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Abstract

This dissertation investigates neurophysiological correlates of human acceptance of autonomous
vehicle (AV) behavior, particularly in time-critical and ambiguous traffic scenarios. Specifically,
we explored whether event-related potentials (ERPs) could serve as an unobtrusive measure of
individual acceptance, potentially enabling brain computer interfaces (BCI) systems to support
explainable artificial intelligence (XAI) in AVs.

Two experimental studies were conducted to assess ERP responses to AV behavior that was
either congruent or incongruent with participants’ expectations.

Study I, using static stimuli depicting moral dilemmas involving AVs, found increased fronto-
central P3 (322 to 422 ms) and late positive potential (LPP) (500 to 900 ms) amplitudes when
the AV’s decision was incongruent with the participants’ judgment.

Study II, employing dynamic video sequences of a simulated AV executing left turns through on-
coming traffic, revealed an increased fronto-central N2 (251 to 431 ms) response for incongruent
trials.

These findings align with previous research suggesting that N2 and P3 components are linked
to significant unexpected system behavior. Yet, inconsistencies across studies highlight the
complexity of neurophysiological responses in human-AV interaction, especially in ambiguous
traffic situations. Thus, ERP-based measures could contribute to real-time assessment of critical
or unacceptable AV behavior. However, further research is needed to validate these findings and
improve their applicability. Future studies should incorporate multimodal physiological data to
enhance reliability and mobile electroencephalogramm (EEG) applications during real-world
driving to enhance external validity. Such advancements will be crucial for developing adaptive
AV systems that align with user expectations, fostering acceptance of autonomous mobility.







Zusammenfassung

Diese Dissertation untersucht neurophysiologische Korrelate menschlicher Akzeptanz des Verhal-
tens autonomer Fahrzeuge (AVs), insbesondere in zeitkritischen und mehrdeutigen Verkehrssi-
tuationen. Insbesondere wurde untersucht, ob ereigniskorrelierte Potentiale (ERPs) als unauf-
dringliches Maf} fiir individuelle Akzeptanz dienen konnten, wodurch Gehirn-Computer-
Schnittstellen (BCIs) potenziell erkldrbare kiinstliche Intelligenz (XAI) in autonomen Fahrzeugen
unterstiitzen konnten.

Zwei experimentelle Studien wurden durchgefiihrt, um ERP-Reaktionen auf AV-Verhalten zu
untersuchen, das entweder mit den Erwartungen der Teilnehmenden iibereinstimmte oder davon
abwich.

Studie I, in der statische Reize moralische Dilemmata mit AVs darstellten, zeigte erhohte
fronto-zentrale P3-Amplituden (322 bis 422 ms) sowie eine verstiarkte Spatpositive Potential
(LPP)-Amplituden (500 bis 900 ms), wenn die Entscheidung des AVs nicht mit der Einschitzung
der Teilnehmenden iibereinstimmte.

Studie II, in der dynamische Videosequenzen eines simulierten AVs beim Linksabbiegen durch
den Gegenverkehr verwendet wurden, zeigte eine erhohte fronto-zentrale N2-Amplitude (251 bis
431 ms) in inkongruenten Durchgéngen.

Diese Ergebnisse stehen im Einklang mit fritheren Studien, die darauf hindeuten, dass N2- und
P3-Komponenten mit unerwartetem Systemverhalten in Verbindung stehen. Gleichzeitig unter-
streichen Inkonsistenzen zwischen den Studien die Komplexitédt neurophysiologischer Reaktionen
wahrend Mensch-AV-Interaktion, insbesondere in mehrdeutigen Verkehrssituationen. Daher
konnten ERP-basierte Mensch-AV-Interaktionssysetme zur Echtzeitbewertung kritischen oder
nicht akzeptablen AV-Verhaltens beitragen. Allerdings ist weitere Forschung erforderlich, um
diese Erkenntnisse zu validieren und ihre Anwendbarkeit zu verbessern. Zukiinftige Studien
sollten multimodale physiologische Daten integrieren, um die Reliabilitit zu erhéhen, und mobile
Elektroenzephalogramm (EEG)-Systeme in realen Fahrsituationen untersuchen, um die externe
Validitét zu verbessern. Solche Fortschritte werden entscheidend sein, um adaptive AV-Systeme zu
entwickeln, die den Erwartungen von Nutzer*innen entsprechen und die Akzeptanz autonomer
Mobilitat fordern.
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General Introduction

As early as 1898, I proposed to representatives of a large
manufacturing concern the construction and public
exhibition of an automobile carriage which, left to itself,
would perform a great variety of operations involving
something akin to judgment.

— Nikola Tesla (1856 - 1943)
(inventor of the alternating current technique

predicting autonomous vehicles)

Intelligent machines, just science fiction a few decades ago, became seamlessly woven into
our reality today. Al has become part of our everyday lives: We unlock our mobile phones using
facial recognition, we use LLMs, such as ChatGPT, to generate texts and translate them into any
language in no time, we create elaborate illustrations with Al (e.g., see Fig. 1), and we save
energy with ’smart home’ devices.

Autonomous vehicles. Another emerging application of Al are AVs. The norm SAE J3016
classifies driving automation into six levels (0-5). Levels 0-2 encompass driver support features
still requiring full driver supervision. Levels 3-5 describe automated driving features, but only
levels 4 and 5 eliminate the need for occasional driver intervention. So for this thesis, systems
adhering to SAE J3016 level 4 or 5 are considered AVs (On-Road Automated Driving (ORAD)
committee, 2021). Accordingly, an AV must be capable of handling the entire dynamic traffic
environment in an automated manner. In doing so, it must inevitably make decisions that directly
impact its users, not only in the form of increased or decreased travel time, but also in terms of
their perceived safety. However, highly and fully AVs (SAE level 4 & 5) bear a great potential for
increased road safety, energy efficiency, and social participation for users without driver’s licenses,
for instance, elderly, underaged, or individuals with disabilities (D. Li, Huang, & Qian, 2022).
Even though many advanced driver assistance features have already been established in vehi-
cles available on the consumer market (e.g., lane centering, street sign recognition, hands-free
highway driving, automatic emergency braking, adaptive cruise control, etc.), full automation is
currently not (yet) realized for road use. For instance, in August 2021 the two rival companies -




Cruise and Waymo - launched AV taxi fleets in San Francisco (San Francisco Municipal Trans-
portation Agency (SFMTA), 2025). These endeavors, however, suffered from some setbacks: The
AVs drove onto construction sites, stopped at junctions and thereby blocked them, or drove at
walking speed through the suburbs, causing congestion. Partly, those setbacks stemmed from
malfunctions, which need to be addressed by the manufacturers, before systems can acquire
permanent federal approval for road use. However, some unacceptable behavior might stem
from ambiguous traffic situations, where the AV incorporated information outside of the users’
knowledge. For instance AVs can be equipped with radar sensors, which operate independently
from light conditions, and therefore at times provide information beyond the human sensory
field (Schoettle, 2017). In interconnected autonomous traffic systems AVs could incorporate
information that was transmitted from other AVs (Rana & Hossain, 2023). Additionally, traffic
situations are often ambiguous and allow for multiple equally valid responses. Which response is
chosen then comes down to personal preference. For example, when there is congestion on the
highway, some drivers might find staying more comfortable and accept elongated travel time.
In contrast, others prefer driving off, taking uncomfortably bumpy side roads to win back some
time. In short, since traffic situations can be ambiguous, possibly leaving room for different
response options, human users might sometimes perceive an AV’s behavior as implausible, even
if objectively it showed the optimal cause of action that was in line with federal law.

This could, according to the TAM (Davis, 1989) lead to a refrain from system usage. Neverthe-
less, to make the potential advantages of AVs accessible to societies, they need to find widespread
acceptance among users. Based on the TAM (Davis, 1989) and in extension the autonomous
vehicle acceptance model (Hewitt, Politis, Amanatidis, & Sarkar, 2019) for a system to find
widespread acceptance among users, the system’s behavior must be perceived as understandable.
Otherwise, users might refrain from AV usage, if they find its behavior not understandable and
subsequently not acceptable. To mend this, it is crucial to not only focus on engineering AVs
but also enhance human-AV communication by identifying critical or unacceptable situations.
When identified XAI systems could be purposefully employed to help users understand the AV’s
behavior and subsequently accept its actions. However, identifying such critical or unacceptable
traffic situations is not trivial.

This doctoral project, explores the potential of physiological measures to achieve this unob-
trusively, especially in time-critical situations. Thus, the present project will lay the groundwork
for future BCI systems, enhancing human-AV interaction. The term BCI research refers to a field
directly feeding physiological measures to artificial systems to either control or influence their
behavior (Blankertz et al., 2010; Choi, Choi, Kim, & Jo, 2019; Dimova-Edeleva, Ehrlich, & Cheng,
2022; Ferrez & Del Millan, 2008).
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Aim of the Proposal. Against this backdrop, the RTG SEAS at the Carl von Ossietzky University of
Oldenburg commissioned a line of research to enhance efficient communication between human
users and AVs or comparable systems respectively. The assignment was to unobtrusively assess
the individual acceptance of AV behavior. A physiological marker for participants’ acceptance
of rules followed by an AV should be identified to achieve this. This marker should enable the
evaluation of the outcome of this communication to avoid excessive demands and surprises and
to increase acceptance and trust in automation. This should be useful to design conflict resolution
strategies to reach individual acceptance and, in the field of XAI, to understand the contribution
of successful justification and debate to the overall acceptance of automation (Tepe et al., 2019).
Thereupon, I derived the following research question:

Research Question. Is there a neurophysiological correlate of participants’ acceptance of AV
behavior during human - AV communication especially in complex time-critical situations? Addi-
tionally, can this neurophysiological signal be used to assess individual acceptance unobtrusively?

Subsequently, if an BCI system could reliably provide this information to an AV, the latter could
adapt its behavior towards the needs and preferences of individual users, by e.g., explaining its
behavior (Zhou, Gandomi, Chen, & Holzinger, 2021).

1.1 Developing a First Experimental Design and Piloting

To appropriately tackle this research question, it is necessary to...
1. identify a promising neural measure as a physiological marker to target, and

2. identify a suitable model situation for the investigation that is ambiguous enough that an
AV can behave acceptably and unacceptably while remaining within legal boundaries.

