspects of the driving task, even
when a human driver does not intervene upon requests.

5: Full Automation The ADAS performs all aspects of the driving task under any
roadway and environmental conditions.

SAE Level 3 automation represents a significant advancement since the system performs
all driving tasks but relies on the human driver to intervene when prompted. The system
monitors the environment and issues takeover requests, when encountering situations
beyond its operational design domain, such as poor weather conditions or complex traffic
scenarios. In this case, the role of the human driver shifts to one of a fallback-ready user

(SAE International, 2021).
Takeover Requests in Semi-Automated Vehicles

Takeover requests (TORs) are crucial for ensuring safe transitions between automated and
manual driving in SAE Level 3 vehicles (Jeon, 2019). As a prerequisite the system must
properly identify limitations in novel situations or potentially dangerous environments. The
Society of Automotive Engineers defines three causes triggering takeovers. Firstly, in the
case of avehicular failure, the driver is required to be fallback ready and recognize the need

to intervene. Secondly, should the assistance system itself fail, a prompt is issued to the



driver to take on the dynamical driving task. Thirdly, boundaries can be derived from usage
specifications, limiting assistance to geographical or environmental conditions (SAE

International, 2021).

In the process of assuming manual control over a vehicle, the driver completes multiple

steps, some of which in parallel (Ma et al., 2021):

e Situational awareness: Shifting attention to the road and away from non-driving
related tasks.

e Motorreadiness: Restoring mechanical control by placing feet on pedals and hands
on steering wheel.

e Taking action: Decision making and assuming longitudinal and lateral control of the

vehicle.

The takeover process strongly depends on a driver’s awareness to the traffic environment
(Li et al., 2017). Since the responsibilities of a driver change drastically in an ADAS-
supported vehicle, mental and physical demands on the driver change as well (de Winter

etal., 2014).
Non-driving Related Tasks

The use of in-vehicle entertainment systems and mobile devices are major sources of
distractions at any level of vehicle automation (Politis et al., 2015). However, drivers are
increasingly more likely to engage with non-driving related tasks (NDRTSs) at higher levels of
automation (de Winter et al., 2014). These NDRTs negatively affect the cognitive processing
time necessary for situational awareness and factor into both takeover readiness and
quality (Alrefaie et al., 2019; Wong et al., 2019). For example, drivers occupied with their
phones demonstrate considerable worse braking reaction, reactions to traffic signhals and
lane keeping (World Health Organization, 2022). Even so, limiting a driver’s responsibility to
only monitoring the automation for prolonged periods also degrades takeover readiness (de

Winter et al., 2014).

Since NDRTs are a part of drivers’ habits, the administration of secondary tasks is common
in driving simulation studies. Examples include: Inputting calculations (Agrawal & Peeta,
2021), games on a smartphone (Wong et al., 2019), variations of the Surrogate Reference
Task (SuRT; ISO/TS 14198) (Gold et al., 2013), or the n-back memory task (Heikoop et al.,
2018).



2.2 Design of Takeover Requests (TORs)

Inadequate warnings to drivers to resume control have been shown to be the predominant
cause of safety issues in deadly, high-level automation accidents (Roche et al., 2019). If
drivers are unsure of the underlying message of a warning, trust in the system decreases
and the ADAS will be under-utilized (Agrawal & Peeta, 2021). Driver behavior can be
influenced by design choices such as the modality of the alert, its timing, and

characteristics like the assertiveness of the TOR.
Effectiveness of TOR Modalities

Takeover requests can be administered via visual, auditory, or haptic signals, or a
combination thereof. Auditory TORs, particularly in urgent situation, provoke faster
responses, such as braking (Gold et al., 2013; Politis et al., 2015). Auditory cues can either
consist of speech, speech-based sounds, or non-speech-based sounds, e.g., beeps.
Auditory alerts, whether speech-based or non-speech-based, prompt quicker responses
than visual alerts, Jeon et al. (2019) found. In addition, auditory cues remain perceivable
even without focused attention. Visual cues are usually administered on heads-up displays
or additional screens near the dashboard (Merat et al., 2014). This means that drivers need
to shift their gaze frequently to process visual TORs (Fagerlonn, 2010). Often, TORs are
administered across multiple modalities. Most common is a combination of auditory and
visual representations (Pakdamanian et al., 2022). In general, multimodal warnings result

in faster reaction times over unimodal alerts (Politis et al., 2014).

Takeover requests may be presented in multiple stages to prime a driver before delivering
a warning. However, there exists conflicting evidence for the effectiveness of multi-modal
TORs. Agrawal and Peeta (2021) observed performance decrements, when an “uncertainty
beep” preceded the actual TOR. However, Ma et al. (2021) observed increased situational
awareness, less physiological stress, and longer time-to-collision (TTC). In this study, the
phrases “attention please” and “takeover please” were played at a ten and seven second
lead time and the sequence was counterbalanced across all trials (Ma et al., 2021). A
promising field of research includes adaptive in-vehicle-alert systems. Driver demographic
data and personal preferences could be used to administer individualized and highly

effective alerts (Du et al., 2020).



Lead Times

Lead time describes the interval between when a TOR is issued and when the system
disengages automated assistance. Its length must allow the driver to safely transition to
manual control before a collision occurs (NHTSA, 2013). In general, drivers are able to
achieve motorreadiness within 1.2 and 1.8 seconds, but additional time is needed to regain
situational awareness as well as physical and mental control (Gold et al., 2018; Zeeb et al.,
2015). The most commonly used lead time in simulation studies are seven seconds, a
duration first determined by (Gold et al., 2013) to be a safe window that enhances user

acceptance of the automated system.

Reaction time may increase when drivers are aware of a long TOR lead time. They might
consciously exploit the surplus of time with restoring situational awareness (Gold et al.,
2013; Wu et al., 2022; Zeeb et al., 2015). Harder braking can be expected for a shorter lead
time, which may be an attempt by drivers to gain more time for decision-making (Gold et al.

2013).
Assertiveness and Urgency in Takeovers

Apart from shortening lead times, driving simulation studies may opt to enhance the sense
of urgency for participants by administering more intense takeover requests or designing
critical traffic situations. The perceived criticality of a takeover scenario has been found to
significantly shorten takeover times (Zhang et al., 2019). Although the urgency of a situation
seems to be a less deciding factor compared to TORs, which were designed to be urgent

through volume, intensity or multi-modality. (Politis et al., 2014).

Auditory warnings, especially signals designed for high urgency, have been shown to
provoke faster and more forceful responses. Fagerlonn et al. (2010) found that drivers
receiving high-urgency non-speech-based warnings braked harder and later compared to
those receiving low-urgency alerts. However, participants also reported high-urgency
warnings to be more startling and annoying. Biondi et al. (2014) further showed that a TOR
in the form of an abrupt beep, caused rapid motor reactions like releasing the gas pedal and

minor steering errors, affecting lateral and longitudinal control.

Assertive voice commands were also found to improve reaction times. Wong et al. (2019)
tested assertive wording, such as "Danger” instead of "Please”, in combination with action
descriptions (e.g. “Take over control”). The authors found that assertive warnings led to
faster takeover responses, even when drivers were engaged in distracting tasks. This is

supported by an earlier study where the voice tones designed to be assertive and urgent,
10



grabbed driver attention more effectively (Politis et al., 2015). However, trust in the
automated system does notincrease with assertive voice commands or overly urgent alerts

(Biondi et al., 2017; Wong et al., 2019).

Urgency can be enhanced by multimodal alerts, combining visual, auditory, or tactile
signals. Politis et al. (2014) observed that TORs designed with high urgency across multiple
modalities consistently led to faster reactions. To test this, the authors designed multiple
combinations of colors for visual alerts, inter-pulse intervals for tactile alerts and frequency
of sounds for auditory alerts. While assertive TORs can improve driver response times
significantly, signals should be carefully designed to notimpair driving performance. Overly
abrupt signals could disrupt the drivers for up to 45 seconds after TOR onset (Biondi et al.,

2014).
Measuring Driving Performance for Takeovers

Reaction time: Reaction time, often referred to as takeover time, is defined as the time from
the onset of a TOR until the driver takes action. As a meaningful temporal metric, it helps to
better understand a driver's ability to intervene (Gold et al., 2018). It is common practice to
record it as a driver’s first response through either steering or braking. Steering reaction
time can be measured at an absolute steering wheel velocity of >0.075° and an absolute
steering wheel angle acceleration of >5°/s? (Zeeb et al., 2015), or at an relative steering
wheel angle greater than +/-2° (Gold et al., 2018). Braking reaction can be recorded, when

the brake pedal travel exceeds 10% (Zeeb et al., 2015).

Braking force: Another critical measure, closely related to drivers' situation awareness, is
braking force (Li et al., 2017). As one of the most fundamental driving maneuvers, braking
behavior can indicate whether drivers act with foresight or reactively. In an analysis
spanning 500 brake events, Li et al. (2007) identified reactive hard driving by drivers with

low situational awareness with recorded brake intensities reaching upwards of 11m/s?.

Collisions: A key advantage of driving simulation studies is the possibility of testing safety-
critical situations without putting participants in danger. Inadequate or delayed reactions
can increase the likelihood of collisions, measured by the number of incidents or time-to-
collision (TTC), which is defined as the proximity of the ego vehicle to other traffic
participants. This variable can be used as a quality measure and predict safe driving

behavior (Winner et al., 2015).

11



Speed variability: Speed variability reflects how a driver maintains or adjusts their speed.
Excessive speed variability can indicate stressed driving, uncertainty or poor situational

awareness, with heightened risk of accidents (Biondi et al., 2017).

Steering variability and lateral stabilization: In the event of an unexpected handover of
control, drivers may take up to 40 seconds to stabilize lateral control, Merat et al. (2014)
found. The authors noted that limited manual driving led to reduced attention, in turn
increasing steering variability. When drivers were actively expecting automation to switch
off, they adjusted the steering wheel less frequently and were more capable at regaining
control over the vehicle (Merat et al., 2014). Moreover, a high steering variability has been

found to coincide with driver stress (Paredes et al., 2018).

2.3. Stress and Cognitive Load in Driving Automation

Understanding the relationship between workload, stress, and driving performance is
essential for improving safety in both manual and automated driving contexts. This
subsection explores how workload, stress and driving performance interact, along with

best practices for measuring driver stress.

First, some key terms are clarified. In this thesis, the term “stress” does not refer to its
clinical definition, but as a proxy for emotional arousal. Emotional arousal can be
measured physiologically, e.g. through heart rate or skin conductance (Alrefaie et al.,
2019). It has been shown to increase and decrease with workload (DeGuzman et al., 2022;
Riener et al., 2009), which is composed of all physical and mental demands of a task.
Workload is highly individual, depending on the resources a driver can and chooses to
allocate to a task (Riener et al., 2009). The subjective experience of these demands is

referred to as mental workload (Charles & Nixon, 2019).
Relationship between Workload and Performance

The Yerkes-Dodson law can be used as a helpful frame of reference to describe the
interaction between cognitive load and performance in the context of driving (Riener 2022).
According to this law, performance follows an inverted U-shaped curve relative to
emotional arousal levels. Optimal performance occurs when arousal is moderate. Both
under-stimulation, evident for example in boredom, and over-arousal, e.g. during a period
of excessive stress, resultin performance decrements (Yerkes & Dodson, 1908). The driving

context places fluctuating demands on the driver through the driving task and non-driving
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tasks, affecting cognitive load, arousal, and, in turn, driving performance (DeGuzman et al.,
2022). This effect is more pronounced in highly automated driving, where drivers are more
likely to engage in secondary tasks or experience boredom due to reduced involvement in

the driving task (de Winter et al., 2014; Heikoop et al., 2018).

It is important to note that stress is not inherently detrimental. Moderate, acute stress can
enhance alertness and improve drivers’ reaction times. However, chronic, or extreme
stress levels can impair decision-making, reduce reaction times, and degrade overall
driving performance (Kontogiannis, 2006). In automated driving scenarios, the transition
from automated to manual control is particularly stressful. The differences in workload
between automated and manual driving are even observable through physiological
measures. Automated driving may lead to decreased heart rate variability, narrowed gaze

dispersion, and less time spent scanning the road. (de Winter et al., 2014; Du et al., 2020).
Measuring Stress in Driving Automation Studies

Arguably, physiological signals are sensitive to latency and require careful processing to
match recorded peaks to their causes. While self-reports on stress are highly subjective,
they can enhance quantitative measures and provide valuable, immediate insights.
Researchers may use the Visual Analogue Scale or variations to allow participants to
quickly indicate stress levels (Cohen et al., 1983; Wijsman et al., 2010). However, sensors
enable continuous monitoring without being-invasive to the participant or interfering with

the driving task. Commonly used measures are summarized below.

Heart Rate (HR) and Heart Rate Variability (HRV): Heart rate (HR) and heart rate variability
(HRV) are two primary physiological indicators used in driving studies. As cognitive load
rises, HR increases, reflecting the body's physiological response to task demands. HRV,
which measures variation in time intervals between heartbeats, is an indirect indicator of
the sympathetic nervous system's activation. A high heart rate and low HRV are typically
associated with heightened mental stress (Agrawal & Peeta, 2021). HR is considered as a
more straightforward, nearly real-time indicator of workload changes. HRV can be analyzed
for different time frames, the shortest recommended duration being 40 seconds (Jiang et
al., 2017). Other researchers suggest a time window of at least two minutes to avoid

confounding effects from the respiratory cycle (Shaffer et al., 2016).

Physiological indices like HR and HRV might not always effectively discriminate between
different mental workload conditions, as these measures are highly interrelated (Heikoop

et al. 2018). For example, HR is often strongly correlated with HRV's time-domain measure,
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the standard deviation of the N-N interval (SDNN), and frequency-domain measure, the
low-frequency to high-frequency (LF/HF) ratio, suggesting that these cardiovascular

metrics might not independently reflect different levels of cognitive load.

Electrodermal Activity (EDA): Electrodermal activity (EDA), also known as galvanic skin
response (GSR), measures the skin's conductivity, which increases with the activation of
sweat glands under stress. EDA is typically used to assess emotional arousal and can
provide continuous feedback on driver stress without interfering with driving behavior

(Lohanietal., 2019).

Gaze Behavior and Eye-Tracking: Observing gaze allows researchers to understand how
drivers allocate visual attention and assess the impact on situational awareness. Visual
scanning patterns can be used to categorize drivers into risk-levels resulting in periods of

inattention and slower reaction times (Zeeb et al., 2015).

Other Measures: Another less frequently used physiological indicator is electromyography
(EMG), which tracks muscle tension and has been shown to correlate with stress levels
during driving tasks (Wijsman et al.). An emerging avenue for driver state analysis is emotion
detection using machine learning. This includes methods such as visual recognition of
facial expressions and speech recognition for both verbal and non-verbal utterances (Khai

Ooi et al., 2016).

2.4. Predictive Processing and Cognitive Science Paradigms

According to predictive processing, the brain is continuously involved in generating
hypotheses about sensory input and updating these predictions through perception and
action. The framework can potentially advance existing human factors research on driver
behavior by linking perception, action, and attention within a dynamic process of error
minimization (Engstrom et al., 2018). This subsection first provides an overview of the

framework, before exploring applications in driving automation studies.

The predictive processing framework (PP) has been described as a radical framework,
unifying processes of perception, action and attention (Clark, 2013). It might even provide
a unified account of sub-fields in cognitive science that, traditionally, have often been
studied in isolation. Clark (2013) views it as a systematic bridge between research
methodologies, such as cognitive neuroscience, computational modelling, and

probabilistic Bayesian approaches to dealing with evidence and uncertainty. For this
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reason, researchers have also referred to PP as a “unified theory of the brain” (Friston 2010)

or a package deal for cognitive science (Clark, 2013, 2017).

In contrast to the goal-and-reward framework employed in standard computationalism, PP
argues that cognition is driven by experience-dependent expectations (Friston, 2010).
Moreover, the framework’s central mechanisms can be applied to not only descriptions on
the personal level (e.g. processes behind reasoning, phenomenological reports), but on
sub-personal levels (e.g. neurobiological) of analysis. The authors Wiese & Metzinger (2017)
believe that this versatility opens a new philosophical research field and define three areas

where predictive processing could have a significant impact:

“1. it may provide the means to build new conceptual bridges between theoretical
and empirical work on cognition and consciousness,

2. it may reveal unexpected relationships between seemingly disparate
phenomena, and’

3. it may unify to some extent different theoretical approaches.”
(Wiese & Metzinger, 2017, p. 2)

Since the predictive processing framework is continuously evolving, different accounts
may emphasize different features or interpretations. The following explanations focus on

the most widely accepted attributes of PP.

2.4.1 Central Concepts

Hierarchical Prediction Error Minimization

The brain constantly processes sensory information to learn about the outside world and
its own physical, physiological, and emotional states. Here, perception is a constructive
rather than passive process, which closely interacts with action. Perception is largely
driven by top-down processing, while the brain compares sensory inputs with its own
predictions based on prior knowledge. However, a mismatch between the predicted and
actual input results in a prediction error. The predictions operate within hierarchical
models: Errors at the sensory level are propagated upwards a hierarchy of levels, meeting
and updating predictions at each level. At the higher levels, abstract concepts, goals, or
experiences shape the downward-flowing predictions. This process refines the internal
models by minimizing the sizes of the prediction errors with each update. It also explains
how an agent learns about new environments or efficiently moves through familiar ones

(Clark, 2013; Engstrom et al., 2018; Wiese & Metzinger, 2017). For instance, a driver’s prior
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experience with a vehicle will shape their driving behavior: Predictions might concern the
braking force necessary to attain a safe full stop, based on the expected inertia from the
vehicle’s deceleration or anticipated changes in the visual field. However, the same actions
in an unfamiliar vehicle can result in various prediction errors and prompt the driver to

adjust accordingly.
Bayesian Inference

Bayesian inference models uncertainty in a probabilistic format, where probability is
assigned to a finite number of causes, or represented in a probability density function for
continuous values. New information can be used to reduce uncertainty: The a priori
distribution (short: prior), containing the existing knowledge, is combined with the
likelihood, a measure of how the new data relates to the prior. The resulting a posteriori
distribution (posterior) often has a reduced variance and thus is more precise than the prior

(Friston, 2010; Goekoop & de Kleijn, 2021; Wiese & Metzinger, 2017).

Even though Bayesian inference is not tied to prediction error minimization, combining the
two can result in better approximations. Since sensory signals can arise from an indefinite
number of external events, an agent often remains uncertain about the hidden states in the
environment. Bayesian inference might allow to perform a “probabilistic inverse mapping,”
linking sensory inputs to all possible hidden causes according to their probabilities.
However, in complex cases, updates of Bayesian inference can be computationally
challenging. Prediction error minimization provides a more efficient approximation, leading

to more precise models on perceptual causes (Wiese & Metzinger, 2017).
The Free Energy Principle and Active Inference

Prediction error reduction and Friston (2010)’s Free Energy Principle (FEP), share some
commonalities. An agent needs to sustain herself in the world based on sensory inputs, of
which she cannot know the real causes, but can gain understanding of by learning and
expecting their effects. In the event of a takeover, an agent experiences large surprisal: The
internally coded recognition distribution diverges from the posterior distribution of true
hidden states. The agent can minimize free energy by either actively sampling repeatedly or
by increasing the internal model evidence. This engages the agent in a constant trial-and-
error procedure, which hinges on the causal connections between agent and environment.
Perceptual and active inference are thereby closely linked and not temporally separated:

Perceptual discrepancies might elicit an agent to sample more information through

16



movement, while moving about the world changes an agent’s perceptual inferences

informing the recognition distribution (Friston, 2010; Friston et al., 2012).

Active inference involves the reduction of prediction errors by either adjusting internal
models or taking action to alter sensory input (Friston et al., 2012). Perception and action
thus are deeply intertwined: Predictions about the environment guide actions, and sensory
feedback refines those predictions. This interplay leads to sensory attenuation, where the
brain suppresses sensory feedback from self-generated movements, allowing for easier
action execution. However, this can also lead to perceptual distortions, as demonstrated
in the force-matching illusion, where insufficient sensory attenuation leads agents to
misattribute sensory signals (Brown et al., 2013). However, active inference might be key to
managing the perception-action-loop. Organisms not only adjust internal models but also
act to align sensory inputs with predictions, ultimately resulting in better adaptations to

exist in fluctuating environments (Parr et al., 2022).
Goal-driven Attention and Precision

Central motivators in predictive processing are the resolution of uncertainty and expected
information gain (Parr et al., 2022). Actions which are expected to reduce uncertainty are
prioritized. These opportunities for action stand out as affordances, they draw attention
and are salient for attaining goals. Moreover, attention is additionally tuned by the so-called
precision of predictions (Clark, 2012). When an agent has high confidence in a prediction,
strong prediction errors arise for deviating outcomes. High-precision prediction errors
capture attention and prompt more observation, while low-precision errors may be
ignored. The violation of a high precision prediction will draw more attention and may lead
the agent to sample for more observations (Deterding et al., 2022). In any situation, the
brain may identify a number of desirable actions and compare them based on the
desirability of predicted outcomes. Goal-driven acting is thus a navigation in an affordance
landscape (Pezzulo & Cisek, 2016). The choice of a successful action sequence can
furthermore elicit positive affect, caused by a faster-than-expected reduction of the
prediction error. On the other hand, slower error reduction rates can lead to negative
moods and contribute to a cautious decision-making process (Hesp et al., 2021; Kiverstein

etal., 2019).

Estimated states and predictions are also affected by interoceptive feedback. In addition
to controlling vital parameters like blood sugar or blood oxygenation, interoceptive

predictive coding may constitute subjective feeling states by continually updating
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prediction of the causes of interoceptive input (Seth, 2014; Seth & Friston, 2016).
Predictions are shaped by generative models informed by “efference copies” of visceral,
autonomic, and motor control signals. These are generated, compared and updated within
a salience network anchored on the anterior insular and anterior cingulate cortices that
engage brainstem regions as targets for visceromotor control and relays of afferent

interoceptive signals (Seth, 2014).

2.4.2 Predictive Processing in Driving Automation Studies

Engstrom et al. (2018) were one of the first researchers to connect predictive processing to
driving automation through previous, related human factors models thatinclude prediction
and expectancy. The authors introduced the framework for driving studies by focusing on

three key mechanisms: active inference, precision, and model tuning.

In semi-automated driving, drivers transition from active control to monitoring the system,
in which they might experience passive inference from proprioceptive senses. Engstrom et
al. (2018) argue that drivers in automated driving are no longer actively involved in any
tactical and operational decision-making. Consequently, the driver’s engagement with the
taskis altered, leading to reduced situational awareness and slower reaction times. Drivers
who do not fully trust automation, might increase their monitoring frequency, while those
who overly trust the system may become complacent with reduced attention (Engstrom et
al., 2018). Studies show that a lack of engagement during passive monitoring can delay
drivers' ability to respond effectively in critical takeover scenarios (de Winter et al., 2014).
Engstrom’s research helps explain why drivers often struggle to quickly re-establish their

mental models during the takeover process (Engstrom et al., 2018).

Wei et al. (2020) extended this perspective by examining how drivers react to visual
looming, a measure of visually perceiving an object to be rapidly approaching. To do so, the
authors modelled driver behavior with a computational, active inference model. Their study
found that prolonged use of automation impairs drivers’ ability to predict and react to fast-
approaching hazards, in turn compromising safe driving behavior. When drivers are “out of
the loop”, their ability to judge speeds and initiate timely braking decreases, resulting in

delayed responses during critical situations (Wei et al., 2022).

The researchers Kujala and Lappi (2021) focused on how drivers manage uncertainty,
providing further insights into the role of attention in automated driving. Their model

suggests that drivers adjust their attention and behavior based on the level of uncertainty
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they perceive in the driving environment. When uncertainties are high, such as in complex
traffic situations or during automation failures, drivers increase their information-gathering
behavior. For instance, drivers may glance at the road or user interfaces in the vehicle more
frequently, in order to reduce uncertainty in the form of prediction error minimization. On
the other hand, overconfidence can lead to reduced vigilance and slower responses when
intervention would be required. This balance between overconfidence and cautiousness is
crucial for driver safety, especially in scenarios where automation has not adequately

accounted for unexpected events or hazards (Kujala & Lappi, 2021).

In conclusion, the predictive processing framework offers a comprehensive way to
understand the complex dynamics of driver mental models and behaviors. While research
has explored predictive processing for automated driving studies from multiple
perspectives, the ongoing advancements in both fields will open new avenues for future

research.
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3. Methodology

The experimental design and user interface were developed and refined using a two-step
approach, similar to the methodology of Biondi et al. (2014). The pilot study aimed to
empirically identify the most assertive and least assertive takeover request sounds, based
on those used in previous research. However, the pilot study proved to be crucial in
optimizing the overall test setup for the main study. This section first describes the pilot
study, including its design and findings. It then presents the participants, materials, and

procedures used in the main study.

3.1 Pilot Study

The aim of the pilot study was to assess the stress associated with verbal and non-verbal
auditory alerts, a common practice in TOR-design studies (Biondi et al., 2014; Marshall et
al., 2007; Politis et al., 2015; Wong et al., 2019). A within-subject study was chosen to
evaluate a total of six designed TORs, both in the context of a driving task in the simulator

and outside of the simulator.

The participant group consisted of six usability experts (three female, three male) from the
Austrian Institute of Technology. Their areas of expertise included Virtual Reality design,

stress research, teleoperation research, and collaborative technology design.

In a single-user test format, each participant first completed a preliminary sound rating to
evaluate the designed cues based on perceived urgency, annoyance, and alerting
effectiveness, using a 10-point Likert scale. Previous research (Engstrom et al., 2018) found
that alerts were perceived to be less annoying in a driving scenario compared to out-of-
context evaluations. Therefore, the pilot study included a driving task in the simulator,

during which participants were again presented with the highly assertive cues.

Participants first became familiar with an n-back-task, manual driving, and automated

driving in a learning scenario. The driving scenario in the actual pilot study consisted of four
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laps, each including sections of automatic driving, takeover tasks, manual maneuvers
around parked vehicles and obstacles to induce a safety-critical event (Ma et al., 2021), and
driving on an unobstructed road segment. Fog was added to the simulation, so that
participants could not see any obstructions ahead and possibly expect the takeover, before
hearing the request. After each lap, an edited version of the Perceived Stress Scale was
carried out, asking participants to indicate their stress levels on a scale of 1 to 10. At the
end of the drive, participants filled in a NASA-TLX questionnaire to assess their workload. A
final interview with open questions led to qualitative feedback on the visual and auditory
user interface, the quality of the sounds, feedback on the stressfulness of sounds,
scenario, and study set-up. An itemized procedure of the pilot study can be found in

Appendix A.
Evaluated Alerts

The study considered both verbal and non-verbal cues, exploring the impact of information
density on perceived assertiveness. While most studies have relied on non-verbal cues
(Agrawal & Peeta, 2021; Biondi et al., 2014; Fagerlonn, 2010), Wong et al. (2019) found that
perceived assertiveness can also arise from verbal commands. Based on this insight, the
pilot study explored verbal takeover requests with low and high levels of information

density, see Table 2.