1.1.1 Neural Measures Used in Human-Machine Interaction

Electroencephalogramm (EEG). During time-critical driving maneuvers, it would be unfeasible
to hand out questionnaires to users to assess whether they perceived the systems’ behavior
as comprehensible and subsequently acceptable since such interruptions are known to foster
annoyance, anxiety, and error rates (Bailey & Konstan, 2006). Physiological measures may provide
an unobtrusive way to asses users’ perceptions of AV decisions during driving situations (Lohani,
Payne, & Strayer, 2019). A promising method to achieve augmented human-AV interaction,
which is frequently used in BCI research, is EEG (Cecotti & Ries, 2017; Lohani et al., 2019).
EEG is a non-invasive method using electrodes placed on users’ heads to record the brain’s
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electrical activity, specifically the neural activity of the cortex right beneath the scalp (Luck,
2014). Conventionally, the first letter of an electrode’s name abbreviates its position on the scalp:
frontal (F), central (C), parietal (P), occipital (O), and temporal (T). In particular, the EEG offers
a high temporal resolution (Luck, 2014) that is well suited to investigate human-AV interaction
in time-critical traffic situations. Additionally, cost-efficient, user-friendly, mobile solutions are
available (Bateson, Baseler, Paulson, Ahmed, & Asghar, 2017; Niso, Romero, Moreau, Araujo,
& Krol, 2023), which could realistically enable future field applications to realize BCIs in the
driving context (Zander et al., 2017).

ERPs. A well-established measure in the EEG is the ERP, elicited by the simultaneous activity
of neural clusters in time-locked response to an event such as the presentation of a stimulus.
These signals occur within ms and precede any voluntary motor reaction (MacKay, 1985). The
ERP is comprised of several so-called components - deflections in 'V throughout the time course
of the ERP. Usually, they are named for their polarity, P for positive and N for negative, and
their sequential order in time. Roughly speaking, earlier ERP components in the realms of
approximately 0-170 ms after stimulus onset are associated with more basic neural processing. In
contrast, later ERP components for instance, N2, P3, LPP (~ 200 — 1000 ms), tend to be reflections
of cognitive functions (Hajcak & Foti, 2020; Luck, 2014). Since assessing a traffic situation is
from the perspective of foundational EEG-research, a rather complex endeavor, we thought it
most fruitful to concentrate on later ERP components.

Brain computer interfaces using ERPs. Furthermore, ERPs are frequently incorporated in BCI
research, a field of neuroscience focussing on enabling direct communication between the
(human) neural system and artificial devices (Cecotti & Ries, 2017; Lohani et al., 2019). Among
the first fields of application for ERP-based BCI were P3 spellers, i.e., medical devices to enable
writing for people with severe motor disabilities (Farwell & Donchin, 1988; Spiiler et al., 2012).
In non-medical applications BCI is frequently utilized for device, robot, or vehicle control (Lopes-
Dias, Sburlea, & Miiller-Putz, 2019; Stawicki, Gembler, & Volosyak, 2016; X. Wang, Chen, Wang,
& Lin, 2023) as well as for assessing users’ mental states, such as fatigue, drowsiness, or attention
(Blankertz et al., 2010; Chavarriaga et al., 2018; Patel et al., 2018; Zander & Jatzev, 2012)
for instance while using advanced driving assistance systems (Chavarriaga et al., 2018), or for
driving mode selection (Wu, Wang, Xu, & Sun, 2022).

ERP-based BCI has been explored in previous research to identify critical situations in human-
device interaction. BCI has been utilized to identify erroneous or unintended behavior of a device
(Ferrez & Del Millan, 2008; Pulferer & Miiller-Putz, 2022; Si-Mohammed et al., 2020; Yazmir
& Reiner, 2022), a robot (Nakamura & Natsume, 2020; X. Wang et al., 2023) or a simulated
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AV (Choi et al., 2019). Additionally, in driving contexts, BCI was investigated to identify target
recognition during simulated driving (Aydarkhanov, Us¢cumli¢, Chavarriaga, Gheorghe, & Del R
Millan, 2021), situations of real-world (Haufe et al., 2014) and simulated emergency breaking
(I.-H. Kim, Kim, Haufe, & Lee, 2013, 2015), hazardous traffic situations (Kolkhorst, Burgard, &
Tangermann, 2017; Kolkhorst, Karkkainen, Raheim, Burgard, & Tangermann, 2019), and driver
intention (Khaliliardali, Chavarriaga, Andrei Gheorghe, & Del Millan, 2012; I.-H. Kim et al., 2015;
H. Zhang, Chavarriaga, Gheorghe, & Del Millan, 2013; H. Zhang et al., 2015).

ErrPs as a Possible Candidate. Since we were especially interested in differentiating between
acceptable and unacceptable AV behavior, one particular group of later ERP components, ErrPs,
come to mind. They are distinct electrophysiological signatures that occur during performance
monitoring and thus error processing (Ullsperger, Fischer, Nigbur, & Endrass, 2014). Overall,
ErrPs after an event are expected in the N2/P3 complex in the ERP (Chavarriaga, Sobolewski, &
Del Milldn, 2014; Ullsperger et al., 2014). Among them, best known are the ERN and the FRN.

Error related negativity (ERN). The ERN occurs when realizing that one committed an erroneous
action, e.g. pressing a wrong button on a keyboard (Falkenstein, Hoormann, Christ, & Hohnsbein,
2000). It is found aggregated over trials and locked to the erratic response with a fronto-central
minimum around 50-100 ms (Falkenstein et al., 2000) and followed by a positive maximum,
depending on the task, at around 150-300 ms (Chavarriaga et al., 2014; Frank, Woroch, & Curran,
2005; Riesel, Weinberg, Endrass, Meyer, & Hajcak, 2013; Themanson, Rosen, Pontifex, Hillman, &
McAuley, 2012). Realizing mistakes is also reflected in changes in the theta oscillation frequency
band (Beatty, Buzzell, Roberts, & McDonald, 2020; van Noordt, Campopiano, & Segalowitz,
2016). The ERN is thought to be a part of performance monitoring and learning since it predicts
if participants adjust their behavior in subsequent trials (Debener et al., 2005; Frank et al., 2005;
Themanson et al., 2012). The ERN is not only present in frequently used schematic and abstract
stimulus material, e.g. Eriksen Flanker tasks (Eriksen & Eriksen, 1974), but also in more realistic
complex stimulus material, e.g. when participants are asked to spot the presence of a motorcycle
on a photography of a traffic situation (Sawyer, Karwowski, Xanthopoulos, & Hancock, 2017).

Feedback related negativity (FRN). The FRN appears in the ERP locked to the presentation of
the result of one’s choice or action, i.e. feedback. It appears as a medial-frontal negativity at
200-300 ms after stimulus onset (Chavarriaga et al., 2014; Cohen, Elger, & Ranganath, 2007;
Frank et al., 2005), which is then followed by a frontal P3a at around 300-400 ms and a parietal
P3b at around 400-500 ms (Ullsperger et al., 2014). This is frequently examined at frontal
and parietal midline electrodes (e.g., Fz, FCz, Cz) (Chavarriaga & Del Millan, 2010; Cohen et
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al., 2007; Ehrlich & Cheng, 2019; Holroyd, Nieuwenhuis, Yeung, & Cohen, 2003; Nakamura &
Natsume, 2020; Nieuwenhuis, Yeung, Holroyd, Schurger, & Cohen, 2004; Si-Mohammed et al.,
2020; Yazmir & Reiner, 2022). This ERP component is frequently shown in gambling tasks when
participants are confronted with their wins and especially their losses (Holroyd et al., 2003; Hu,
Xu, Li, & Mai, 2018; Nieuwenhuis et al., 2004).

ErrPs While Observing Thirds. Comparable signals are also elicited when observing another
person committing errors. For instance, when a human confederate commits errors in a vari-
ation of the Eriksen Flanker task (Eriksen & Eriksen, 1974), there is an ERN present in the
observer’s EEG (van Schie, Mars, Coles, & Bekkering, 2004; Vi, Jamil, Coyle, & Subramanian,
2014). Similarly, ERNs have been shown when participants observe errors in an artificial agent’s
performance (Chavarriaga & Del Millan, 2010; Dimova-Edeleva et al., 2022; S. K. Kim & Kirchner,
2016; Zander & Jatzev, 2012). However, these ERNs are smaller than when participants act
themselves (Dimova-Edeleva et al., 2022). Furthermore, in gambling games, an FRN appears
when participants themselves lose money (Holroyd et al., 2003; Nieuwenhuis et al., 2004), and a
smaller FRN is observed when an artificial agent loses money on the participant’s behalf (Yeung,
Holroyd, & Cohen, 2005). All the tasks used in these studies on ErrPs and third parties share
common characteristics: they are schematic, abstract, and have an objectively correct solution.

ErrPs and Complex Stimuli. Recently, an increasing number of studies have been investigating
ErrPs using more realistic complex stimulus material.

For example, ErrPs have been shown when interfaces behave erroneously (Si-Mohammed et
al., 2020; Yazmir & Reiner, 2022; H. Zhang et al., 2013, 2015): In their real-world driving and
simulator experiment H. Zhang et al. (2013, 2015) found ErrPs when the vehicle’s navigation
interface behaved unexpectedly (N = 7, & N = 22). Si-Mohammed et al. (2020) found FRNs in
a sorting task in VR (N = 15). Yazmir and Reiner (2022) found FRNs when the interface of a
virtual game behaved erroneously as compared to when the participant’s hand was moved to
cause an erroneous action in the game (N = 21). However, Yazmir and Reiner (2022)’s study
lacks a control condition where the interface behaves as expected. Therefore, their ERP results
are difficult to interpret for the present purpose.

Moreover, ErrPs were observed when participants operated a robotic arm which occasionally
displayed unexpected behavior (Lopes-Dias et al., 2019; Pulferer, Kostoglou, & Miiller-Putz, 2023).
Similarly, Ehrlich and Cheng (2019) also found ErrPs when participants (N = 13) observed a
humanoid robot committing mistakes.

Closer to our research question Nakamura and Natsume (2020) as well as X. Wang et al. (2023)
found ErrPs while navigating a robot vehicle which occasionally took a wrong turn.
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ErrPs and BCI. To this day, several studies targeted ErrPs for BCI with clinical (Spiiler et al.,
2012) and here more relevant non-clinical purposes (Ehrlich & Cheng, 2018; S. K. Kim & Kirchner,
2016; Pulferer & Miiller-Putz, 2022).

Ehrlich and Cheng (2018) implemented a BCI system to adapt a robot’s behavior based on
participants’ ErrPs (N = 16). S. K. Kim and Kirchner (2016) used ErrPs from a task where
participants (N = 8) observed an agent committing errors to train a classifier and they were able
to utilize this classifier to identify trials where participants committed the errors themselves in
set task with an accuracy of 0.79. In Pulferer and Miiller-Putz (2022)’s continuous feedback task
participants (N = 10) were asked to track a target using an EEG based BCI system. The system
could perform correctly, by being on the target, or erroneously by being afar the target. In the
ERP they find a parietally increased amplitude for correct trials in later components (~ P3).

For further reading Kumar, Gao, Pirogova, and Fang (2019) and Chavarriaga et al. (2014)
published more in-depth reviews on ErrPs in the context of BCI.

Intermediate Summary. Even though the stimulus material utilized in the previously mentioned
studies was more complex, often it was either far removed from traffic situations or the used tasks
contained strictly dichotomous conditions: correct and error trials. However, in AVs objective
errors should already be minimized by manufacturers. Hence, these studies are not sufficient
to appropriately target the research aim of evaluating human-AV interaction, especially during
more ambiguous traffic situations leaving room for a variation of possible responses.

1.1.2 Identifying a Suitable Model Situation as Stimulus Material

To experimentally study the acceptance of rules followed by an AV to identify critical traffic
situations where an AV would behave in an acceptable or unacceptable manner, we need
representative traffic situations. Particularly, in these situations, the AV’s behavior should be
within the bounds of legal regulations. This is crucial since illegal and safety-critical AV behavior
should already be minimized by manufacturers before acquiring certification for road use (Liu,
Yang, & Xu, 2019). Therefore, delinquent AV behavior is not particularly interesting in human-AV
interaction.

Further, the investigation should be as reproducible as possible, thus the experimental experi-
ence should provide few variations between participants. This can be best achieved in a driving
simulator environment, where the experimenter can fully control the whole traffic situation,
while also guaranteeing participants’ safety.

First, I identified critical situations, leaving options for action. Thus, an AV could handle the
situation differently than its human user. Tepe et al. (2019) proposed a traffic jam situation where

1.1 Developing a First Experimental Design and Piloting 7



the AV refrains from using the fastest route to give way to emergency vehicles (ambulances, fire
engines, etc.). Additionally, Wiegand, Eiband, Haubelt, and Hussmann (2020) used thematic
analysis of real-world experience reports to identify 17 situations in which an AV behaved
unexpectedly. For the initially extracted scenarios (see appendix A.1.1), I could formulate
acceptable and unacceptable options for AV behavior. To acquire a reliable ERP it is necessary to
aggregate over several trials (Luck, 2014). Hence, for this experimental purpose, it is necessary
that a situation could be plausibly repeated numerous times. Therefore, I decided to focus
on crossing maneuvers over emergencies or accidents, because the former are more frequent
occurrences in daily traffic.

1.1.3 The Pilot Study: A First Attempt in the Driving Simulator

Errare Machinale Est.

— Ricardo Chavarriaga
(Neuroscientist)

With kind support from Dr. Lars Weber, we implemented a pilot study in an elaborate driving
simulator, a unique prototype at OFFIS (Oldenburg). It is comprised of the front half of a car
body with a driver’s seat and three projectors ensuring complete coverage of users’ visual fields.
Immersiveness is fostered by a synchronized speedometer display, as well as a motorized stirring
wheel that turns in coherence with the simulation. See Fig. 1.1 for a photograph of the driving
simulator.

Dr. Lars Weber built a driving automation in the commercial driving simulation software
SILAB Version 6 (WIVW GmbH, Wiirzburg, Germany) that could successfully perform a left turn
maneuver through oncoming traffic. The automation would drive through a rural and small-town
environment (see Fig. 1.1) and frequently encounter crossings with oncoming traffic where it
turned left. The automation had two conditions: one swift condition where it would take small
gaps between oncoming vehicles and one cautious condition requiring bigger gaps for turning
left. Thus, in the cautious condition, it needed substantially longer to successfully perform the left
turn maneuver. After each turn, the AV briefly came to a halt and participants were asked to rate
the acceptability of the AV’s performance on a Likert Scale with (1) completely unacceptable to
(7) completely acceptable. We implemented it so that it performed 30 crossings in each condition
in a randomized order. Performing all 60 crossings took approximately 50 min.

Challenges. While recoding pilot participants (N = 7) we encountered several severe challenges
in this configuration of the experimental design:
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Fig. 1.1.: Pilot participant seated in the driving simulator at OFFIS wearing a 32-channel passive EEG set
up (BrainProducts GmbH, Gilching, Germany). Image taken by the author.

There were several technical challenges: To ensure a trustworthy ERP, accurate timing is vital.
However, when writing triggers marking significant events such as the starting or stopping of
the AV from the simulation software SILAB to our physiological recording software BrainVision
Recorder (BrainProducts GmbH, Gilching, Germany) there was a jittering of accuracy in the
realms of several 100 ms. This would have caused a severe reduction in data quality. Additionally,
an EEG is usually recorded in electrically shielded laboratory chambers, because (electrical) noise
such as line noise can contaminate the EEG signal. Further, EEG is most frequently recorded in
response to static stimulus material. The credibility of the acquired ERPs in this dynamic driving
simulation material remained unclear. Hence, if we had not been able to find an ERP we would
not know if this was due to the noisy recording environment and technical limitations or if the

expected ERP is absent in our complex scenario.

Further, there were some concerning reports from pilot participants: To achieve a continuous
driving experience, a lot of time was spent driving between crossings, which was not vital for the
research question. Yet, it substantially elongated the experiment. This resulted in only one trial
(measurement) approximately every ~ 50 s. Consequently, pilot participants frequently reported
being fatigued by the experience. Some participants even suffered from simulator sickness,
especially while turning. Simulator sickness is a type of motion sickness caused according to the
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sensory conflict theory by perceived discrepancies between the simulation’s motion contrasting
with the participant’s static sitting position (Brooks et al., 2010). This condition was shown to
produce effects in the EEG (Arsalan Naqvi et al., 2015; Y.-C. Chen et al., 2010; Chuang, Chuang,
Yu, King, & Lin, 2016; Y. Y. Kim, Kim, Kim, Ko, & Kim, 2005), and hence could have substantially
confounded our results.

Last but not least, there was dissent among participants, as to which type of automation they
deemed more acceptable. Some reported they preferred the swift automation, some favored the
cautious automation, which only turned through big gaps, and some deemed all automation
configurations acceptable because the maneuver was always eventually performed successfully.
In this first design, participants were asked how they perceived the AV’s behavior after each trial.
Hence, the number of acceptable and unacceptable trials depended solely on the participant’s
preference. There would not have been any unacceptable trials for some participants, which
would have posed severe challenges for statistical analysis. Further, asking after each trial could
have introduced a hindsight bias into their answers. Hence, it was questionable if acceptable and
unacceptable AV behavior could be thoroughly investigated in this setup.

1.2 Introduction to Studies | and Il

In light of the severe challenges revealed by piloting, we ultimately decided to redesign the entire
project, integrating these insights.

Analyzing EEG recorded during continuous stimulus material such as complex and often
ambiguous traffic situations with AVs is not trivial. Therefore, we inserted a study utilizing
more straightforward stimulus material as a first step of the investigation. Accordingly, the
present doctoral project consists of two studies. Study I (see Chapter 2) utilized ambiguous traffic
situations that could be presented as static images. Based on existing literature, moral dilemma
situations with AVs (Awad et al., 2018) are suitable for this purpose (Gui, Gan, & Liu, 2016;
Pletti, Decety, & Paulus, 2019; Wolff, Gomez-Pilar, Nakao, & Northoff, 2019; Wolff, Yao, et al.,
2019). This visual simplification of the stimulus material allowed a more thorough understanding
of our data and experimental setup. In Study II (see Chapter 3), we ascended to videos of an AV
solving traffic maneuvers. This material was derived from the pilot study in the driving simulator
(see Chapter 1.1.3).

To enhance data quality by ensuring precise timing and minimizing noise contamination, the
experiment was relocated from the driving simulator to an electrically shielded EEG laboratory
at the University of Oldenburg. The there utilized experimental chamber is equipped with a
computer screen (~ 27") for stimulus presentation. Although using a single screen instead of
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the immersive surround cinema screen in the driving simulator (see Fig. 1.1) reduced ecological
validity, this approach effectively prevented simulator sickness, particularly in Study II.

To address personal preferences what participants deemed (un-)acceptable AV behavior we
implemented a congruent-incongruent mechanic in both studies: For each situation, we first asked
participants how they would solve the traffic situation and subsequently, the AV’s behavior was
congruent (in line) with the participant’s assessment or contrary to their evaluation (incongruent).

In the following, both studies comprising the present doctoral project are briefly introduced
and tied into the broader context of related research.

1.2.1 Study I: ERPs Reveal Incongruent Behavior of AVs in the Moral
Machine Dilemma

The Study I was submitted to the journal Scientific Reports (Bertheau, Boetzel, and Herrmann
(2025), under review, or see Chapter 2).

As a first intermediate step towards approaching EEG during complex and often ambiguous
traffic situations with AVs, we implemented an experiment utilizing static image traffic situations
since static images allow for a relatively straightforward ERP analysis.

For this purpose, moral dilemmas are especially suited because they can be presented in a
simplified symbolic manner instead of immersive in field traffic situations. Meanwhile, they
provide the desired ambiguity and pose an extreme manipulation which should facilitate the
detection of ERPs. Moral dilemmas, especially variations of the trolley dilemma (Foot, 1967),
provide ambiguity because ethically they do not have a clear solution (Bundesministerium fiir
Verkehr und digitale Infrastruktur, 2017). Ethical philosophy is split into two opposing positions:
utilitarian ethics, which claims always saving more lives was the ethically correct decision, and
deontological ethics, which claims no decision-making at all was ethically defendable (Lee, Sul,
& Kim, 2018).