Table 2 Alerts tested in the pilot study: All sounds evaluated in the pilot study were based on TORs used in
previous research and a real-world example.

Nr. Type Description

Low-assertive takeover requests
1 Non-verbal Low-pitched chimes based on BMW alarm for 5s (BMW Group, 2022).
2 Non-verbal Low-pitched beeps at 179 Hz for 4.5 Seconds, see (Fagerlénn, 2010)
High-assertive takeover requests
3 Non-verbal High-pitched beep at 2000Hz for 4.5 Seconds, see (Biondi et al., 2014)

Dissonance of six tones (B4, C5, D5, C6, B6) for 4.5 Seconds, see

4 Non-verbal ¢ seriénn, 2010)

High information density plus high-pitched Beep plus Dissonance for
5 Verbal 7s: "Achtung, Unfall voraus! Bitte ibernehmen Sie die Kontrolle!”, see
(Wong et al., 2019)

Low information density plus high-pitched Beep plus Dissonance for

6 Verbal 7s.: "Achtung! Ubernehmen Sie die Kontrolle", see (Wong et al., 2019)
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Non-assertive warning sounds in vehicle user interfaces are less discussed by previous
research. To address this gap, the pilot study included one non-assertive sound derived
from literature as a counterpart to a high assertive sound (both from Fagerlonn et al., 2010).
Additionally, a BMW alarm sound was used to represent real-life auditory interfaces (BMW
Group, 2022). This choice aimed to provide a real-world context to the study's findings, to

ensure that both assertive and non-assertive sounds were represented.
Expected Results

Although the initial experiment was largely exploratory, several hypotheses for the pilot

study were formulated to guide the evaluation:

e HP1:High assertive sounds (3, 4, 5, 6) will be rated as more stressful, annoying, and
urgent than low assertive sounds (1, 2).

e HP2: The sound with low information density (Sound 6) will be perceived as more
stressful than the sound with high information density (Sound 5).

e HP3: The sound with high information density (Sound 5) will show the highest
perceived urgency.

e HP4: Biondi's high-pitched beep (Sound 3) will receive the highest annoyance

ratings.
Quantitative Results

The pilot study rejected HP1, as sound Nr. 4, which was intended to be highly assertive, was
rated less assertive than the low assertive sounds Nr. 1 and Nr. 2 (M=2 on a scale 1-10).
However, all other high assertive sounds were perceived to as more urgent and stressful
than any of the low assertive sounds. Sound Nr. 1, the BMW-chime, scored particularly low
for mean urgency, stress and annoyance ratings at M=1.94 (SD = 0.94), while sound Nr. 2,
the tone used in Fagerlonn et al. (2010), had a slightly higher mean score of 2.06 (SD =1.11)

with most ratings below 3 points.

HP2 was also rejected, with no significant difference between the two verbal takeover
requests found in a Wilcoxon rank-sum test (p = 0.93). HP3 was confirmed, as sound Nr. 6
was rated the highest for perceived urgency (M=8.33, SD=2.07), exceeding the ratings for
the other verbal cue in sound Nr. 5 (M=7.33, SD=2.42). Lastly, HP4 was rejected: Regarding
the feature annoyance, sound Nr. 3 (M=7.5, SD=2.345) received lower ratings than the

verbal commands (Nr. 5: M=9.17, SD=1.6; Nr. 6: M=9.17, SD=1.33).
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Rating

10 A Feature ¢

Higher Stress Ratings in Preliminary Part

Contrary to expectations, sound Nr. 5 (high information density with high beep and
dissonance) was rated more stressful than its low information density counterpart (Nr. 6).
It received the highest stress (M=9), urgency (M=10), and annoyance (M=10) ratings. All

ratings are visualized in Figure 1.

Preliminary Sound Ratings in Pilot Study

[ Urgency
I Stress
[ Annoyance

Nr. 1 Nr. 2 Nr. 3 Nr. 4 Nr. 5 Nr. 6
Designed Sounds

Figure 1 Ratings on perceived assertiveness in pilot testing: As expected, low assertive cues were perceived as
less annoying, stressful and urgent than the high assertive cues.

Moreover, a paired t-test revealed a significant difference (p =0.047) in high assertive sound
ratings between preliminary and simulator contexts. Ratings for annoyance, stress, and
urgency were higher in the preliminary rating (M=6.83) compared to the driving task
(M=5.33). During the driving task, participants rated takeovers prompted by sound Nr. 3 as

most stressful (MD=7).
Perceived Stress and Time Pressure Correlate Positively

The NASA workload assessment administered in the pilot study revealed a high variability
in perceived stress (M=4.5, SD=4.5 on a 0-20 scale). Participants felt confident about
success of task completion (M=18, SD=1.9) with low perceived combined mental and
physical effort (M = 7, SD = 5.29). Ratings show that mental effort (M=10.83, SD=4.26)
exceeded physical effort (M=3, SD=1.79). Time pressure varied widely among participants
(M=8, SD=6.29), with four participants rating it as low (less than 8) and two as high (14 and
17). Moreover, positive correlations between time pressure and stress (r = 0.56) and

between mental effort and stress (r = 0.58) could be identified.
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Qualitative Results

Interviews revealed that participants’ preferences and subjective perceptions varied
widely. The verbal alerts for sounds Nr 5 and Nr. 6 were rated as quite stressful in
preliminary evaluations (M=8.667 and M=8), but some participants reported that they were
useful and reassuring during the driving task (stress rating: M=4.667 and M=5.5). Moreover,
verbal signals contributed to a sense of security, particularly in the test setting with an
unfamiliar user interface. However, some participants felt verbal signals were confusing or
redundant. One participant was unable to differentiate between sounds 5 and 6, leading to
increased annoyance. While four participants found the high-pitched beep (Nr. 3) irritating,
exhausting, or disruptive, one viewed it as less forceful than verbal signals. The dissonant
sound (Nr. 4), although perceived as alerting, was easier tolerable overall. In general, the

highly assertive sounds were viewed as annoying but effective in capturing attention.
Requests for more Challenging Obstacle Courses

The pilot study's course, with predictable alerts and increasing familiarity, led to reduced
stress and immersion. "The element of surprise was not there," one participant noted.
Participants reported stress spikes during the moment of takeover, followed by a steady
decrease. To make the course more challenging, they suggested placing obstacles closer
together, introducing dynamic elements, and adding auditory distractions such as
background sounds or aggressive music. Additional recommendations included varying
driving conditions (e.g., rural roads, night driving) and incorporating more complex
scenarios like traffic jams. To heighten the sense of urgency, participants could be
encouraged to complete the course as quickly as possible. Extending the automated
driving phase and varying the intervals between automated and manual driving were also

suggested to improve immersion.
Visual Elements Lacking Realism

Participants reported a lack of realism due to the static GPS map on screen and the
missing rearview mirror in the interface. These omissions contributed to participants’

nervoushess during the task.
Adjustments

The pilot study highlighted multiple areas of improvement for the design of the obstacle
courses. On two occasions, participants swerved off the road to avoid the intended
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obstacle course completely. Interviews also showed that the predictability needed to be
reduced, forinstance varying levels of difficulty of the courses. Key improvements included
adding an auditory indicator to signal when the autopilot resumed control after each lap
and making the intended route through the obstacle course more intuitive, while making
the courses more challenging. Among the sounds tested, the high-pitched beep was
deemed the most effective for high-assertive signaling due to its strong urgency and
annoyance ratings, coupled with lower variability compared to verbal commands.
Methodological changes were made, including clearer task phrasing (e.g. "Pleas navigate
through the course" instead of "around") and key user interface elements were integrated

into the learning period without revealing too many details of the main study.

3.2 Main Study Design

The effects of TOR-assertiveness were explored with a driving simulation study. This
method was chosen because it can produce a sense of immersion similar to real-world
driving experiences without exposing participants to the inherent risks of real-world driving
environments. Insights from the pilot study highlighted the need for more challenging
driving scenarios, leading to the development of six obstacle courses with varying levels of
difficulty. In addition, the TORs were issued at irregular intervals, ranging from thirty to

ninety seconds of driving with automation.

Given that emotional arousal and stress can significantly impact driving performance, the
experiment collected both objective and subjective measures, including physiological
stress responses, perceived stress ratings, driving performance metrics, and perceived
performance ratings. Additionally, a semi-structured interview was conducted to gather
participants’ subjective evaluations of TOR-assertiveness, aiming to bridge the gap

between quantitative user data and subjective perceptions.
Independent Variables

Following the results of the pilot study, two levels of assertiveness for the TOR sound were

determined for the main study:

e [ow-Assertive Sound: This was determined as sound Nr. 1, the BMW chime, which

was selected due to its low ratings in perceived annoyance, urgency, and stress.

e High-Assertive Sound: This was determined as sound Nr. 3, a high-pitched beep,

selected for its significant ratings in both the preliminary and simulator evaluation.
25



Dependent Variables

The study focused on several dependent variables to capture the effects of TOR-

assertiveness for both an immediate and sustained period after takeover. Descriptions of

the variables and corresponding hypotheses can be found in Table 3.

Table 3 Dependent variables with descriptions and units: For physiological measures, baselines were defined
as average values of the preceding auto-drive period. Hypotheses 1 - 7 contain measures for the immediate
period, while hypotheses 8 - 13 pertain to the sustained period, and hypotheses 14 and 15 address subjective
measures after each lap. Adapted from Kraut et al. (2023, p.7).

Measure Hypotheses

Description

Performance Measure

Reaction time H1
Braking force H2
Collision rate H3
Average speed H4, H8
Speed variability H9

Steering variability H10

Heart rate measures of stress

Heart rate ratio H5, H11
SDNN ratio H6, H12
RMSSD ratio H7,H13

Subjective measures
Stress H14

Performance H15

Time (s) between TOR signal and first reaction
(steering >2°, braking >0.5 N, or pressing TOR button)
Maximum brake pedal force (N) in the 5 seconds after
TOR onset

Ratio between hit and all obstacles

Average speed (km/h) during selected period

Std. deviation of speed (km/h)

Std. deviation of steering wheel angle (°)

Ratio of average heart rate to baseline

Ratio of std. deviation of the inter-beat interval to
baseline

Ratio of root mean square of successive differences

between beats to baseline

Perceived stress (VAS 1 -3)

Perceived performance (VAS 1 - 3)
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3.3 Participants

Atotal of 32 participants completed the experiment in a single-user setting. All participants
had normal or corrected-to-normal vision and a valid driver's license. The group included
five employees from the Technology Experience unit at AIT, while the remaining 27
participants were recruited from AlT's user tester pool or through friends and family. The
initial distribution included 16 female and 16 male participants between the ages of 24 and
57 (M=36.9, SD=10.99). Due to incomplete data recordings, one participant was excluded,
resulting in a final sample of 31 participants (16 male, 15 female) with ages ranging from 24

to 57 (M=39.2, SD=10.75).

3.3 Apparatus and Equipment
Driving Simulator Set-up
Heads-Up Display

The study featured a heads-up display (HUD) that provided participants with pre-
programmed visual information. It displayed ADAS activation status, the vehicle position
on amap, speed, gear, and battery charge. During takeover requests, ared lightilluminated
part of the screen to further emphasize the TOR. All graphical user interface elements for
the HUD were created using Figma, a web-based design tool (Figma, 2024). The figures

below illustrate the various user interfaces used throughout the study.

27



Figure 2 Final versions of the visual user interface for the learning and test settings: Top row was used in the
learning period (left: Manual driving, right: automated system driving, reminder to play game). The middle row
shows the interfaces used in the experiment for manual driving during a takeover request (left), and for the rest
of the manual driving period (right). The bottom row contains the heads-up display indicating automated driving
(left) and automated driving with a reminder for the n-back-game (right).

Figure 3 Close-up of the mock-up for the visual user interface in autopilot: The blue icon indicated automated
driving, while the puzzle-icon reminded participants of playing the secondary task. A moving blue arrow marked
the current position on the route.
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Figure 4 Close-up of the heads-up display during manual driving during a takeover request: A red tint at the
bottom of the screen served to draw attention to the heads-up display.

Tablet with Non-driving Related Task (NDRT)

Both the pilot and main studies included a Non-driving Related Task (NDRT), consisting of
a game with a n-back task on a hand-held tablet. This game was chosen to simulate real-
world distractions from devices, a common issue for driving with automated assistance. In
the pilot study, a visual n-back task at difficulty level 1 was used but found to be too simple
to effectively engage participants. Consequently, the main study included a more

challenging audio-visual 2-back task.

This later n-back task involved a 4x4 grid where grey squares were sequentially highlighted
in blue, following a random order. Participants were required to monitor this sequence and
press a button every time a square turned blue in the same position as it had been two steps
earlier. Simultaneously, random letters were played aloud, prompting a different button
press when a letter repeated. This setup created a multi-sensory challenge with visual,
auditory, and cognitive components, simulating the multiple demands that may arise from
interacting with devices or conversing with passengers in a semi-automated driving

scenario.
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3.3 Procedure

The study contained six rounds of manual takeovers whereby the high assertive and non-
assertive sound were administered three times each. Participants completed the
experiment in single-user settings. Below, the procedure, scenario, and obstacle course

types are explained in detail.
Preparation

Introduction and Consent: Participants were provided with information about the process

of the study and signed consent forms, authorizing the anonymized use of their data.

Baseline Measurements: Afterwards, participants were outfitted with physiological
sensors. For the physiological baseline measurement, participants stood looking in front of
a grey wall for two minutes. Additionally, they completed the 10-item Perceived Stress

Scale.

Learning Period: Participants completed a test drive in a separate scenario to familiarize
themselves with the vehicle's functions, user interface, and takeover procedures. Instead
of the TOR-sounds, participants were prompted to take over control by the study
investigator. They also practiced the dual n-back game as a secondary task and switching
between the hand-held tablet and steering. The main study began only after participants

verbally confirmed their comfort with all these tasks.
Main Driving Task

Scenario Description: Participants drove on a three-lane highway with fog and activated
ADAS. The automated speed was set to 120km/h and periods of automated driving ranged
from thirty to ninety seconds to reduce predictability of the TOR. Traffic density was
simulated with 450 vehicles per hour, or approximately of 15 vehicles per kilometer on the
road (see (Gold et al., 2013)). The other vehicles produced background noise when they
approached and overtook the vehicle during automated driving. Participants had been

instructed to always engage with the secondary task, up until they heard a TOR.

Takeover Requests and Obstacle Courses: In total, each participant heard the high
assertive and low assertive sound three times each. The six laps contained the same
structure, a schematic of one lap is shown in Figure 5 below. Upon hearing a TOR,
participants received a five second lead time to transition to manual driving, before
navigating through the obstacle course. The obstacle courses, described in the "Obstacle

Courses" subsection, varied in difficulty. After completing the obstacle course,
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participants drove 1km in the middle lane. At that point, the lap concluded, and the

simulation halted to present the Visual Analogue Scales.

Automatic Driving Take-Over Request Obstacle Course Free Driving Visual Analogue Scale
. A (100m) 10 still vehicles
Secondary Task: random: . B (100m) 10 still vehicles, moving pedestrians 1000m Stress
Dual N-Back Game TOR 0: Low Chime C Gom) 3 still vehicles Performance
TOR 1: High Beep
random: 1 - 2.5 Min. 5 Sec. A, B~1Min,, C~ 20 Sec.(exemplary obstacle course pictured) ~1 Min. ~10 Sec.

Ego Vehicle _ -
Next Lap:
,) - Automatic Driving

AUTOMATIC MANUAL ‘ AUTOMATIC STOP

Relative size of a bus

Manual ON after Relative size of a pedestrian Guidance to middle lane
3 Sec. of TOR P

Relative size of a passenger car

Figure 5 Illustration of a lap with time estimates. Adapted from Kraut et al. (2023, p. 6). The lap begins with a
period of automated driving, during which the participant plays a game. Three seconds after receiving a TOR,,
the ADAS disengages, and the participant must manually navigate the vehicle through a critical situation and
continue driving on an unobstructed road.

Post-Lap Measure: After each lap, participants were presented with two Visual Analogue
Scales (VAS) on the monitor to rate their stress and performance. Following these ratings,
the simulation proceeded to the next lap. The simulation re-started at the position, where
the vehicle halted earlier, and the re-engaged ADAS accelerated the vehicle back to a speed

of 120km/h. This cycle was repeated for a total of six laps.
Ending

Questionnaires and interview: Sensors were removed and cleaned. Participants then
completed the NASA TLX questionnaire, an adapted Perceived Stress Scale focusing on
self-efficacy related to the driving task, a final Visual Analogue Scale on stress, and a
demographic questionnaire. The study concluded with a semi-structured study interview

containing seven questions.

Compensation: Participants completed a form to confirm their attendance and qualify for

compensation from the Austrian Institute of Technology.
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Post-Study Procedure: After each user test, all generated datasheets, forms, and
recordings were exported and labeled with anonymized identifiers. Demographic
information and compensation forms were scanned and filed separately to prevent any

links between the study data and personalinformation.
Further Scenario Details

Several points are relevant to mention. The setting was based on previous research, since
highways with a limited field of view is a common setup for simulator studies (Agrawal &
Peeta, 2021; Heikoop et al., 2018; Ma et al., 2021). The straight road, lack of intersections
and constant speed limit allow for a controlled environment. Other vehicles were simulated
to create more immersioninthe driving scenario (Gold et al., 2013). However, traffic density
was turned to zero shortly before the moment of a TOR, to avoid unplanned distractions at

the takeover or during the obstacle course.

Additionally, varying obstacle courses were created in response to the results of the pilot
study. The surveyed experts requested a bigger challenge, resulting in more course
variability, less distance between obstacles and a reduced TOR-lead time - from seven
seconds in the pilot study to five seconds in the main study. Previous research showed that
shorter lead times have been found to effectively induce higher workload (Du et al., 2020;

Gold et al., 2013).

Each participant received the high and low assertive TORs in random order. This aimed to
mitigate possible side effects from the increased course type variability. The reaction time
for a takeover was recorded, once participants either pressed a dedicated button on the
steering wheel, turned the steering wheel by more than two degrees or pressed down on

the brake.
Obstacle Courses

Three types of obstacle courses with distinct levels of difficulty were designed for the main
study. Screenshots from the simulation software SCANeR application can be found in

Figure 6.

Course A: Moderately difficult, featuring ten static obstacles (vehicles and objects) spaced

10 meters apart.

Course B: Most difficult, containing ten static obstacles and pedestrians walking on the
sidelines. The dynamic element was added after collecting feedback on course type design
in the pilot study.
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Course C: Easiest course, with three obstacles requiring minimal maneuvering. This level

of difficulty was added in response to the pilot study.
The succession of obstacle courses was as follows:

e Lap1:CourseA

e Lap 2: Course A mirrored on y-axis for reduced predictability
e Lap3:CourseC

e Lap4:CourseB

e Lap 5: Course C mirrored on y-axis

e Lap 6: Course B mirrored on y-axis

Obstacle Course A Obstacle Course A-mirrored

Obstacle Course B Obstacle Course B-mirrored

Obstacle Course C Obstacle Course C-mirrored

Figure 6 Obstacle course layouts: Pictured are snapshots of the obstacles courses as designed in the SCANeR
software. Course Awas moderately difficult, while Course B was highly difficult and safety critical due to moving
pedestrians, type C was the easiest category with least required.
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3.6 Data Collection

Driving performance data from SCANeR driving simulation software

The driving simulation was created and monitored with the software SCANeR. Performance
metrics were tracked at twenty Hertz, recording every 0.05 seconds. A custom script was
developed to define specific variables and extract relevant measures aligned with the
study's hypotheses. The driving data for each participant were exported into individual

Excel spreadsheets, allowing for an organized and participant-specific data analysis.

Instead of recording standard time, SCANeR used an internal clock that restarted with each
recording session. This presented a challenge in synchronizing data with the physiological
signals. An additional custom script was developed to write real-time timestamps

according to Coordinated Universal Time (UTC) at key points during the SCANeR recording.
iMotions for Video Recordings, Questionnaires, and Synchronized Physiological Data

The iMotions platform (iMotions Inc., 2021) was utilized to collect physiological data and to
structure each user test. This platform allowed to connect sensors via Bluetooth for real-
time monitoring and enabled the synchronization of physiological data with screen
recordings of the driving simulation. It also allowed it to create distinct segments within the

user study, facilitating a structured data analysis along several specified segments:

e Baseline Measurements: A two-minute-long recording to capture baseline

physiological data.

¢ Learning Period: At first, participants became familiar with automated and
manual driving, as well as the takeover process and n-back game in a dedicated
learning scenario. The recording of the learning period was later excluded from

analysis.

e Laps 1-6:Inthe main study, the sensor recordings were synchronized with
screen recordings of the SCANeR software. Each lap was recorded in an individual
segment and post-experiment, key periods were annotated manually in the
recordings. These include: the moment a TOR was issued, the start of the obstacle

course and the start of the free driving period.

e Visual Analogue Scales (VAS): The VAS were displayed on screen after each lap

segment, allowing participants to select their responses from the driver seat and
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using a computer mouse. Subjective stress ratings were assessed this way before

and after the main experiment, additionally.

This setup resulted in easily accessible video recordings for each participant, along with
exportable datasheets containing physiological sensor recordings, recorded questionnaire

responses and the manually defined key moments in the study.
Heart Rate Measures with the Polar Heart Rate Monitor

Physiological signals were collected using the Polar H10 heart rate monitor, which was
attached to a chest strap (Polar H10 | Polar USA, 2024). Following the manufacturer's
guidelines, the conductive section of the strap was dampened before use to enhance signal
quality and was positioned at the base of the sternum. To ensure hygiene, the chest straps

were washed and disinfected after each use.
Extended Perceived Stress Scale

The Perceived Stress Scale (PSS) is a ten-item questionnaire which produces a score based
on questions related to perceived self-efficacy and perceived helplessness (Cohen et al.,
1983). At the beginning of the trial, non-native German participants received the original
PSS, while native German speakers used a translation provided by (Schneider, 2020). The
pre-task administration of the PSS assessed how participants were affected by general life
stressors. During the study, participants filled out a modified version of the PSS, to assess
their self-efficacy in managing the task stressors. The complete PSS can be found Appendix

B.2 in German and in Appendix B.3 in the original English version.

Visual Analogue Scales

Visual Analogue Scales are a common method for assessing mental stress in simulator
studies. (Duetal., 2020; Wijsman et al., 2010).After completing each lap, participants rated
their stress levels and perceived success in performing the task by moving a slider on the
scales (Figure 7). These forms were created within iMotions and participants were

administered with either the German or English version, according to their native language.
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Wie viel Stress empfanden Sie wahrend der Fahrzeugtibernahme?

P

Suhr wenig

Wie bewerten Sie lhre Fahrperformance wahrend der Ubernahme?

Figure 7 Visual Analogue Scales for self-reported ratings. The Figure shows a screenshot for a German VAS
from the experiment. Participants placed the slider along the scale to indicate the extent of perceived stress
and performance.

NASA Task Load Index (TLX)

The NASA Task Load Index (NASA TLX) was used to measure perceived workload during the
driving task. This multi-dimensional rating scale assesses workload across six dimensions:
Mental Demand, Physical Demand, Temporal Demand, Performance, Effort, and
Frustration. Itis widely used in human factors research to evaluate the subjective workload,
making it a valuable tool for understanding the mental and physical effort required by the

participants in the study (Hart & Field, 2006; NASA TLX: Task Load Index, 2024).
Semi-Structured Interview

The experiment concluded with an interview consisting of seven guiding questions,
allowing participants to share their experiences, feedback, and final thoughts. This final
step provided valuable insights into the participants’ perceptions of the tasks and the user
interface, as well as possible discrepancies between the intended design and the actual
user experience. According to the individual participant’s native language, questions were

either posed in English or in German. The interview guideline was as follows:

e Couldyou briefly describe how you felt today while performing the navigation
tasks?

e Could you summarize the tasks you were required to complete?

e Howdidthe system signal you to take over control?

o Canyou describe key features of the acoustic signal(s)?
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o Please listen to the following two audios and confirm if you remember
hearing one, both, or none of these signals during the experiment.
e Which acoustic or visual signals from the interface did you find particularly helpful
during the takeover process?
e Wasthere any information you would have needed during the takeover process
that was not provided?
e Were there any signals that you would have preferred to be presented differently?

e Do you have any concluding thoughts, comments, or questions?

3.7 Data Analysis

During the initial examination of the data sets, it was found that one participant’s
physiological recordings were incomplete. After excluding this dataset, data by thirty-one
participants were analyzed (16 male, 15 female, mean age = 39.2 years, SD = 10.75 years).
To ensure anonymization of the participants, each participant was assigned a test number,

and any identifying information was removed.
Quantitative Data Preparation

The first step in the data preparation involved assessing quantitative data from multiple
sources: SCANeR datasheets, iMotions exports, and accompanying text files for time
stamps. Using the UTC timestamp-export, the driving performance data and iMotions data
were synchronized for each participant with the help of a Python script (Python TM, 2024).
Key points for each lap of the experiment were identified to calculate scores for specific
periods of interest, such as the takeover process, obstacle course, free drive section, and
automated driving section. It was found that the physiological baseline data recorded
before the start of the experiment were not suitable, as the majority of stress measures
were higher than those recorded during the experiment. This suggests that participants
were more nervous before sitting down in the driver seat than during the experiment.
Therefore, physiological baselines were determined from the automatic driving periods

during the main study.

Next, composite data frames were created to integrate relevant variables from both the
physiological and driving performance metrics. Additional columns were added for the
NASA Task Load Index (TLX) scores and all Visual Analogue Scale ratings, which contain

subjective measures on workload, perceived task performance and stress. For easier
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interpretation, the Visual Analogue Scales were normalized to a scale from 0 to 1
(previously 1 - 3). The Python script was automated to efficiently pre-process each of the
participant’s data. The result was thirty-one data frames, exported into separate CSV-files,

each containing all relevant quantitative data for any individual participant.

Statistical Analysis of Quantitative Data

After pre-processing all data sources, all individual datasheets were combined in full data
frame in a second Python script. This script was developed to apply statistics to the data. A
within-subject comparison of all variables, averaged on TOR-assertiveness was performed.
The paired aggregated scores for the low- and high-assertive TOR were further compared
with the Wilcoxon signed-rank test, which is suitable for paired non-parametric data.
Rosenthal’s formula was then used to calculate effect sizes, to determine the extent of the

observed differences.

Since these aggregate scores cannot very well capture dynamic changes throughout the
whole experiment, linear regressions on the number of laps were conducted for all relevant
variables. This made it possible to observe potential learning effects and to discuss

adaptation effects.
Qualitative Insights

At the end of the study, participants provided valuable insights during concluding
interviews. Seven open-ended questions were posed, resulting in interviews of five to ten
minutes length. Mayring’s techniques for systematic content analysis were applied. In this
process, the source material is being summarized in a series of steps until only significant

content remains, from which a corpus of categories can be abstracted (Mayring, 2015).