Litertaure Review ERPs and Dilemma tasks

The following literature review provides an overview of previous findings on ERPs responses
during moral dilemma tasks. Their results are outlined in four categories according to the used
task modality: (1a) single word stimuli (P. Chen, Qiu, Li, & Zhang, 2009; Gantman, Devraj-Kizuk,
Mende-Siedlecki, van Bavel, & Mathewson, 2020; Pletti et al., 2019), (1b) text-based vignettes
(Jiang, Zhuo, Wang, & Lin, 2022; Lahat, Helwig, & Zelazo, 2013; Sarlo et al., 2012; Sarlo, Lotto,
Rumiati, & Palomba, 2014), (2a) static image vignettes (Gui et al., 2016; Pletti et al., 2019; Wolff,
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Gomez-Pilar, et al., 2019; Wollff, Yao, et al., 2019), and (2b) moving imagery such as videos and
video games (Petras, ten Oever, & Jansma, 2015; Yoder & Decety, 2014).

(1a) Words. Using single-word moral tasks P. Chen et al. (2009) reported that when participants
(N = 18) were tasked to decide between the salvation of two loved ones, an increased P2
deflection elicited, compared to deciding between strangers. Furthermore, Gantman et al. (2020)
found a difference at around 300 ms over left-posterior cortex between moral and non-moral
words (N = 50).

(1b) Text. Using text-based moral tasks Sarlo et al. (2012, 2014) found an increased P260
ERP component in frontal and fronto-polar areas when participants (N = 37) were deciding on
different types of traffic-related dilemmas. In text-based moral dilemmas with a more mundane
school-related content, Lahat et al. (2013) found increased frontal N2 amplitudes in adolescents
(n = 24, n = 30 adult controls) judging moral violations, that had been explicitly allowed
compared to those that were not allowed. Interestingly, Jiang et al. (2022) found differences
on the ERP when moral judgments were made regarding the participants (N = 17) themselves
in contrast to judgments regarding others. Their results revealed that moral judgments for
others elicited a larger frontal late positive component (LPC, 500-900 ms) than that judgments
for themselves when the agents made utilitarian choices. At the same time, no difference was
observed in the early components of N1, P2, and N2.

Even though there is apparent popularity for text-based vignettes because they are frequently
based on previously established text-based instruments (Lotto, Manfrinati, & Sarlo, 2014; Malle,
Scheutz, Arnold, Voiklis, & Cusimano, 2015), we belief image vignettes advantageous when
measuring ERPs. Image vignettes allow for a clearly identifiable stimulus onset, and they do
not suffer as much from saccadial EEG artifacts accompanying reading. Furthermore, image
vignettes are qualitatively closer to the visually driven 'real world’ and do not rely as much on
the participants’ imagination to visualize a scene.

(2a) Images. Among the studies using static images Pletti et al. (2019) and Gui et al. (2016) use
more mundane social situations between two characters. Only Wolff, Gomez-Pilar, et al. (2019);
Wolff, Yao, et al. (2019) use a traffic situation in the broadest sense. They used a variation of the
footbridge dilemma visualized with groups of stick figures. They found parietal effects for difficult
compared to easily solvable moral dilemmas in N100, P300, and late potentials (1000-2000 ms)
in N = 34 participants.
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(2b) Videos. When participants (N = 35) make moral judgments about prosocial (interpersonal
assistance) and antisocial (interpersonal harm) actions in presented videos, Yoder and Decety
(2014) find differences in the LPP amplitudes as well as in the early components N1 and N2.
Petras et al. (2015) investigated moral conflict in a Go/No-Go task modified as a shooter game.
They find an increased N1 when participants (N = 30) are asked to shoot a soldier from an ego
perspective and an increased N2 when they refrain from shooting a civilian.

Summary. All previously discussed studies were able to show ERP responses toward moral
stimulus material, however in a wide range of ERP components. Additionally, they focused
on how participants themselves or human agents made moral decisions. To target the aim to
assess participants’ acceptance of an AV’s behavior, we need to investigate participants’ EEG
responses towards an artificial agent’s behavior - an AV. Thus, we utilized a moral dilemma
situation involving an AV: the MM by Awad et al. (2018). This is the starting point for Study I
(see Chapter 2).

1.2.2 Study Il: Detecting Unacceptable Behavior of an AV Using EEG

Study II was also submitted to Scientific Reports (Bertheau and Herrmann (2025), under review,
or see Chapter 3).

To then carry the approach closer to in-field application, we implemented an ERP study in the
EEG laboratory using video footage from the previous AV driving simulator pilot (see Chapter
1.1.3). This iteration of the study incorporated more trials than the previous attempt to improve
the signal-to-noise ratio in the ERP. To increase the number of trials, while not unnecessarily
elongating the experiment, I cut the immersive drive through the simulation. Hence, trials started
with spawning close to the crossing and ended after the successful maneuver (See Fig. 3.4).

Literature Review on ERPs during (Autonomous) Driving

The following outlines previous findings on ERP responses during (autonomous) driving. Since
the aim is to identify unacceptable behavior of an AV using EEG especially those studies are
relevant where there is a vehicle displaying unintended behavior.

Driving. In L-H. Kim et al. (2013)’s driving simulator study, they trained a classifier to discrimi-
nate emergencies (emergency braking vehicle in front, other vehicle cutting in, and pedestrian
crossing) from normal manual driving. However, each condition’s number of trials per participant
(N = 5) remains unclear.
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H. Zhang et al. (2013, 2015) had participants (N = 7, & N = 22) drive through simulated
traffic following an unreliable navigation interface. They were instructed to follow directions
given by traffic signs in the simulation. Before each intersection, a cue arrow appeared in the
interface either in line (70% 150 of trials) or against the direction indicated in the signs. Linear
discriminant analysis achieved 0.69 accuracy between conditions in fronto-central electrodes.
When repeating this experiment in real-world driving (N = 7) H. Zhang et al. (2015) archived
classifier performances of 0.68 to 0.73.

Autonomous Driving. To this day, only a few experimental studies utilized ERPs in the context
of unexpected (semi-)AV behavior: Choi et al. (2019); DSouza, Dang, Metcalfe, and Bhattacharya
(2021); Kolkhorst et al. (2017, 2019); Nakamura and Natsume (2020); X. Wang et al. (2023),
and X. Zhang et al. (2023).

ERP effects have been found while participants (N = 5, & N = 13) navigate a robot vehicle
which occasionally takes an unintended turn (Nakamura & Natsume, 2020; X. Wang et al., 2023).
Nakamura and Natsume (2020) claim their classifier identified ErrPs, however, they do not
provide the necessary topography or amplitude time course to substantiate this claim. X. Wang et
al. (2023) reported a pattern resembling an ErrP for trials where after turning the robot broke its
intention: They found an increased significant negative amplitude (~ 170ms) and a subsequent
significant positive amplitude (~ 200ms) followed by another significant negative amplitude
(~ 300ms).

DSouza et al. (2021) and X. Zhang et al. (2023) investigated the usability of ERPs to identify
specific AV behavior. X. Zhang et al. (2023) aimed to utilize ERPs to identify critical situations
during autonomous driving in N = 10 participants. They aimed to predict cut-in maneuvers by
preceding vehicles. However, they only analyzed the early ERP components N1 and P2, where
they reported no significant effects. To me, this is not surprising since assessing a traffic situation
is a rather complex endeavor and therefore likely requires higher cognitive functions, which are
usually reflected in later ERP components (Hajcak & Foti, 2020). DSouza et al. (2021) tried to
asses trust in AVs using the ERP component P3 during braking, aggressive acceleration, and lane
changing scenarios. They claim to observe increased P3 amplitudes in their scenarios, however,
since their ERP analysis is only based on three of their N = 53 participants, their results should
be seen as preliminary and therefore only cautiously interpreted.

Choi et al. (2019) had male participants (N = 5) use a VR simulated AV. At each crossing,
participants made an input on which direction the vehicle should turn. The vehicle turned in line
(75% of 40 trials) or differently (25% of 40 trials) to the participants’ intention. Descriptively
they find an increased negative amplitude (~ 300 — 500ms) followed by a positive deflection
(~ 600 — 800ms) at FCz when the vehicle moved differently from the participant’s command.
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However, they do not report further topographical information to tie their results to previous EEG
findings. Further, it remains unclear if this is statistically significant. Using single-trial classifiers
to differentiate erroneous and correct AV trials, they acquired an accuracy on average of 63.74%.

Kolkhorst et al. (2017, 2019) presented participants (N = 5, & N = 5) with videos from
the user perspective of an AV where hazardous (e.g., pedestrian on the street, ~ 20%) and
non-hazardous (e.g., pedestrian on the sidewalk) events occurred (Kolkhorst et al. (2017): 450;
Kolkhorst et al. (2019): 871 events total per participant). Participants were instructed to press a
button when a hazardous event occurred. In their second study (Kolkhorst et al., 2019) there
was an additional condition where participants were asked to count hazardous events. In the
ERP the occurrence of an event elicited a positive deflection between approximately 350 ms
and 750 ms, resembling a P3. Descriptively, the P3 seems to have increased in hazardous trials.
They find a higher classification performance in the button condition (~ 0.75) compared to the
counting condition (0.73) between hazardous and non-hazardous events. However, I don’t find
this surprising because pressing a button elicits activity in the motor cortex. Hence, in this design,
the difference between hazardous and non-hazardous trials is confounded with button-press and
no button-press, severely limiting the interpretability of these results.

Summary. The quality and quantity of available studies attempting to utilize ERPs to identify
critical situations during human AV interaction suffer from limited numbers of participants (N =
3 to 10) (Choi et al., 2019; DSouza et al., 2021; Kolkhorst et al., 2017, 2019; X. Zhang et al.,
2023), a questionable ERP component selection (X. Zhang et al., 2023) or severe flaws in the
experimental design (Kolkhorst et al., 2017, 2019). Circumstantially, these studies hint at later
ERP components such as the P3 being relevant to assess unexpected vehicle behavior. However,
due to the circumstantial nature of these findings and also the lack of clear-cut ErrPs, we decided
to broaden the scope for Study II (see Chapter 3) to later ERP components as potential ERP
markers. To further remedy previous shortcomings, we sufficiently increased the number of
participants and trials.
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2.1 Abstract

We investigated event-related potentials (ERPs) in the context of autonomous vehicles (AVs) -
specifically in ambiguous, morally challenging traffic situations. In our study, participants (n
= 34) observed a putative artificial intelligence (AI) making decisions in a dilemma situation
involving an AV, expanding on the Moral Machine (MM) experiment. Additionally to the original
MM experiment, we incorporated electroencephalogramm recordings. We were able to replicate
most of the behavioral findings of the original MM: In case of an unavoidable traffic accident,
participants consistently favored sparing pedestrians over passengers, more characters over
fewer characters, and humans over pets. Beyond that, in the ERP we observed an increased P3
(322 to 422 ms), and late positive potential (LPP) (500 to 900 ms) amplitude in fronto-central
regions when the putative Al's decision on a moral dilemma was incongruent to the participants’
decision. As P3, and LPP are associated with the processing of stimulus significance, our findings
suggest that these ERP components could potentially be used to identify critical, or unacceptable
situations during human-AlI interactions involving moral decision-making. This might be useful in
brain computer interfaces research when, classifying single-trial ERP components, to dynamically
adopt an AV’s behavior.

Keywords: autonomous driving, ERP, LPP, Moral Machine, P3, trolley problem

2.2 Introduction

AVs may enhance road safety by decreasing accidents, while simultaneously conserving energy
and reducing travel times by optimizing traffic flow and avoiding congestion (D. Li et al., 2022).
Additionally, AVs might provide mobility for those who are unable to physically or legally drive,
e.g., people with disabilities.

For AVs to achieve widespread adoption, they need to demonstrate acceptable behavior. The
rise of personal computer use in offices has demonstrated that new technology needs to be
perceived as useful and as easy to use to be widely adopted. In the TAM, easy to use means
that the technology is clear and understandable, not requiring a lot of mental effort, and being
perceived as easy to operate. If the new technology meets both criteria, useful and easy to use,
potential users can form an attitude towards using it. Forming an attitude determines if users
form a behavioral intention to use said technology which might, according to the TAM, result in
actual system use (Davis, 1989).

So a technology’s behavior has to appear comprehensible to users. For AVs, this can be rather
straightforward in strictly regulated traffic situations, e.g., stopping when there is a red traffic
signal. However, there are more ambiguous situations in traffic with no clear right or wrong
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solutions. In these situations, driver decisions may result from factors such as their attitudes,
personality, risk aversion, driving experience, etc. (Sucha & Cernochova, 2016). Therefore, it
might be advisable to take individual preferences into account and, where possible, adapt or
explain the AV’s behavior.

During driving situations, it would be impractical to hand out questionnaires to users to
assess whether they perceived the AV’s behavior as comprehensible and subsequently accept-
able. Physiological measures may provide an unobtrusive way to assess user perceptions of AV
decisions during dynamic and complex driving situations, and subsequently identifying critical,
unacceptable situations. Using physiological measures, users would not need to make an active
input to the system, by e.g., pressing a button. In perspective, this could have great potential for
designing inclusive environments and giving agency back to e.g., users with motor disabilities.

Here EEG is a suitable method, as it allows for mobile setups (Bleichner & Debener, 2017), and
has a high temporal resolution, which is necessary to adequately capture responses in dynamic
and often times ambiguous traffic situations. A frequently used measure in the EEG is the ERP, a
brain response time-locked to the presentation of an event such as the presentation of a stimulus.

As driving situations are complex, requiring higher-order cognitive functions, it is plausible
to concentrate on later ERP components: P3 and LPP. Briefly, the P3 is typically elicited by
unpredictable, infrequent stimuli (Squires, Squires, & Hillyard, 1975). The P3 can be subdivided
into two components: the P3a, and the P3b. The P3a appears in frontal regions after unexpected,
unusual, surprising, and task-irrelevant stimuli (Courchesne, Hillyard, & Galambos, 1975; Polich
& Comerchero, 2003; Soltani & Knight, 2000). The P3b’s highest peaks are observed in parietal
regions after task-relevant (Squires et al., 1975), awaited (Verleger, Jaskowski, & Wauschkuhn,
1994) stimuli. A differentiating feature between P3a and P3b is the component’s location:
frontal or parietal, respectively. Further, the P3 is also found to be modulated by the affective
content of the stimulus material (Schupp et al., 2007; Weinberg, Hilgard, Bartholow, & Hajcak,
2012), such as the International Affective Picture system (Lang, Bradley, & Cuthbert, 1997), a
standardized set of pictures frequently utilized in emotion research. The LPP is another ERP
component associated with higher cognitive processing. It is a sustained positive deflection in the
ERP emerging approximately 300 ms after stimulus onset with a maximum at centro-parietal
electrodes (Hajcak & Foti, 2020). It is often elicited by incongruent complex stimulus material
such as facial expressions (Morioka et al., 2016), or affective pictures and words (Herring, Taylor,
White, & Crites, 2011). Further, LPP amplitudes were positively related to self-reports of arousal
(Cuthbert, Schupp, Bradley, Birbaumer, & Lang, 2000). From this, and substantial similarities in
topography and latency of both components, Hajcak and Foti (2020) theorized that P3 and LPP
may be inextricably linked and that they reflect the output of a common neural generator that
responds to stimulus significance.
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To translate the complex and especially ambiguous situations with AVs to simplified experi-
mental terms, and make it appropriate for ERP research, we deem moral dilemmas particularly
well-suited. Like real-life traffic situations, they introduce a certain level of ambiguity while also
providing a strong manipulation, which facilitates the detection of specific ERP components. The
ambiguity of moral dilemmas of life or death situations in traffic stems from the fact that ethically
they do not have a clear solution (Bundesministerium fiir Verkehr und digitale Infrastruktur,
2017), evident in a division in ethical philosophy. For instance, consequentialism, and utilitari-
anism suggest that saving more lives is always the ethical right decision, whereas deontological
ethics claim no decision-making at all was ethically defendable (Lee et al., 2018). Further, moral
dilemmas can be presented in a simplified symbolic manner, as opposed to immersive in field
traffic situations, but meanwhile represent a high-stakes situation. This is advantageous when
measuring ERPs.

In ERP research, moral dilemmas are examined using a variety of visual stimulus modalities:
text (Fernandes et al., 2022; Gan et al., 2015; Jiang et al., 2022; Lahat et al., 2013; Sarlo et al.,
2012, 2014), static images (Gui et al., 2016; Pletti et al., 2019; Wolff, Gomez-Pilar, et al., 2019;
Wolff, Yao, et al., 2019), as well as videos (Cenka et al., 2024; Yoder & Decety, 2014).

Sarlo et al. (2012, 2014) employed text-based day-to-day variations of the Footbridge dilemma
(Greene, Nystrom, Engell, Darley, & Cohen, 2004), and text-based day-to-day variations of the
Trolley dilemma (Lotto et al., 2014). The Footbridge dilemma (Greene et al., 2004) originally
entails sacrificing one individual as an intended means to save others. The Trolley dilemma
(Lotto et al., 2014) originally entails sacrificing one individual as a foreseen but unintended
consequence of saving others. Participants showed increased amplitudes in the P260 component
of the ERP in frontal and fronto-polar areas when they decided on variations of the footbridge
dilemma compared to variations of the trolley dilemma (Sarlo et al., 2012, 2014).

Fernandes et al. (2022) employed similar stimulus material also entailing text-based variations
of Footbridge (Greene et al., 2004) and Trolley dilemma (Lotto et al., 2014), as well as lower
conflict situations. They investigated ERP responses to utilitarian (maximizing benefits for
the largest number of people) and deontological (avoiding actions that may be intrinsically
unacceptable, regardless of the consequences) choices in moral dilemmas across the lifespan.
They found that older adults had a higher fronto-central positivity (150-350 ms) than younger
adults after utilitarian responses.

Jiang et al. (2022) investigated text-based situations based on the Trolley dilemma (Lotto et al.,
2014) where protagonists made binary choices: either the utilitarian choice (taking the action to
kill or harm an innocent person but saving more people) or the non-utilitarian choice (taking
no action to kill or harm the innocent person but letting several people die). The protagonist
was either the participant themselves ("You did ...") or another person ("Zhang San did ...").
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Interestingly, moral judgment for another person’s utilitarian choices elicited larger amplitudes of
the frontal LPP (500-900 ms) than when judging their own utilitarian choice.

Gan et al. (2015) have participants judge human agents in elaborate text-based social moral
dilemmas. In the later ERP components They find a right side lateralized temporo-parietal
effect at 400-500 ms and 580-780 ms (slow wave). Interestingly, when the dilemmas’ agent
intentionally caused a harmful outcome, the frontal slow wave (380-780 ms) was less negative
than when they were not able to cause harm.

Taken together, these results suggest that text-based moral dilemmas modulate later compo-
nents (e.g. P260, P3, LPP) in frontal regions (Fernandes et al., 2022; Gan et al., 2015; Jiang et
al., 2022; Lahat et al., 2013; Sarlo et al., 2012, 2014).

Alternatively, static images depicting diverse social situations between characters are frequently
used to investigate ERPs during moral dilemmas (Gui et al., 2016; Pletti et al., 2019). Pletti et al.
(2019) employ the Chicago moral sensitivity task (Cowell & Decety, 2015), a task designed to
assess moral judgments in children containing situations such as someone needing help getting
back to their feet after falling. In their adult participants, they found a prominently increased
LPP (400-1000 ms) at centro-parietal electrodes in antisocial (the protagonist does not help) as
compared to prosocial (the protagonist helps) trials. Gui et al. (2016) had participants judge
moral violations and non-moral scenes from a subset of the International Affective Picture System
(Lang et al., 1997). For the moral violations Gui et al. (2016) found no fronto-parieto-occipital
LPP (350-420 ms) effect, but a significantly increased slow wave (450-650 ms) amplitude in
moral pictures compared to non-moral ones.

Only Wolff, Gomez-Pilar, et al. (2019); Wolff, Yao, et al. (2019) utilize a traffic situation in
the broadest sense. Specifically, they employed a simplified version of the footbridge dilemma,
represented by two groups of stick figures and instructed participants to make moral judgments.
Wolff, Gomez-Pilar, et al. (2019); Wollff, Yao, et al. (2019) observed a less positive P300, and more
positive late LPP (1,000-2,000 ms) at Pz for morally challenging dilemmas compared to those
with less ambiguous resolutions. Taken together, image-based moral dilemmas produce mixed
effects on the P3 window as well as the LPPs (400-1000 ms) with a broad scalp distribution (Gui
et al., 2016; Pletti et al., 2019; Wolff, Gomez-Pilar, et al., 2019; Wolff, Yao, et al., 2019).