Initially, all questions from each participant were paraphrased individually. Then, the
responses were summarized for each interview question to identify recurring themes. The
key themes and main points of the post-study interviews were subsequently integrated into
the results section. This analysis allowed to better understand participants' subjective
experiences and perceptions, which helped to contextualize the quantitative data in the

discussion.
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4. Experimental Results

During the main experiment, participants completed six laps, each containing three types
of obstacle courses presented in the same sequence. In total, 186 laps were analyzed
across 31 participants, with each TOR type (high-assertive and non-assertive) administered
93 times. In this section, each of the hypotheses of Research Question 1 is examined
through driving data, physiological data, and questionnaire responses. Additionally,
insights into potential learning effects and other findings are discussed, followed by a

summary of the feedback obtained from interviews.

4.1 Quantitative Results

The first research question was as follows: “How does TOR-assertiveness affect driver

performance and stress during a takeover and a subsequent driving task?”

To explore this question, a total of 14 hypotheses were formulated. These were further

categorized into three distinct segments:

e The immediate period, which included the takeover and the drivers’ performance
in a critical situation in a simulator study.

e The sustained period, addressing the manual driving over a longer period.

e Participants’ retrospective self-reports on the task demands with a focus on

stress and success of performance.

The following quantitative results are presented according to these segments. Notably,
significant results were found for the immediate timeframe, while no significant effects

were observed in the other segments.
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4.1.1 Immediate Effects of Assertive Takeover Requests

The immediate post-TOR measures include the hypotheses 1 -7, containing performance
metrics such as reaction time, braking force, collision rate, and average speed as well as
physiological measures including heart rate (HR) ratio, standard deviation of NN intervals
(SDNN) ratio, and root mean square of successive differences (RMSSD) ratio. Table 4
contains the aggregate scores for both non-assertive and assertive TORs calculated for this

time frame.

TOR-assertiveness showed a significant influence on reaction time, with assertive TORs
prompting participants to intervene by more than half a second earlier, on average (effect
size r = 0.48, p < 0.01). In addition, drivers applied approximately 15% more braking force

(effect size r=0.31, p =0.04).

However, no significant effects of TOR-assertiveness were found for the other driving
performance measures or any of the heart rate measures. The minimal relative changes to
the baseline indicate no meaningful changes in physiological stress or efforts between

TOR-types.

Table 4 Statistical results forimmediate post-TOR measures. ES r represents effect sizes and probability was
adjusted (p < 0.5). Significant results are highlighted. Table adapted from Kraut et al. (2023, p.8).

TOR type (M, SD)
Hyp. Measures Non-assertive Assertive ESr Adjp
Performance Measure

H1 Reaction time (s) 3.49(0.93) 2.92(0.88) 0.48 <0.01
H2 Braking force (N) 21.92(10.95) 26.06 (11.54) 0.31 0.04
H3 Collision rate 0.05(0.10) 0.04 (0.07) 0.17 0.37
H4 Average speed (km/h) 12.04 (5.98) 11.77 (4.76)  0.04 0.77

Physiological Measures

H5  HRratio 1.03 (0.04) 1.03(0.04)  0.04 1
H6  SDNN ratio 1.02 (0.28) 1.06 (0.40)  0.03 1
H7  RMSSD ratio 1.04 (0.20) 1.20(0.95)  0.00 1

4.1.2 Sustained Effects of Assertive Takeover Requests
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The hypotheses H8 to H13 assessed the sustained effects of assertive takeover requests.
Driving behavior was evaluated using measures such as average speed, variability in
steering, and speed variability. Physiological responses were examined using measures of

heart rate, SDNN and RMSSD.

Table 5 shows that no significant impact of TOR assertiveness on driving performance or

physiological measures during the subsequent manual driving periods was observed.

Table 5 Statistical results for sustained post-TOR measures. ES r represents effect sizes, and p-values were
adjusted (p < 0.05). Table adapted from Kraut et al. (2023, p.9).

TOR type (M, SD)
Hyp. Measures Non-assertive Assertive ESr Adjp

Performance Measure
H8 Average speed (km/h) 101.97(10.52)  99.91 (11.37) 0.19 0.42
H9 Speed variability (km/h)  26.37 (4.9) 26.51 (4.84) 0.01 1
H10 Steering variability (°) 3.97(1.7) 3.64 (1.25) 0.07 1

Physiological Measures

H11  HRratio 1(0.03) 0.99 (0.02) 0.03 0.99
H12  SDNN ratio 0.97 (0.14) 1.06 (0.40) 0.18 0.42
H13  RMSSD ratio 0.99 (0.12) 1.04 (0.08) 0.19 0.42

4.1.3 Subjective Ratings on Stress and Performance

This subsection presents all subjective evaluations, including the self-reported measures
on stress and performance in VAS, Perceived Stress Test results with baseline and post-

study measurements, and the NASA Task Load Index findings.

The average subjective ratings of stress and performance were not significantly affected by
TOR-assertiveness. Table 6 illustrates the results for these measures according to
hypotheses H13 and H14. For this analysis, the Visual Analogue Scale was normalized to a
range from 0 to 1, where 0 represents very low stress or very low success in driving

performance, and 1 represents very high stress or very high success in driving performance.
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Table 6 Statistical results for subjective ratings on stress and performance, depending on TOR-assertiveness.
The data was normalized to a scale ranging from 0 to 1. Table adapted from Kraut et al. (2023, p.9).

TOR type (M, SD)

Hyp. Measures Non-assertive Assertive ESr Adjp
H14  Stressrating 0.53(0.12) 0.52 (0.14) 0.06 0.6
H15 Performance rating 0.77 (0.16) 0.78(0.15) 0.13 0.6

Perceived Stress Test

Although a separate perceived stress test questionnaire (PSS) was administered to
participants, the data collected from this questionnaire were not included in the analysis
of the primary hypotheses. This decision was made to maintain consistency with the other
subjective measures used in this study. However, the PSS provides a metric to evaluate
how much participants are affected by stress in their daily lives and their attitude towards

resolving stressors.

The evaluation of the PSS before the experiment revealed that 21 participants experienced
low stress in their daily lives (score less than 14 out of 40 points), and 10 participants
experienced moderate stress (score of 14-26 points). No participant was found to

experience high stress, which would have produced a score ranging from 27 to 40 points.

A two-sample t-test comparing the one-item baseline stress ratings with the post-study
ratings found no significant difference (p = 0.368). This suggests that the participants'

perceived stress levels were not significantly influenced by the demands of the experiment.
Workload Assessment with the NASA Task Load Index

The NASA Task Load Index (NASA-TLX) was administered without the weighting step, which
reduced the time required to complete the form. This simplified approach is also known as
Raw TLX (RTLX), as defined by the creators of the NASA-TLX (Hart & Field, 2006). Figure 8
shows that in the experiment, high success rates (M=14.81, SD=4.2) were associated with
medium levels of mental workload (M=8.72, SD=9.7) and overall effort (M=9.2, SD=4.53).
This might be an indicator for an adequate level of task difficulty. The moderately high
ratings for temporal demands (M=8.6, SD=5.4) provide further support for this
interpretation. In contrast, high task performance coupled with low workload scores would
suggest that the task was not challenging enough (Hart & Field, 2006). As expected in a

driving simulation study, the recorded physical loads were low (M=8.73, SD=5.14). In
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addition, ratings on frustration (M=5.67, SD=4.32) were also rated fairly low, consistent with

findings from Table 6 on low self-reported stress during the experiment.

Boxplots for NASA Task Load Index
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Figure 8 Workload assessment in NASA TLX: Participants experienced high measures of success combined
with low physical efforts and stress.

4.2 Qualitative Results

At the end of their experiment, participants reflected on their experiences in a concluding
interview. All participant feedback was first paraphrased alongside each interview

question, before recurring themes were identified and summarized below.
Recall of TOR-Signals

Differences in subjective perceptions could be observed, when participants were asked
about defining features of the takeover requests. Three participants were unable to
describe any characteristics of the takeover alerts post-experiment. 13 participants
remembered only the high-assertive TOR, while eight recalled only the low-assertive TOR,
and seven had a good recollection of both. The high-assertive sound was often described
as alarming or like a siren, while the low-assertive sound was seen as pleasant or dull.
Despite no haptic signals being administered, three participants reportedly felt vibration
feedbackin the steering wheel. The visualinformation, including the icon for manual driving

and red tintin the HUD indicating the takeover, were recalled less frequently.
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Most Helpful Features

The TOR sounds were deemed most helpful by 22 participants, with visual signals being
less important. The majority of participants reported focusing on the road rather than the
visual information given in the heads-up display. Among the information presented on the
display, the speedometer was sometimes noted as useful, while only a few participants

checked the icon indicating manual driving for additional confirmation.
Requested Design Changes

Participants suggested several enhancements to the user interface: eight wanted verbal
instructions orinformation on the distance to a possible accident, two preferred earlier TOR
notifications, and six participants requested more prominent visual alerts. Vibration alerts
and vehicle-to-vehicle communication were mentioned by some, while one person
proposed a two-stage warning system. Frequent requests were made for longer, louder, or
even more aggressive takeover requests. Regarding the full setup, two participants
proposed to mount the tablet for the secondary task on a fixture or to administer alerts on
any connected devices, respectively. Eleven participants were content with the interface

elements as they were and did not request any changes.
Progression of Perceived Stress throughout the Experiment

For most participants, the level of perceived stress decreased with practice and the
reported learning effect. One participant became more irritated as the experiment went on,
and two participants did not report feeling stressed at any time. Participants who were
more stressed in the beginning explained that the cause was the unfamiliarity of the
obstacle course or the sounds, or feeling overwhelmed in the situation. Participants
claimed to feel most comfortable after the third round. One participant said that having an
accidentin the first obstacle course was stressful and it took until the free driving period to
calm down again. Two participants felt more hectic or nervous in the first obstacle course,
but their perceived stress decreased over time. One person stated that their stress level did
not change at all. Participants used different strategies to deal with the task: Some
developed trustin the system and focused their concentration on the secondary task, while
others anticipated the TOR-signals strongly and concentrated more on the system's

sounds and the road environment.
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Task Comprehension and Subjective Experience

The interviews showed that all participants had a proper understanding of the task and their
responsibilities. Participants mostly enjoyed the experiment, although some noted
differences from real-life driving. For some, issues arose from an unrealistic resistance of
the steering wheel or difficulty with estimating the vehicle’s dimensions and speed
correctly. While some found the task more stressful or less game-like than expected,
othersfeltitresembled a game optics too much. Several participants expressed discomfort
with the demands of the secondary task, suggesting improvements like device fixtures or
automatic braking before TOR issuance. However, anticipatory actions were common, with
several participants keeping their foot on the brake during the secondary task or listening
out for the TOR signals. Eight participants directly mentioned improvements with practice,

reporting on feeling more comfortable and successful over time.
Thoughts about Automated Driving

The ADAS shifted the role of a driver to a passenger, some participants noted. One
participant reported very little trust in the system, leading to a more cautious driving
behavior than usual. When asked for final thoughts after the experiment, several
participants voiced concerns about driving automation. In particular, participants reported
a lack of trust in ADAS for complex environments, such as narrow city streets or steep
mountain roads, as well as in dynamic situations requiring quick decision-making. Other
concerns focused on potential misuse of automation by either the manufacturers or other
drivers who might neglect their responsibilities to takeover control when necessary.
Despite these issues, others saw driving automation as an opportunity for increased
mobility of persons without a driver’s license. Three participants suggested that fully
automated vehicles could potentially serve as efficient taxis, reducing the need for
personal vehicle ownership. However, their attitudes varied, as one feared the loss of the
car as a status symbol, while the others were optimistic about more mobility and a future

with less traffic jams.
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4.3 Additional Findings

The above presented quantitative results examined aggregate scores for assertive and non-
assertive TORs across all laps. To better capture changes among the sequence of laps,
linear regressions were calculated in subsection 4.3.1. Additionally, subsection 4.3.2
highlights correlations between variables to provide further insights into potential

connections among allindependent and dependent measures.

4.3.1 Adaptation Effects across Laps

Table 7 shows weak to moderate tendencies for several measures throughout the
experiment. Notably, significant changes were found in performance measures such as
speed in the subsequent period, reaction time, number of collisions, and braking force.
Although no significant changes were detected in physiological measures, both self-

reported stress levels and subjective assessments of performance showed weak trends.

Table 7 Linear regression statistics of all measured variables. The table contains the correlation coefficient r
and the adjusted p-value. Significant results are marked in bold. Hypotheses 1 - 7 contain measures for the
immediate period, while hypotheses 8 — 13 pertain to the sustained period, and hypotheses 14 and 15 involve
the post-lap measures. Table adapted from Kraut et al. (2023, p.10).