Video-based moral dilemmas are less frequently investigated using EEG (Cenka et al., 2024;
Yoder & Decety, 2014). When participants make moral judgments about prosocial (interpersonal
assistance) and antisocial (interpersonal harm) actions in presented videos, Yoder and Decety
(2014) find differences in the LPP amplitudes. Similarly, when human agents intentionally vs.
accidentally cause harm in videos depicting social dilemmas, Cenka et al. (2024) find effects in
later central and posterior ERP components (~ 400 ms).
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Summarizing the previously discussed ERP results, despite the use of a wide variety of stimulus
material, many studies report effects in later components such as the P3 and the LPP at frontal
and parietal sites. This is in line with Hajcak and Foti (2020)’s theory, that P3 and LPP may
reflect output from a common system that tracks the time-course of stimulus significance. This
suggests that later components are associated with the higher level cognitive processing essential
for a mental assessment of moral dilemmas (Wagner, Chaves, & Wolff, 2017). Thus, P3 and LPP
could be informative to identify unacceptable ambiguous situations, when investigating moral
dilemmas in the context of AVs. Additionally, across all stimulus modalities, previous studies
focused on how participants themselves (Fernandes et al., 2022; Gui et al., 2016; Pletti et al.,
2019; Sarlo et al., 2012, 2014; Wolff, Gomez-Pilar, et al., 2019; Wolff, Yao, et al., 2019) or human
agents (Cenka et al., 2024; Gan et al., 2015; Jiang et al., 2022; Yoder & Decety, 2014) made
moral decisions. None of the previously employed moral dilemma stimulus material shed light on
participants’ ERP when an artificial agent, e.g., an AV, is making a (moral) decision. The present
investigation aims at this gap in existing research.

A suitable stimulus material to investiagte this is present in Awad et al. (2018)’s famous and
thorough MM experiment. Behaviorally, they investigated moral dilemmas in the context of AVs.
Participants’ behavior towards this stimulus material is well documented. In the original MM task,
participants were presented with variations of the trolley dilemma (Foot, 1967). These scenarios
depicted unavoidable traffic accidents with two possible outcomes, determined by whether the
AV swerved or stayed on course. Participants were instructed to choose their preferred outcome
(see Methods for an example). The MM task is well suited for ERP studies as it consists of static
traffic image vignettes with ambiguous solutions, which allows for controlled yet ecologically
valid experiments. To our knowledge, the MM has not yet been utilized for such purposes.

In the present study, we aimed to investigate the extent to which ERPs can be used to capture
participants’ acceptance of a putative Al's decisions in ambiguous traffic situations simulated
in a laboratory environment. Therefore, we used a modified version of Awad et al. (2018)’s
MM experiment. In our experiment, participants first made a decision based on an image-based
vignette (see Methods). Subsequently, they were shown the outcome of a hypothetical Al’s
decision, which could either align with (congruent) or differ from (incongruent) their own
choice. The value of this approach lies especially in connecting theoretical and practical aims. It
broadens the basic neurophysiological understanding of social moral dilemmas towards human-AI
interaction. Additionally, this is especially interesting for application: In perspective, our ERP
results could contribute to realize online evaluation of human-Al interaction bypassing obtrusive
techniques such as questionnaires.
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To establish plausibility of our participants’ responses to the chosen stimulus material we aimed
to replicate Awad et al. (2018)’s two largest and two smallest effects. Note that we did not pursue
an exhaustive replication of Awad et al. (2018). We expected participants to display:

a) Intervention: a preference in favor of inaction - hence having the AV remain on its lane;

b) Relation to AV: a preference in favor of sacrificing the passengers in the AV rather than

pedestrians;

c) No. of Characters: a preference in favor of sparing more characters;

d) Species: a preference in favor of sparing humans rather than pets; and furthermore

e) Acceptability: we expected that participants would rate incongruent trials as less acceptable

than congruent ones.

Based on Hajcak and Foti (2020)’s suggestion that increased P3 and LPP amplitudes are
associated with stimulus significance, we hypothesized the presentation of the putative Al's
decision in incongruent trials (see Methods) to increase the P3 and LPP amplitude contrast to

congruent trials.

2.3 Results

2.3.1 Behavioral Resulis

Overall, participants were more likely to remain in the same lane, than intervening by swerving
onto the other lane (see Fig. 2.1a). However, this difference was not statistically significant
(a) Intervention: t(33y = 0.934,p = 0.357,d = .160). Participants showed a preference in
favor of sacrificing the AV’s passengers over pedestrians (b) Relation to AV: t33) = 4.761,p <
.001,d = .861), a preference in favor of saving more characters in comparison to less (c) No.
of Characters: t(33y = 18.134,p < .001,d = 3.110), and favor for sparing humans over pets (d)
Species: t(33) = 3.665, p < .001,d = .629). Overall, participants behaved in line with the findings
from Awad et al. (2018).

Furthermore, participants rated the acceptability of the Al higher when its decision was
congruent with their own decision (e) Acceptability: t(33) = 19.095, p < .001,d = 3.275) (see Fig.
2.1b and supplementary Table A.1 for further details).
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Fig. 2.1.: (a) Participants’ decisions after dilemma presentation (see Methods) for the four dichotomous
attributes Intervention, Relation to AV, No. of Characters, and Species. Each row gives the portion
of preference in favor of the choice on the right side from the total amount of decisions made
on this attribute in percent (%). Whiskers indicate SEs. Significant effects (p < .05) are marked
with **. If the proportion between choices was 50%, there would be no preference for either
choice. The higher the percentage, the higher the preference for the choice on the right side.
For the attribute 'No. of characters’ additional circles indicate the preference for each number
of additional characters spared separately. The characters presented here are exemplary. The
full set of possible characters can be found in Awad et al. (2018) or supplementary Fig. A.1.
(b) Acceptability ratings of the putative Al’s decision (see Methods). The Likert scale ratings
with "completely acceptable’ (7) and ’completely unacceptable’ (1) are shown separately for both
conditions congruent (blue) and incongruent (red). On each box, the central mark indicates
the median, and the bottom and top edges of the box indicate the 25th and 75th percentiles,
respectively. Outliers are plotted individually as circles.

2.3.2 EEG Results

In the following, the results of the two ANOVAs (Condition x Electrodes) for the components P3,
and LPP are presented.

P3 Results

For the P3 we found a significant main effect of Condition on the amplitude (uV) (F(33) =
9.887,p = .004,7> = .231) (see supplementary Table A.2). During the P3 (322-422 ms) the
amplitude was greater in incongruent vs. congruent trials (see Fig. 2.2a).

There was also a significant main effect on Electrodes (F\ g6y = 98.464, p(acy < -001, n? = .749)
(see supplementary Table A.2). Post-hoc t-tests (C = 12 relevant comparisons) revealed that
all differences between sites were found to be significant: fronto-central #(33) = —8.883,p <
.001,d = —1.523; fronto-parietal ¢(33) = —10.494,p < .001,d = —1.800; centro-parietal (33 =
—9.116,p < .001,d = —1.563 (see supplementary Table A.4). This becomes clearer in the context
of Fig. 2.2b. The amplitude of the P3 descriptively was the highest in the occipital sites, which
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consistently declines with further anterior sites. The interaction plots underpin this finding (see
Fig. 2.3a): in both conditions, the highest amplitude is found on parietal sites, and then in
descending order on central and frontal sites.

Furthermore, we found a significant two-way interaction Condition x Electrodes (F(3 5y =
18.641, p(ga) < -001, n* = .361) in the P3 time window (see supplementary Table A.2 and Fig.
2.3a). Post-hoc t-tests (C' = 12 comparisons) showed eight of nine differences significant (range
of the t values and Cohen’s ds: #(33) = [3.661 — 11.768|,p <= .010,d = [.628 — 2.018]; see
supplementary Table A.5). Only the difference incongruent - congruent at the parietal electrodes
was significant (see supplementary Table A.5) This becomes clearer in the context of Fig. 2.2b.
For the P3 time window, the topography plot shows the difference between congruent and
incongruent trials (third row) was located most prominently on frontal and central electrodes
whereas it declines towards parietal sites (see Fig. 2.3a): The difference between conditions is
significant on frontal and central electrodes but not at parietal sites.

LPP Results

Similarly, for the LPP we found a significant main effect of Condition on amplitude (V) (F{1 33) =
24.658,p < .001,7n? = .428) (see supplementary Table A.3). Similar to the P3, the LPP shows a
descriptive increase in the amplitude in incongruent trials as compared to congruent trials (see
Fig. 2.2a).

There was also a significant main effect Electrodes (Fiy 66 = 80.168, p(ag)y < -001, n? = .708)
(see supplementary Table A.3). Post-hoc t-tests (C' = 3 comparisons) revealed that all dif-
ferences between sites were significant: fronto-central ¢(33) = —9.761,p < .001,d = —1.674;
fronto-parietal ¢(33) = —9.322, p < .001,d = —1.599; centro-parietal ¢(33) = —7.519,p < .001,d =
—1.290 (see supplementary Table A.6). Similar to the P3, for the LPP in both conditions descrip-
tively the topographies show the highest amplitudes in occipital sites which consistently declines
with further anterior sites (see Fig. 2.3b).

The interaction Condition x Electrodes was not significant(F(; g6y = 1.609, pia) = -215) (see
Fig. 2.3b, and supplementary Table A.3). For the LPP time window in the topography plot
showing the difference between congruent and incongruent trials (see Fig. 2.2b, third row)
the activity was distributed on larger scalp regions as compared to at P3. In contrast to the P3,
the difference between the LPP amplitudes of the congruent and the incongruent ERP is also
significant at parietal sites (see Fig. 2.3b).
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Fig. 2.2.: (a) shows the baselined (-200 to 0 ms) ERPs timelocked to the presentation of the AI's decision
(see Methods). For both conditions, incongruent (red), congruent (blue), as well as their
difference (solid black) at electrode Cz. The shaded error bars indicate the SE. The gray
shading indicates the time intervals corresponding to the topographies. * indicate significant
time intervals. (b) The topographies show the ERP components P3 and LPP column wise in
chronological order. The first row shows topographies from the incongruent, and the second row
from the congruent condition. The third shows their difference. Note that the two conditions
share one color bar, whereas we used a smaller color bar for the difference between conditions.