Hyp. Measures r Adjp Hyp. Measures r Adjp
Performance Measures
H1 Reactiontime -0.38 <0.01 H8 Average speed 0.44 <0.01
H2 Braking force 0.25 <0.01 H9 Speed variability -0.01 1
H3 Collisions -0.31 <0.01 H10 Steeringvariability = -0.18 0.11
H4 Average speed -0.12 0.68

Heart rate measures of stress

H5 HRratio -0.15 0.36 H11 HRratio -0.05 1
H6 SDNN ratio -0.02 1 H12 SDNN ratio -0.09 1
H7 RMSSD ratio 0.06 1 H13 RMSSD ratio -0.12 0.68
Subjective Ratings
H14 Stress -0.22 0.02 H15 Performance 0.34 <0.01
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Trends for Immediate Effects

The quantitative results uncovered significant differences for reaction time and braking
force for TOR-assertiveness. When visualizing regressions on lap number, it can be
observed that assertive TORs produced quicker or more forceful responses on average at
every lap, even though an adaptation can be recognized. However, considerable variation

between participants is visible.
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Figure 9 Adaptation effects for reaction time (A) and braking force (B). The two measures were regressed on the
number of laps for the assertive TOR (red), the non-assertive TOR (green) and both TORs combined (blue). The
whiskers correspond to the SD and the bands indicate confidence intervals.

No significant differences in the number of collisions were found when comparing high and
low assertive takeover requests. 13 of the 31 participants recorded collision events, with
collisions happening most frequently in the first two obstacle courses (Lap 1: 37, Lap 2: 26,

Lap 3: 3, Lap 4: 9, Lap 5: 0, Lap 6: 0).
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Trends for Subsequent Effects

Most notably, participants experienced adaptation effects in the sustained driving period
for average speed. A moderate effect can be observed for increasing speeding as the
experiment progressed.
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Figure 10 Adaptation effects for average speed in the sustained period after the takeover. Participants became
more comfortable with accelerating in the free driving period throughout the course of the experiment.

Trends for Self-reported Measures

The performance and stress ratings in the laps were normalized between 0 and 1, further
labelled as “very high” and “very low”. Figure 11 shows that independent of TOR-type, self-

reported stress decreased, while performance increased over the course of the

experiment.
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Figure 11 Adaptation effects for stress ratings (A) and performance ratings (B) regressed on the number of laps.
Participants rated their performance increasingly better, while reporting lower perceived stress.
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4.3.2 Correlations

The Spearman's rank correlation coefficient was computed for all available variables,
including demographic data, immediate and sustained measures and self-reported

ratings. Below, insights from several strong monotonic relationships are highlighted.
Correlations of Stress Measures with Age

Overall, age showed negative monotonic relationships with SDNN during the automatic
driving (r -.55), obstacle courses (r -.53), and the free driving periods (r -.63). This effect is
most visible in the age group of the 30 — 40-year-olds for SDNN during automatic driving (r -
.75), inthe obstacle course (r-.7), and in the free drive (r -.73). Since higher SDNN indicates
higher subjective stress, it can be assumed that participants in this age range were less
comfortable with the task. No strong correlations between any of the physiological

measurements and any of the driving performance indicators were found.
Correlations of Driving Performance Measures with Subjective Performance Ratings

Self-ratings of participants correlate negatively with the number of collisions (r-.58), as well
as the steering variability during the free driving period (r -.63). A negative monotonic
relationship between self-reported performance and steering wheel variability in the free
drive period was found (r -.63). As increased steering wheel variability indicates increased
nervousness on the part of the driver, this indicates that participants provided lower
performance rating when they expressed nervous steering behavior in the free driving
period. Moreover, performance ratings were lower for laps, in which participants

experienced collisions (r -.58).
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5. Discussion

This master thesis addresses two research questions: RQ1 was formulated to answer
whether TOR-assertiveness has immediate and sustained effects on drivers through an
empirical study. RQ2 investigates the cognitive processes involved in automated driving by
interpreting the experimental data through the lens of the predictive processing framework.
Following the analysis of the quantitative findings in subsection 5.1, the current section
addresses RQ2’s guiding questions in subsection 5.2. This section concludes with a

discussion of the study’s limitations and opportunities for future research.

5.1 Interpretation of Experimental Findings

The data indicate that TOR-assertiveness leads to faster reaction times and stronger initial
braking force. However, no significant effects were found on subsequent driving periods or
stress measures. This suggests that the assertive TOR did not impair driving ability by

evoking high levels of cognitive overload.

5.1.1 Significant Effects for Immediate Measures

The thesis started out with fifteen hypotheses regarding the impact of TOR-assertiveness
on stress and performance measures. Significant results were found only for the
assumptions that the signal assertiveness affected driver characteristics immediately after

the TOR. Participants took over control faster and exerted greater force on the brake pedal.
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5.1.2 No Impacts on Subsequent Measures Observed

No significant effects were found during the subsequent driving period for measures of
stress, performance, or subjective ratings. These observations disproved the hypotheses
that assertiveness could negatively impact the driver’s cognitive state and, consequently,
driving ability. Instead, the TOR assertiveness tested in the study indicates a safety benefit,
as participants responded an average of half a second earlier without experiencing high
levels of stress. At a speed of 120 km/h, this half-second head start translates to a distance

of 17 meters, or roughly the length of four cars.

5.1.3 Subjective Feedback and Interviews

One potential drawback of assertive signals, as noted in previous research by Fagerlonn et
al. (2010), isthe perception of annoyance. However, interviews in this study did not indicate
that assertive takeover requests (TORs) were perceived as disruptive or annoying. In fact,
several participants did not even notice the presence of multiple signals. Some participants

even requested that the assertive TORs be more pronounced.

Severalinterviewees stated that using SAE Level 3 automation in their daily lives would lead
to a perceived loss of control over their vehicles, a concern also noted in prior research (de
Winter et al., 2014; Howard & Dai, 2014). However, the increase in comfort and safety
appealed to participants, with positive feedback outweighing negative. While the driving
task has traditionally been the responsibility of a human driver, societal and legal
challenges may prove more difficult to resolve than technological advancements

(Kyriakidis et al., 2019).

Contrary to the hypothesis, no increased stress responses were recorded for the assertive
TOR, which was rated as stressful in the pilot study. A possible explanation could be that
the driving task context influenced participants' interpretation of the signal. Fagerlonn et al.
(2010) found that high-urgency signals were rated significantly less annoying during driving
simulations compared to pre-study evaluations. This effect was not observed for low-
urgency signals. Fagerlonn suggests that professional drivers accustomed to handling
critical situations were less affected during the actual task. A similar effect might have

occurred in the present study.

51



5.2 Predictive Processing Insights

Even though prediction and expectation are common themes in human factors research,
the application of predictive processing concepts has been less explored within the
discipline. This framework offers a unifying model of perception and action, based on the
principle of prediction error minimization. The current section addresses the three guiding
questions of RQ2 and demonstrates how predictive processing can be used to better
understand the relationships between workload, stress and driving performance in the

context of driving automation research.

5.2.1 Internal Model Updating when Driving with ADAS

Driving automation at SAE Level 3 not only impacts a driver’s role, but also drastically
reduces their workload. However, takeover events or distractions from secondary tasks
introduce fluctuations in mental and physical demands for drivers. This subsection
examines these dynamics through the lens of predictive processing, addressing RQ2’s
guiding question 1: “How might drivers' internal models update and optimize when

operating a vehicle with an Advanced Driving Assisted System?”.

Following the Yerkes-Dodson law, optimal driving performance requires moderate levels of
workload and arousal, whereas the relationship between these variables can be described
with an inverted U-shape (DeGuzman et al., 2022). Performance decrements can be
expected for too high a workload as well as for too little workload — which has been a
recognized risk factor for driving with automation. Since the sole task of road monitoring
might induce underload and sub-par takeover performance, research argues for the
appropriate usage of secondary tasks (de Winter et al., 2014) - even if they come at a risk of
reduced situational awareness for events on the road. In response drivers might take longer
to take over control of a vehicle following a TOR, or brake harder to gain more time for

decision-making (Kujala & Lappi, 2021).

Figure 12 illustrates how a driver’'s mental model updates when interacting with the
environment, vehicle, secondary tasks and ADAS. The figure emphasizes the role of
prediction error minimization and incorporates theoretical insights from previous research,
particularly from Engstrom et al. (2018), Kujala & Lappi (2021) and Seth (2014). It consists

of three interconnected parts: at the bottom is a schema of the dynamic external world, the
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Figure 12 Conceptual illustration of driver interaction with an ADAS from a predictive processing perspective.
Bodily and environmental states lead to exteroceptive, interoceptive and proprioceptive sensory input signals.
Knowledge of the world and body is inferred based on this sensory input and updated by matching predictions with
actual sensory input. Mismatches in the form of prediction errors flow upwards a hierarchical generative model and
are met with predictions on estimated states at each level. The system updates itself through minimizing the global
prediction error and generating predictions about the newest state. Own representation based on illustrations by
(Engstrom et al., 2018; Kujala & Lappi, 2021; Seth, 2014).

middle depicts the sensory inputs from both environmental and internal states, which feed
into the hierarchy of generative, internal models at the top of the figure. Together, these

components depict how a driver might respond to automated or manual driving scenarios.

The external world in Figure 12 contains changing environmental states, influenced by

vehicle dynamics. These are in turn controlled by either the ADAS or the human driver.
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Changes in the environment produce sensory signals, as do the messages by the system,

in the form of takeover requests, for instance.

Sensory information is then processed at the bottom of an internal hierarchy of generative
models, allowing the driver to continuously create and update predictions about estimated
states and goals with the help of prediction errors. Inputs at the lowest levels can be
categorized into exteroceptive, proprioceptive and interoceptive signals. Exteroceptive
inputs serve as an interface with the external world: The perception of the vehicle, its
interfaces, other traffic participants or engaging with NDRTs generates visual, auditory, or
haptic sensory signals for a driver. This consistent stream and processing of inputs lets
researchers believe that drivers do still engage in some passive inference, even if they are

involved in secondary tasks on their smartphones or other devices.

For example, drivers might rely on the body’s somatosensory or proprioceptive systems for
sensing the body’s orientation in the vehicle, positioning of joints, or muscle extensions
(Engstrom et al., 2018). In addition, a driver experiences a constant stream of interoceptive
feedback. Interoceptive predictive coding is hypothesized to control the body’s vital
parameters, such as blood oxygenation or blood sugar. Moreover, subjective feeling states
may arise from interoceptive processes (Seth, 2014; Seth & Friston, 2016). In this context,
interoceptive predictions are generated, updated, and compared with the help of efference
copies of visceral, autonomic, and motor control signals within a salience network (Seth,

2014).

While the lower levels are responsible for collecting sensory information, the
representative meaning behind inputs is generated at higher levels. As the prediction error
travels upwards through the hierarchy, it encounters increasingly abstract predictions at
every level. For instance, signals may diverge significantly from a prediction on a lower
level, but the driver might only assign the signal to be “stressful,” when the prediction error
has reached a higher level. When assessing driving performance, affect and emotions
should not be disregarded. Previous research found that nervousness or mental stress can
be deducted from driving behavior alone (Ongul & Ongun, 2020; Sugiono et al., 2018).
Moreover, stressed drivers may be biased toward perceiving danger in the world more
strongly and might experience reduced performance due to overly high levels of emotional
arousal. Heightened stress or anxiety further determine prior beliefs and through high
precision predictions, inhibit safety learning mechanisms and result in biased perceptions

about risks (Sladky et al., 2024).
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Mental model updating after automated driving

When a driver attends to a secondary task during automated driving, low-level perceptions
of the somatosensory or proprioceptive systems may not be salient enough to command a
driver’s full attention. The event of a takeover request then initiates interesting changes
within a driver’s mental model. When the system detects safety bounds, it usually
decelerates before issuing a TOR. This highly unexpected change in acceleration can
produce heavily weighted proprioceptive prediction errors. Since these errors propagate
upwards and do not cancel out the predictions about the expected acceleration and state
on the road, the driver is more likely to actively sample further information. Ideally, the TOR
signal itself is salient enough to demand a driver’s attention. The size of the resulting
prediction error corresponds to a driver’s prior beliefs. This results in larger errors if a driver
has high trust in the system and operates under the assumption that a TOR is unlikely. Only
once the prediction errors propagate to a higher level within the hierarchy of generative
models, the driver can become aware of the new situational context and can change her

goals to address the manual driving task.

Moreover, the size of the prediction error is linked to increased repeated sampling of the
environment (Kujala & Lappi, 2021). The continuous minimization of the prediction error
through repeated sampling, such as frequent glances on the road, further increases a
driver’s confidence that a good representation of hidden causes was found (Kujala & Lappi,
2021; Wiese & Metzinger, 2017). When a driver decides to intervene and take over control,
the appropriate actions will be assessed through a top-down competition between linked
sets of hypotheses (Clark, 2013; Pezzulo & Cisek, 2016). The current winning hypothesis on
the optimal action emerges, when the prediction errors associated with the elements of the
driving sensory signal are selectively suppressed. The errors associated with remaining
elements of the driving signal are left untouched and propagate upwards. This top-down
suppression may only change, when the overall interpretation of the situation changes
(Clark, 2013). This mechanism enables a driver to decide whether braking, steering or no
intervention is the ideal choice of action. Any prediction about a motor action will thereby
be cancelled out by the proprioceptive and exteroceptive prediction errors. The driver then

gathers feedback if the action was successful and brought about the desired effects.

Following an action-oriented account of predictive processing proposed by Friston, error
signals may self-suppress in motor systems whereby motor actions change the bottom-up
proprioceptive and sensory input. In this way, proprioceptive predictions might directly act
as motor commands. The author argues that active inference is not directed by desired
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consequences, rather than prior expectations are guiding perceptual inference and action,
shaping an experience-dependent learning process (Friston, 2010). Some researchers
critique the impact of such a view on the organization of cognitive economy in contrast to
the traditional appeals of cost and reward functions (Clark, 2013). However, previous
research appears to agree that high layers do not communicate a complete action plan.
Rather, a top-down flow of predictions on makes it possible to identify affordances for
appropriate interventions, whereas the lower levels retain some autonomy (Pezzulo &

Cisek, 2016).

As mentioned before, the overall success of a takeover depends on a driver’s trust in the
ADAS. An excess of trust can lead to increasing risks and decrements to the takeover
performance, which are especially problematic given the responsibilities of a driver in SAE
Level 3. Engstrom et al. (2018) view trustin a driving automation as the precision associated
with the generative model’s predictions regarding the sensory consequences of the system
(Engstrom et al., 2018). A prior assumption about a system’s infallible safety might result in
high precision predictions, effectively overriding contradictory prediction errors. A possible
consequence could be that drivers might not even glance on the road during autopilot,
since road monitoring does not contribute to minimizing a relevant prediction error

anymore.

These insights underscore the importance of designing takeover requests that align with
drivers’ expectations and mental models to enhance safety. A TOR must be easily
understandable, to ensure that an appropriate prediction error is generated without
causing heightened stress. To optimize the effectiveness of TORs, drivers should be
thoroughly informed about their necessity and key characteristics. This instruction is vital
because the ability to form accurate predictions regarding sensory effects, and to compare
these with the actual signals, is significantly improved when drivers possess strong prior

beliefs about the signals and a clear understanding of their altered role.

5.2.2 Prediction Error Minimization in the Immediate Period

Guiding question 2 asked: How is prediction error minimization observable in driver
responses immediately following a highly assertive TOR compared to a less assertive TOR?

This subsection aims to answer this question, by assessing the experimental procedure,
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how participants might have categorized the assertive TOR and adapted their takeover

response throughout the laps.

Braking force and reaction time showed consistent, significant results for TOR-
assertiveness, establishing them as proxies for observing prediction error minimization.
This assumption drives the discussion on how TOR-assertiveness influenced prediction
error size, contributed to a gradual model tuning and to participants’ internal category

construction on the meaning of the TORs.

Assertive TORs Elicit Larger Prediction Errors and Stronger Responses

While every TOR was issued at an unexpected interval during driving automation, the
assertive TOR caused a greater disruption to the secondary task. Participants responded
more quickly and exhibited a more forceful braking reaction. It is likely that the assertive
nature of the alert generated a larger prediction error at the low perceptual levels for hearing

and vision.

When these prediction errors were fed into the first generative model, a strong difference
from the predicted exteroceptive input was detected, allowing the errors to be propagated
to the next higher level. At each level, these errors encountered expected states encoding
increasingly abstract features. Once the errors had propagated to a high level, the overall
goal setting or understanding of the context could be updated. This triggered a top-down
cascade of predictions based on the new information, which were then met with new
prediction errors from continuous perceptual sampling. Ultimately, this process enabled

the driver to intervene in the takeover.

Generative models and observations are ever-changing and uncertain, which the system is
aware of and is trying to adapt to in a rational way (Kujala & Lappi, 2021). The assertiveness
of the TOR might be perceived as an indicator forimminent danger, which in turn skews the
perceived desirability of possible actions. Braking faster and harder might appear as a more
desirable choice than waiting to intervene. In comparison, longer takeover time budgets
have been found to result in longer reaction times (Gold et al., 2013). This course of action
might be more desirable, in order to gain situational awareness without time pressure. In
the present study, less assertive TORs prompted participants to spend more time
transitioning from the secondary task to driving, while they possibly increased their visual

sampling and prioritized situational awareness.
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Subjective Categories of TOR-Assertiveness

The interviews revealed that several participants were unaware of differences in the
assertiveness of TORs. However, they still showed faster reaction times to the more

assertive TOR, proving the robustness of the study design.

The brain naturally seeks to create categories to make sense of sensations, grouping
similar events or objects that serve the same goal into the same category (Barrett, 2017).
For those participants who did not consciously pay attention to the assertiveness level of
the TOR, all warning signals might have been processed as equivalent - belonging to the
same category. The process of category formation might also be context-dependent, with
the brain adapting its categorization strategy based on the situational demands. Drivers
tend to show higher acceptance of otherwise annoying signals in demanding driving

situations, as previous research has found (Fagerlénn, 2010; Roche & Brandenburg, 2018).

Participants frequently reported having learned to anticipate both the TOR sound and the
subsequent challenge of navigating the obstacle course. Since any TOR required the same
manual intervention, participants possibly also learned to disregard the differentiating
characteristic of assertiveness. This behavior aligns with the assumption that agents act to
actively seek or generate sensory consequences that their brains expect (Friston, 2009;
Friston, 2010). If a participant had the strong a priori expectation that any alert requires
intervention, the takeover situation might automatically activate lower layer actions that
were afforded with sufficient precision (Seth & Friston, 2016). This means that participants

could take actions without needing to evaluate a TOR on its level of assertiveness.

Furthermore, when strong prior expectations are present, model parameters may not be
immediately updated to reflect new sensory data. However, even among participants who
did not consciously differentiate TOR assertiveness levels, a gradual tuning of relevant
parameters was observed throughout the experiment. This finding is illustrated by a quote
from participant 22: "You learn to react to any stimuli without listening to the sound." This
suggests that, while explicit recognition of TOR assertiveness may not have been present,

there were still processes of implicit learning and adaptation taking place.

Learning Effects Indicate Improved Precision Estimates

Over the course of the experiment, a trend was observed towards increasingly shorter
reaction times and stronger braking reactions could be observed. This suggests that

participants may have adopted a strategy of braking first and monitoring later, especially
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when hearing the assertive TOR. The high prediction error associated with the assertive TOR
likely contributed to this trend. Since every prediction includes an estimate of the expected
precision or certainty of the sensory input, prediction errors that deviate from high precision
predictions generally receive a higher weighting. This mechanism serves as a means of

selectively enhancing sensory input (Feldman & Friston, 2010).

A driver may selectively base corrective steering actions on aspects, which are perceived
as reliable. For example, when driving in very foggy weather, a driver is more likely to use
lane markings for guidance rather than the roadway in the distance (Engstrom et al., 2018).
In the current study, participants appeared to focus their attention on the auditory
component of the takeover requests, particularly those with assertive characteristics. This
assumption aligns with previous research suggesting that driving with Advanced Driver
Assistance Systems (ADAS) failures involves stimulus-driven precision weighting. These
bottom-up processes enable drivers to detect and react to salient features in the
environment (Li et al., 2017). The associated precision can be estimated as a function of
obtained samples, or the inverse of sample variance. In contrast, top-down precision
estimates are modulated in contexts where increases or decreases of precision are
anticipated or can function as goal representations for mental action (Metzinger 2017). This
would apply to goals on a less-immediate timescale, such as planning and performing a

lane change over the course of several seconds.

The improved takeover performance in the study allows to infer that participants’ internal
model parameters gradually adjusted to support the behaviors associated with successful
outcomes. The internal model eventually learns to capture statistical structures in the
sensory input and infers their external causes, thereby yielding more accurate predictions
with fewer errors. Two key implications follow from this: First, a driver, who is well attuned
to a scenario can be expected to exhibit visual scanning patterns that reflect an optimal
balance between pragmatic actions and epistemic actions. These can be characterized as
exploitation (e.g., steering braking or acceleration) and exploration (e.g., glances on the
road or the in-vehicle information system), respectively. This balance aims to minimize
prediction error by integrating both immediate response actions and information-gathering
behaviors. Second, problems can arise when the statistical regularities of the environment
suddenly change, leading to what is known as an expectancy problem. In such cases, the
driver's model may fail to adjust quickly enough, resulting in increased prediction error and

potentially unsafe responses. This highlights the importance of designing systems that help
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drivers maintain flexibility in their predictive models, enabling them to quickly adapt to

changing conditions in the driving environment (Wei et al., 2022).

5.2.3 Prediction Error Minimization in the Sustained Period

No significant differences in driver stress and behavior were identified during the
subsequent driving task, indicating that drivers quickly regulated their responses and
maintained consistent performances. This subsection further explores the differences
between the immediate and sustained period, while addressing guiding question 3: “How

does TOR-assertiveness influence prediction error during the subsequent driving task?”
Short and Long-term Affordance Competition for Safe Driving

After performing the takeover process and transitioning to the subsequent driving task,
participants likely experienced a contextual shift, allowing them to refocus their attention
on the road and effectively adapt to the demands of manual driving. Their performance is
influenced by prior beliefs and real-world driving experience, where actions are often

executed with a high degree of automaticity.

The subsequent driving task presented two distinct sections: a risky segment with
obstacles and a free-driving segment without them. These scenarios require decisions and
actions that are organized across different timescales (Pezzulo & Cisek, 2016). Immediate
responses, such as collision avoidance, rely on short-term control loops to keep a
controlled variable stable. This variable may be the visual distance to a leading vehicle or
object ahead. Previous research found that this so-called looming metric can influence
reaction time in takeover scenarios (Ayoub et al., 2022). It is important to note that actions
are context dependent and are neither a fixed response nor predefined by a higher level
(Araujo et al., 2006; Pezzulo & Cisek, 2016). Interestingly, the perception of a high urgency
scenario appears to create a mismatch between expected and actual looming, triggering
faster interventions (Ayoub et al., 2022). If the looming variable exceeds a subjective
threshold, short-term control loops engage proprioceptive reflexes, prompting braking or
steering actions. Since higher layers within the hierarchical generative models do not
compute a behavioral plan, but rather expectations and reference signals, lower levels

retain significant autonomy in selecting optimal actions (Pezzulo & Cisek, 2016).
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Control loops operating on longer timescales facilitate an affordance competition to
estimate the expected broader consequences of actions. During the free driving phase,
participants had the aim of driving safely with manual vehicle operation. Higher hierarchical
layers might encode abstract goals, such as complying with traffic regulations and speed
limits, which then induce top-down expectations and reference signals. These reference
signals might include speedometer readings, looming thresholds, or expected speed
assessed through proprioceptive inputs, which further constrain the recognized
affordances. Forinstance, perceiving and remembering the highway as straight may inhibit
the natural reflex to adjust the steering wheel. Observations in this study proved that
participants mostly adhered to speed limits and avoided unnecessary lane changes in the
free driving period. This behavior illustrates how participants intentionally navigate an
affordance landscape, where the brain continuously generates predictions about future

opportunities rather than merely reacting to sensory inputs (Pezzulo & Cisek, 2016).

Impact of TOR-Assertiveness on Sustained Stress Responses

Contrary to the initial hypotheses, the experiment showed no negative effects in the driving
task following the more assertive TOR. Participants did not exhibit stress-related
performance indicators, such as increased variability in steering or acceleration, nor was
there a higher crash rate. This is further supported by the physiological measures, which
also showed no significant changes. According to the Yerkes-Dodson law on performance
as a function of workload and arousal (Yerkes & Dodson, 1908), the data imply that
participants experienced a suitable level of workload and emotional arousal for handling
the subsequent driving task. Although it is difficult to differentiate between the effects of
the initial takeover and the subsequent driving period on driver stress, it can be assumed
that none of the tasks resulted in a dangerous cognitive overload for participants.

In addition, participants did not develop maladapted prior assumptions about the expected
risk of the driving task. A fearful driver would have exhibited consistently perceived stress
ratings and might have experienced a suboptimal learning process. Maladapted prior
assumptions or suboptimal learning process can lead to biased action plans and
heightened anxiety. Anticipatory anxiety can impair learning and result in overly cautious or
inappropriate behavior (Sladky et al., 2024). Interestingly, the experiment suggests that the
assertive TOR did not lead to maladaptive responses. Participants might have effectively
managed interoceptive signals and not interpreted possible heightened emotional arousal

as negative (Seth & Friston, 2016). These findings confirm that participants did not perceive
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the driving task as excessively risky, indicating an effective regulation of stress in all stages

of the experiment.

Positive Affects from Rapid Uncertainty Reduction

Ratings of stress and performance after each round were likely influenced by a rapid
reduction of uncertainty during the interval between the initial takeover and the subsequent
driving task. This effect becomes more evident when considering the notable performance
improvements over the six rounds of the experiment. Crash rates and reaction times
decreased, while speeds within the obstacle courses increased. These effects may reflect
participants' growing confidence and sense of mastery over the task. When facing a
challenging task or game, agents expect to reduce uncertainty at a subjective baseline
speed. When an agent minimizes prediction error faster than expected by choosing an
optimal action sequence, this elicits momentary positive affective experiences. In general,
this process of faster deceleration of error rates contributes to the appeal of uncertainty
and novelty in games and other tasks (Deterding et al., 2022; Feldman & Friston, 2010;

Kiverstein et al., 2019).

5.3 Study Limitations

While the study conducted for this thesis made it possible to gain valuable insight into the
effects of TOR-assertiveness, several limitations must be acknowledged. First, the
experiment included secondary tasks during the automated driving period to simulate a
more realistic driving environment. However, these distractor tasks likely induced cognitive
load in participants, which may have influenced takeover times, driver behavior, and

physiological signals (Li et al., 2017).

Additionally, the study did not evaluate the effects of different types of obstacle courses
after the takeover. The complexity of these courses might have had confounding effects on
the dependent variables (Braunagel et al.,, 2017; Samuel et al.,, 2016), limiting the
generalization of the results in the sustained driving period. The use of simulated traffic
conditions may present another limitation since they cannot fully replicate the
unpredictability and intensity of real-life traffic scenarios. While some researchers argue
that simulations effectively evoke a sense of presence (Deniaud et al., 2015), others have

noted that practicing takeovers in simplified, simulated environments may not adequately
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prepare drivers for safety-critical situations (Agrawal & Peeta, 2021). Several participants
remarked on the differences from real-world driving, such as the size and resistance of the
steering wheel. This discrepancy between simulation and real-world conditions could
affect the external validity of the study, as the simulated environment may not fully capture

the complexities of actual driving.