2.4 Discussion

The present study’s main aim was to investigate the extent to which ERPs can be used to capture
participants’ acceptance of an AV’s decisions in ambiguous traffic situations simulated in a
laboratory environment. The core findings are an increased P3 (322 to 422 ms), and late positive
potential (LPP) (500 to 900 ms) amplitude in fronto-central regions when the AV’s decision on a
moral dilemma was incongruent to the participants’ judgment.
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Fig. 2.3.: (a) illustrates the significant interaction Condition x Electrodes at the component P3 from the
overarching ANOVA (see supplementary Table A.2). All visible differences were significant in
post hoc procedures. Only the difference inc-con in parietal at P3 marked with 'n.s.” was not
(see supplementary Table A.5). (b) Note, that the interaction Condition x Electrodes was not
significant at component LPP (see supplementary Table A.3). Whiskers indicate SEs.

First, we briefly address the behavioral analysis, whose primary aim was to assess the plau-
sibility of participants’ responses, rather than to replicate the findings of Awad et al. (2018)
exhaustively. Consequently, we focused on replicating a subset of their effects using simplified
analyses, which was overall successful: In line with our hypothesis and findings from Awad et al.
(2018), participants favored sparing pedestrians over passengers, more characters over fewer
characters, and humans over pets. Descriptively, there was an inclination favoring inaction (see
Fig. 2.1a), however, contrary to Awad et al. (2018)’s findings, this effect was not statistically
significant. Additionally, as expected, participants rated congruent trials as significantly more
acceptable than incongruent trials (see Fig. 2.1b).

Differences in experimental design between Awad et al. (2018)’s and our study might help
explain why participants did not statistically significantly favor inaction (Intervention) in our
study. Our laboratory study involved a notably reduced sample size, comprising 34 participants,
as compared to Awad et al. (2018) in their online study which had a sample size of over 492,921
participants. Furthermore, Awad et al. (2018)’s study drew from a comprehensive database of
40 million decisions, while our dataset was limited to 6,800 decisions. This disparity in sample
size and dataset magnitude likely had a pronounced effect on our study’s statistical power, and
statistical precision and sensitivity, which renders the detection of subtle effects challenging.
Additionally, it is worth noting that in the original study, favoring inaction was the smallest effect
among their reported effects. The difference in experimental settings, such as being in a private
environment versus a laboratory setting, may have also influenced participants’ behavior towards
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favoring action. Furthermore, to achieve comparability between participants we adhered to a
fixed set of vignettes. It is possible that this choice inadvertently resulted in the formation of a
vignette subset that favored action-oriented decisions, potentially skewing the overall outcomes
in favor of action over inaction.

To summarize the behavioural findings, participants mostly behaved as we would expect based
on the results of Awad et al. (2018), which leads us to infer that our participants engaged
thoroughly with the task.

Therefore, we can more thoroughly discuss the ERP results: For the P3 and the LPP, there
was a significant main effect Condition. Based on qualitative observation of the grand-average
waveforms, this difference in amplitude between congruent and incongruent trials (Fig. 2.2a,
black line) was minimal during the early ERP components. It then progressively increased during
the P3 time window. It reached its peak shortly after the P3, during the LPP, and began to
gradually decline around 1,000 ms after stimulus onset.

During the time interval of the P3, there was a significant interaction Condition x Anterority.
Single main effects revealed that the differences between the conditions were most prominent
in fronto-central, but not in parietal regions (see Fig. 2.3a). This pattern was also reflected
in the differences’ topography (Fig. 2.2b, third row): The difference in amplitude emerged
fronto-centrally during the time interval of the P3 and spread during the LPP into parietal regions.
The frontal distribution of the differences in activity and the rather early latency of the P3 peak
(372 ms) may suggest that our stimulus material elicited a P3a. A P3b instead would have been
located more posterior as compared to the anteriorly distributed P3a (Courchesne et al., 1975;
Polich & Comerchero, 2003; Soltani & Knight, 2000). This suggests that participants perceived
the AT's incongruent decisions as surprising (Courchesne et al., 1975; Polich & Comerchero, 2003;
Soltani & Knight, 2000). Given that both P3 and LPP were observed in both conditions, the
significant effect of Condition (congruent vs. incongruent) following the AI's decision reflects a
modulation of these components.

Subsequently, during the LPP (500 - 900 ms) the observed difference attains its maximum
magnitude. An explanation for that might be that LPPs are often associated with stimulus
significance (Fields, 2023; Hajcak & Foti, 2020) especially related to rather complex stimuli
(e.g., pictures, or words) requiring higher-order cognitive functions to appropriately process.
Hajcak and Foti (2020) define the significance of a stimulus as the extent to which a stimulus
activates appetitive or aversive motivational systems. Given that our stimulus material involved
moral dilemmas concerning life-or-death situations, it seems plausible that participants found
incongruent trials - where the Al’s decisions to sacrifice characters conflicted with their own
judgments — particularly significant.
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When comparing our results to existing empirical studies on the effect of moral dilemmas on
specific EEG components (Jiang et al., 2022; Wolff, Gomez-Pilar, et al., 2019; Wolff, Yao, et al.,
2019) we find similarities:

Consistent with our findings, Wolff, Gomez-Pilar, et al. (2019); Wolff, Yao, et al. (2019)
observed a P3 effect at Pz when comparing difficult to easily solvable moral dilemmas as well as
an increased late LPP. We also found an increased P3 (322 - 422 ms). Additionally, we found
an increased LPP (500 - 900 ms), which occurred earlier than the late LPP (1000 - 2000 ms)
observed by Wolff, Gomez-Pilar, et al. (2019); Wolff, Yao, et al. (2019). In contrast to the present
study, Wolff, Gomez-Pilar, et al. (2019); Wolff, Yao, et al. (2019) found a centro-parietal effect,
while our effect was located more fronto-centrally. It has to be noted that in the studies by Wolff,
Gomez-Pilar, et al. (2019); Wolff, Yao, et al. (2019), participants made moral judgments, whereas,
in the present paradigm, participants were additionally confronted with an AI's decision. Hence,
tasks were not completely equivalent, which might explain the difference in results. Jiang et al.
(2022) observed a diminished amplitude of the frontal LPP (500-900 ms) when moral judgments
were made on behalf of the participants themselves as opposed to others. For these conditions,
they reported no differences in the amplitudes of earlier components, which is descriptively in
line with our findings. Thus, our finding of frontal LPP aligns with previous research. However,
in our incongruent condition an Al made the decision whereas in Jiang et al. (2022)’s design,
a third person resolved the dilemma. Furthermore, we compared congruent and incongruent
decisions made by an Al, rather than contrasting decisions made by the self with those made
by an Al. Another difference between Jiang et al. (2022)’s and the present study, is that they
used a text-based moral dilemma task. Hence, performing their task required reading a text,
which involves different processing steps as performing the present image-based task. Therefore,
even though related, our findings stem from majorly different experimental procedures, but
elicit comparable ERP responses which suggests the LPP is a rather stable effect across different
experimental setups and contexts in line with Hajcak and Foti (2020), and Fields (2023). Based
on this, we argue that when users monitor an Al, the presence of an increased P3 and LPP could
serve as an unobtrusive indicator for significant or unacceptable situations in the context of
autonomous driving.

While this study provides valuable insights into human-Al interaction, there are limitations to
consider before further interpretation.

In the present study, we investigated static image dilemma vignettes, which are especially suited
for ERP analysis. However, the dilemma vignettes could be considered as extreme and unlikely
situations. To bring our findings closer to real-world traffic applications, it would be beneficial
— though challenging — to investigate the effects of Al decisions in a more ecologically valid
setting, such as with dynamic stimulus material. The challenges for ERP research would primarily
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involve ensuring accurate timing, to enable distinguishing between different ERP components
which usually lie within only ~ 100 ms distances. In dilemma literature, moving imagery such
as videos depicting social interactions (Cenka et al., 2024; Yoder & Decety, 2014) or vignettes
akin to shooter games (Petras et al., 2015) have been studied, however, to our knowledge more
realistic daily traffic situations have not been covered.

Further, the source of the LPP may not be solely cortical but also involve deeper structures, such
as the limbic system and the amygdala, which are not easily recordable through EEG. The use of
neuroimaging methods such as MEG or fMRI might be useful to assess higher-order cognitive
processing in the context of moral decision-making as these methods are suitable to map deep
brain structures. However, fMRI exhibits a lower time resolution which makes it not suitable
to measure an evoked potential. Further, both mentioned imaging methods are expensive and
expansive and therefore not well suited for in-field application.

In the field of BCI, there is a vast field that employs single trial classifiers to identify specific
ERP components such as error potentials, for adopting an AI's behavior (Chavarriaga et al., 2014;
X. Wang et al., 2023). In previous studies, the classifiers have been trained with data from
situations providing clear correct and incorrect outcomes. As our findings revealed differences
in the amplitudes of later components (P3 and LPP) for more ambiguous situations, it may
be beneficial to include these components when training classifiers. This could enable the
unobtrusive evaluation of reciprocal communication between humans and autonomous machines
such as AVs during road use.

In the future, the present findings could potentially be used to enable real-time evaluation of
situations by Al based on physiological parameters while driving. Initial attempts to implement
real-time analysis of physiological parameters while driving have already been made (Niermann
& Liidtke, 2020; Zontone et al., 2020). To successfully and reliably archive this, further research
is needed to enhance the signal-to-noise ratio in mobile EEG setups.

To conclude, when observing an artificial agent, such as an AV, making moral decisions
incongruent with participants’ judgments compared to congruent decisions, we found increased
amplitudes of the P3 and a LPP in fronto-central regions. As the P3 and LPP are associated with
stimulus significance (Fields, 2023; Hajcak & Foti, 2020), our findings suggest that human-Al
interactions during moral decision-making seem to involve higher-order cognitive processes.
Further research is needed to allow the findings to be incorporated into single trial classifiers
which might bring current findings from basic research closer to application.
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2.5 Methods

2.5.1 Participants

Thirty-six volunteers were recruited to participate in this study to achieve sufficient statistical
power in our design. Participants were included in the study if they were over 18 years old,
right-handed, native German speakers, had normal or corrected to normal vision, and had no
psychiatric or neurological diseases. Furthermore, they were required to have a valid German
driver’s license and be eligible to drive under German law (see § 31 StVZO and § 316 StGB) at
the time of the experiment. All participants gave written informed consent and received 10€ per
hour for participation. The research protocols were approved by the Commission for Research
Impact Assessment and Ethics (“Komission fiir Forschungsfolgenabschitzung und Ethik”) at the
Carl von Ossietzky University of Oldenburg and complied with all relevant ethical regulations.
Two participants were excluded because they participated in only one of two recording sessions.
Therefore, 34 participants’ data (mean age = 24.471, SD age = 2.997, age range = 19-34 years,
female = 16) were included in the analysis.