Finally, the study may have been affected by a repetition effect, a common issue in driving
simulation studies (Agrawal & Peeta, 2021; Gold et al., 2018; Large et al., 2019). Despite the
initial learning period in the study, a learning effect was observed for certain variables.
While this adaptation could have influenced results, the robustness of the methodology is

supported by the significant effects for TOR-assertiveness that were observed consistently.

These limitations highlight the challenges of conducting studies with driving simulators and
the potential impact of factors such as cognitive load, course complexity, and simulation
realism on a study’s outcomes. Future research should carefully consider these factors to

enhance the applicability of findings to real-world settings.
Future Research

In this study, no immediate or persistent stress responses were observed in contradiction
to the initial hypotheses. Future studies could explore alternative experimental designs
under different conditions. For example, takeover scenarios could be made more
challenging to enhance perceived urgency, secondary tasks could be more difficult to test
participants’ information processing abilities, or the duration of driving with autopilot could
be extended from two minutes to a longer period. Additionally, other measures could
enhance robustness or capture additional effects. For this, situational awareness could be

assessed in more detail using eye-tracking techniques.

Consistent differences between assertive and non-assertive TORs were observed, despite
evident learning effects. However, longer adaptation periods seem necessary to reduce
potential learning effects. Moreover, the takeover scenarios within the learning and
experimental tasks should be similar. Different outcomes in previous research may also be
attributed to demographic factors. It is advisable to give more consideration to variables
such as age, driving experience, and familiarity with the vehicle when investigating TOR

effects.
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6. Conclusion

The advancements of driving automation systems produce a shift in how driver and system
share their responsibilities in safely commandeering a vehicle. Systems in SAE Level 3
vehicles are able to perform all driving tasks independently, while the human driver acts as
a fallback-ready user. The takeover request is therefore one of the most crucial
interactions, during which the system transitions control to the driver. In this process,
physical and mental demands are placed on the driver, who needs to switch tasks and
regain situational awareness quickly. Modality, urgency, timing, and other characteristics
of the takeover request have been found to significantly affect reaction times, driving
performance and stress. Even though stress has sustained negative impacts on driving
behavior, previous research is largely focused on the takeover process itself to evaluate

performance.

This research aimed to investigate the effects of assertiveness in takeover requests on
driver performance and stress, focusing on both immediate responses and sustained
performance post-takeover. The study employed central concepts from the predictive
processing framework, motivated by the need for a comprehensive interpretation of
performance in connection with fluctuating cognitive demands in takeover scenarios for
more efficient transitions in semi-automated vehicles. By examining drivers’ physiological
responses, self-reported stress levels, and driving performance metrics, this thesis
provides new insights into the balance between effective attention capture and induced

stress in ADAS design.

The study’s results showed that highly assertive takeover requests significantly improved
reaction times and led to more forceful braking, as hypothesized. However, contrary to
expectations, the assertive signals did not significantly affect driving performance during
the subsequent manual driving phase after the takeover. The assertiveness of the TORs did
not result in sustained performance decrements or heightened stress at any point of the

experiment. This suggests that participants were generally not overwhelmed with the
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takeover task, even though the experimental context might have led to increased baseline

stress measurements.

The study's integration of the predictive processing framework allowed for a more
comprehensive interpretation of possible cognitive processes behind driver behavior. From
a predictive processing perspective, any agent constantly generates, and updates internal
models based on incoming sensory inputs. Driven by top-down processes, predictions
about oneself and the environment drive experience and perception. The assertive takeover
request produces a larger than expected divergence from expectations, leading to a faster
intervention. With each repetition, the participants train to react more strongly to the
assertive signal, as evident by increasingly quicker reactions. Despite consistent significant
results for faster takeovers after the assertive takeover request, some participants could
not differentiate between the assertive and non-assertive signal. This leaves room for

interpretation on reflexive reactions without having to understand the signal at a high level.

Recommendations for Combining TOR-Research with Predictive Processing Concepts

Lastly, this work may be used as a starting point to formulate recommendations for similar

research, combining human-computer-research with cognitive science.

Most Effective Takeover Requests Align with Driver Expectations: Prior expectations and
beliefs strongly shape not only driver behavior, but the perceived salience of certain alert
features. Drivers can make more accurate predictions once their internal models have
learned to recognize the consistent patterns of a takeover request. This can be achieved by
providing drivers with a consistent signaling framework. In the context of real-world
applications, clear explanations of the features of takeover requests are advised to ensure

that drivers can internalize appropriate responses.

Different Performance Benchmarks for Short- and Long-term Timescales: One of the
strengths of the predictive processing framework is its ability to examine performance over
different timescales. Reference signals might be decisive for the choice of quick, instinctive
decisions. While longer-term, more complex actions can be interpreted to be goal-directed
and subject to learning processes. Moreover, positive, or negative attitude towards a task

involving uncertainty can be attributed to the temporal rate of prediction error reduction.

Evaluating Takeover Success from a Predictive Processing View: Although prediction error

minimization cannot be directly observed, it can be inferred by combining driving

65



performance metrics and physiological signals. According to Wei et al. (2022), an optimal
balance between pragmatic actions (like steering or braking) and epistemic actions (e.g.,
gathering visual information) indicates that a driver is well-attuned to a takeover scenario.
Observing how drivers choose to take actions and engage in information-gathering
behaviors, enables researchers to quantitatively evaluate the effectiveness of prediction

error minimization.
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Appendix A: Pilot Study Procedure

Preparation

e Introduction and signing consent form
e Attaching heart rate sensor
e Participants learn the simple n-back task

Preliminary Sound Rating: Rating sounds to assess assertiveness
Learning scenario

e Manualdriving in a scenario with

e Automatic driving

e Takeover process, including takeover via pressing a button on steering wheel,
rotating steering wheel by > 2 degrees, or depressing the brake pedal with > 0.5N.

Main driving task: Determining the most assertive TOR
Four laps:

e Automatic driving with n-back task for 90 seconds

e TOR s presented 7s before obstacle course, ADAS turns off

o Drivers navigate through obstacles: 10 obstacles each, spaced 20m apart.
e Drive 1km on unobstructed highway

e ADAS turns back on automatically

e Perceived Stress Teston 1-10 scale

Additional road conditions:

e Three lane highway per direction. Ego vehicle on middle lane.

e Simulated fog (35% percent concentration)

e Moderate to heavy traffic with motor sounds, 15 road users/km in both direction,
see (Du et al., 2020).

e Safety-critical events were induced by inactive vehicles and obstacles placed on
the lanes in the form of obstacle courses. There were two different obstacle
course patterns, each of which was repeated once. These obstacle courses later
formed the basis for Courses A and B in the main study.

Ending

e Detaching and cleaning sensors
e Post: Interview (5 Minutes)

e NASATLX

e Demographic data
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Appendix B: Forms and Questionnaires

B.1 NASA Task Load Index

The NASA Task Load Index is an assessment tool to evaluate five kinds of workload

experienced by participants in a test setting, as well as a subjective measure of frustration

about the task (NASA TLX: Task Load Index, 2024).

Figure 8.6

NASA Task Load Index

Hart and Staveland’s NASA Task Load Index (TLX) method assesses
work load on five 7-point scales. Increments of high, medium and low
estimates for each point result in 21 gradations on the scales.

Name

Task Date

Mental Demand

How mentally demanding was the task?

Very Low

Physical Demand

Very High

How physically demanding was the task?

Very Low

Temporal Demand

Very High

How hurried or rushed was the pace of the task?

Very Low

Performance

Very High

How successful were you in accomplishing what
you were asked to do?

Failure

How hard did you have to work to accomplish
your level of performance?

Very Low

Frustration

Very High

How insecure, discouraged, irritated, stressed,
and annoyed wereyou?

Very Low

Very High
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B.2 German 10-item Perceived Stress Scale

Schneider (2020) provided a German translation of the 10-item perceived stress scale,
originally developed by Cohen et al. (1983).

Instructions, items and subscales of a German adaption of the 10-item
Perceived Stress Scale (PSS-10)

From: Schneider, E. E., Schénfelder, S., Domke-Wolf, M., & Wessa, M. (in press). Measuring stress in
clinical and nonclinical subjects using a German adaptation of the Perceived Stress Scale.
International Journal of Clinical and Health Psychology.

PERCEIVED STRESS SCALE - 10

Die folgenden Fragen beschéftigen sich mit lhren Gedanken und Geflihlen wahrend des letzten Monats. Bitte geben Sie fiir
jede Frage an, wie oft sie in entsprechender Art und Weise gedacht oder gefahit haben.

| %
o| £ g
=15|2|8
2ls|8|5
2|E&|2|N| 8
1 Wie oft waren Sie im letzten Monat aufgewthit, weil etwas unerwartet passiert 1 213 4ls
ist?
2 Wie oft hatten Sie im letzten Monat das Gefuhl, nicht in der Lage zu sein, die 112l3lals
wichtigen Dinge in Ihrem Leben kontrollieren zu kénnen?
3 Wie oft haben sie sich im letzten Monat nervis und gestresst gefiihit? 1 23| 4|5
4 Wie oft waren Sie im letzten Monat zuversichtlich, dass Sie fahig sind, ihre 1 213 4ls

personlichen Probleme zu bewéltigen?

5 Wie oft hatten Sie im letzten Monat das Gefiihl, dass sich die Dinge zu lhren
Gunsten entwickeln?

6 Wie oft hatten Sie im letzten Monat den Eindruck, nicht all Ihren anstehenden 1 213 4ls
Aufgaben gewachsen zu sein?

7 Wie oft waren Sie im letzten Monat in der Lage, 4rgerliche Situationen in Ihrem 1lalalals
Leben zu beeinflussen?

8 Wie oft hatten Sie im letzten Monat das Gefiihl, alles im Griff zu haben? 1 23] 4]|5

9 Wie oft haben Sie sich im letzten Monat Gber Dinge geérgert, ber die Sie keine 1 213 4ls
Kontrolle hatten?

10 Wie oft hatten Sie im letzten Monat das Gefiihl, dass sich so viele
Schwierigkeiten angehauft haben, dass Sie diese nicht Uberwinden konnten?

Skala Hilflosigkeit (H): Summe der Items 1, 2, 3, 6, 9, 10; Skala Selbstwirksamkeit (S): Summe der Items 4, 5, 7, 8.
Fur die Berechnung des Gesamtscores missen die Items 4, 5, 7 und 8 der Selbstwirksamkeitsskala invertiert
werden. Der Gesamtscore berechnet sich aus der Summe der Items der Hilflosigkeitsskala und der Summe der
invertierten Items der Selbstwirksamkeitsskala. Hohere Werte deuten auf ein erhahtes Stresslevel hin.

Original Items in English (Cohen et al., 1983)

The questions in this scale ask you about your feelings and thoughts during the last month. In each case, you will be asked to indicate how often
you felt or thought a certain way.

1 PH Inthe last month, how often have you been upset because of something that happened unexpectedly?

2 PH Inthe last month, how often have you felt that you were unable to control the important things in your life?

3 PH Inthe last month, how often have you felt nervous and “stressed"?

4 PSE Inthe last month, how often have you felt confident about your ability to handle your personal problems?

5§ PSE Inthe last month, how often have you felt that things were going your way?

& PH Inthe last month, how often have you found that you could not cope with all the things that you had to do?

7 PSE Inthe last month, how often have you been able to control irritations in your life?

8 PSE Inthe last month, how often have you felt that you were on top of things?

9 PH Inthe last month, how often have you been angered because of things that were outside of your control?

10 PH  Inthe last month, how often have you felt difficullies were piling up so high that you could not overcome them?

Answer range: 1 = never, 2 = almost never, 3 = sometimes, 4 = fairly often, 5 = very often; PH=perceived helplessness subscale; PSE=perceived
self-efficacy; ltems 4, 5, 7 and 8 are reverse scored for the total score. The PH subscale is computed by summing up ltems 1, 2, 3, 6, 9 and 10; the
PSE subscale is computed by summing up items 4, 5, 7 and 8; the total score is the sum of all PH and reversed PSE items. Higher scores reflect
greater levels of stress



B.3 English 10-item Perceived Stress Scale

Cohen et al. devised the perceived stress scale in 1983. Below are the instructions and
the ten-item variation (Cohen et al., 1983, S. 394).

Instructions:

The questions in this scale ask you about your feelings and thoughts during the last month.
In each case, you will be asked to indicate how often you felt or thought a certain way.
Although some of the guestions are similar, there are differences between them, and you
should treat each one as a separate question. The best approach is to answer each
question fairly quickly. That is, don't try to count up the number of times you felt a particular
way, but rather indicate the alternative that seems like a reasonable estimate. For each
question choose from the following alternatives:

0. never

1. almost never
2. sometimes
3. fairly often
4, very often

1. In the last month, how often have you been upset because of something that happened
unexpectedly?

2. In the last month, how often have you felt that you were unable to control the important
things in your life?

3. In the last month, how often have you felt nervous and "stressed"?

4.%n the last month, how often have you dealt successfully with irritating life hassles?

5.%n the last month, how often have you felt that you were effectively coping with
important changes that were occurring in your life?

6.7 In the last month, how often have you felt confident about your ability to handle your
personal problems?

7.%In the last month, how often have you felt that things were going your way?

8. In the last month, how often have you found that you could not cope with all the things
thatyou had to do?

9.%In the last month, how often have you been able to controlirritations in your life?

10.? In the last month, how often have you felt that you were on top of thing

aScored in the reverse direction.
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