2.5.2 Procedure

The experiment consisted of two sessions, conducted on different days (days between sessions:
mean=6.618, SD=8.707). During each session, participants were asked to perform the MM task
and a LT task. One session took ~ 150 — 200 min. The order of the tasks was counterbalanced
across sessions and participants. The current paper discusses the data from the MM task. The first
experimental session began with participants filling in the informed consent and demographic
questionnaires. On both days, the EEG, and the peripheral physiological sensors, were positioned.
Participants were then seated in an electrically shielded, dimly lit chamber at ~ 120 cm distance
in front of a display. After a short training to get participants acquainted with the tasks consisting
of three (LT task) or six (MM task) congruent trials, the main experiment began. The LT task
was divided into four ~ 20 min blocks. The MM task was divided into two ~ 10 min blocks.
Between the blocks, participants had the opportunity to take short, self-paced breaks. At the end
of the second experimental day, they were debriefed that they did not interact with an Al but a
deterministic abstract machine. Table 2.1 summarizes the overall procedure.
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Tab. 2.1.: Overview on Procedure

Day I Day I
Task LT LT MM MM MM MM LT LT
test run test run test run test run
Conditions con con & inc con con & inc con con & inc con con & inc
Trials 3 4x25 6 2x50 6 2x50 3 4x25
Time [min] ~3 4x~20 ~1 2x~10 ~1 2x~10 ~3 4x~20

2.5.3 Moral Machine Task

With kind permission from Awad et al. (2018) we used their original stimulus material from
the MM experiment. We also followed the wording of the instructions of their original study as
closely as possible.

Each trial began with a fixation cross that was presented for 1,000 ms. Then, participants
were shown an image vignette of a moral dilemma (Fig. 2.4). The vignettes showed unavoidable
accident vignettes with two possible outcomes, depending on whether the AV swerved or stayed
on course. Then, participants were asked to decide which outcome they preferred - e.g., sparing
the three pedestrians on the crosswalk or the five passengers in the AV (see Fig. 2.4). Participants
were instructed to ’answer based on their gut instinct’ when they were ready and to indicate
their opinion using the left and right arrow buttons on a standard keyboard. After they pressed
an arrow, a fixation cross was presented for 1,000 ms followed by an image vignette showing
the putative Als decision (henceforth referred to as the Al’s decision (see Fig. 2.4). The Al’s
decision was indicated with a yellow arrow and skulls floating over the sacrificed characters’
heads. The decision was displayed for 3,500 ms, as pilot tests suggested that this was sufficient
for participants to process Al's decision vignette. The AI's decision could be either congruent
or incongruent with the participants’ decision. After each trial, participants were asked to
indicate how acceptable they found the AT’s decision on a Likert scale ranging from 1 (completely
unacceptable) to 7 (completely acceptable). The chosen range provides the advantage of a neutral
middle category (4) and differences are still distinguishable in the human working memory
(Colman, Norris, & Preston, 1997).

We created 100 different vignettes. The vignettes varied in three elements: type, location, and
number of character(s). Overall, there were 20 red characters differing in sex (male, female), age
(baby, child, adult, elderly), species (human, pet), fitness (large, fit), and social status (homeless,
executive) (see supplementary Fig. A.1) for the full set of characters). In each vignette, one
to five characters pseudo-randomly appeared in two of three possible locations: in the AV as
passengers, or on either the left or the right side of the crosswalk as pedestrians. When passengers
were present, the side of the roadway without passengers was blocked by a wall (see Fig. 2.4).
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In the original study by Awad et al. (2018), there was also a condition of (un-)lawful behavior
with traffic lights either being red or green. However, we omitted this condition in our study as
our pilot testing showed that the traffic lights were small and easily overlooked by participants.
Furthermore, since we were looking for ERP data, this could have led to jittering latencies,
because we could not assume that participants were always consciously aware of the traffic lights.

Each participant was presented these vignettes twice in random order - once with a congruent
and once with an incongruent Al decision. Thus, each participant decided on a total of 200

vignettes.
+
+
Acceptable?
Acceptable?
dilemma
—Swerve
Al‘sdecision
item
(a) E 3
1000ms 16ms 1000ms 3500ms 16ms 1000ms
3 e {F i

+ dilemma (6 * Al's decision item @ * dilemma
(b)

Fig. 2.4.: (a) Schematic overview of an exemplary incongruent trial of the MM task. The trial consists
of fixation crosses ’+’, the presentation of the ’dilemma’, in this example either sacrificing five
passengers or three pedestrians, the participant’s decision (1st cursor), the putative Al's decision,
the acceptability item, and the participant’s Likert rating (1 to 7) (2nd cursor). The items’ exact
wording is found in the supplementary material (see Chapter A.2.2). (b) The timeline where
solid lines indicate fixed presentation times in milliseconds and dotted lines indicate windows
where participants could freely take their time. The filled squares on the timeline correspond to
the onset of events from (a). White squares symbolize an activation of the photo sensor field
(for more information see supplementary material Chapter A.2.2).

2.5.4 Apparatus
Hardware

The stimulus material was presented on a Samsung SyncMaster display: P247GH, 1920 x 1080
pixels, 60 Hz refresh rate.
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The EEG data were recorded using a 32-channel actiCAP snap electrode system with the
standard 10-10 layout (BrainProducts GmbH, Gilching, Germany). The reference electrode was
placed on the tip of the nose and a vertical EOG electrode was placed under the right eye. The
ground was placed at electrode location FPz. Thus, the final EEG signal was acquired from 30
active Ag-AgCl Electrodes. Impedances were measured prior to recording and kept below 20 kf.
Signals were digitized at a rate of 1000 Hz by a 16-bit ActiChamp amplifier.

Software

The task was programmed in Psychtoolbox (Brainard, 1997; Kleiner et al., 2007; Pelli, 1997), a
toolbox run in MATLAB 2021a (The MathWorks, Inc., Natick, MA, USA). Physiological signals
were recorded using BrainVision Pycorder software (BrainProducts GmbH, Gilching, Germany).
Data preprocessing and plotting was performed using the FieldTrip toolbox ((Oostenveld, Fries,
Maris, & Schoffelen, 2011); http://fieldtriptoolbox.org) in MATLAB 2022b (The MathWorks,
Inc., Natick, MA, USA). All statistical analyses were computed using SPSS 29 (IBM, Armonk, NY,
USA).

2.5.5 Data Analysis
EEG preprocessing

We updated the EEG triggers using the photo sensor data to correct the lag between the stimulus
onset and the EEG trigger onset, and hence ensure our timing (see supplementary material
Section A.2.2 for details). Trials with missing keyboard entries from the participants were
excluded. The EEG data were then demeaned, detrended, and filtered from 1 to 35 Hz. Then
the data were cut in 1,000 ms epochs without overlap. Any epochs containing data exceeding a
threshold of 1,000 1V were rejected. Then, an ICA was performed and components containing
eye and muscle movement artifacts were identified visually and rejected. Then, ICA components
were projected back onto the raw EEG data. To calculate ERPs, raw EEG data were filtered from
0.1 to 20 Hz. Data were then segmented into 4,500 ms epochs, 1,500 ms before each trigger
and 3,000 ms after each trigger. Trials with a z > 15 using accumulated z-score thresholding
(ft_artifact_zvalue) were rejected (Oostenveld et al., 2011). Trials from the two experimental
sessions were merged and averaged over the trigger at Al’s decision (see Fig. 2.4). Then, we
applied a baseline correction from -200 to O ms so that the average of the pre-stimulus period
was set to 0 and calculated a grand average ERP over participants.

From the grand average we extracted the ERP components 'P3’, and 'LPP’. For the 'P3’, we
defined a search window from 250 to 1,000 ms, where we identified the maximum amplitude (xV)
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on the electrode 'Pz’ (Ullsperger et al., 2014). The timepoint of the maximum amplitude + 50 ms
was defined as the time window for the analysis of the P3. Since the LPP often does not have clear
peaks, we defined a window from 500 to 900 ms (see gray shading in Fig. 2.2a). This window
was chosen to avoid overlap with the P3 window and is typical of previous time windows chosen
for LPP analysis, e.g., (Gantman et al., 2020; Jiang et al., 2022; Pletti et al., 2019; Weinberg et
al., 2012; Wolff, Gomez-Pilar, et al., 2019). The amplitudes in the two components windows
were then averaged and exported for inference statistics for the two conditions (congruent and
incongruent), and the nine electrodes (F3, Fz, F4, C3, Cz, C4, P3, Pz, and P4). To increase the
signal-to-noise ratio for further analysis we aggregated channels to frontal’ (F3, Fz, F4), ’central’
(C3, Cz, C4), and ’parietal’ (P3, Pz, P4). The electrode selection was based on the most frequently
used electrodes in previous literature investigating moral dilemmas in the EEG (P. Chen et al.,
2009; Gantman et al., 2020; Gui et al., 2016; Jiang et al., 2022; Petras et al., 2015; Pletti et al.,
2019; Sarlo et al., 2012, 2014; Wolff, Gomez-Pilar, et al., 2019; Yoder & Decety, 2014).

Statistical Analysis

For the behavioral data, we performed repeated measures t-tests on:

a) Intervention: the number of left arrow presses versus the number of right arrow presses;

b) Relation to AV: the number of AVs with passengers sacrificed versus the number of AVs with
passengers spared;

¢) No. of Characters: the mean number of characters spared versus the mean number of
characters sacrificed;

d) Species: the number of pets sacrificed versus the number of pets spared, and

e) Acceptability: the acceptability ratings in the congruent versus the incongruent condition.

On the exported ERPs we compute two two-way repeated measures ANOVAs with the factors
Condition (congruent, incongruent) x Electrodes (frontal, central, parietal) for both relevant
components P3, and LPP. For the three effects from this repeated measures design with 34
complete datasets, and a conservatively assumed correlation between repeated measures of
r = .2, we achieved a strong statistical power of 1 — § > .95 for a conventionally medium
sized effect (f = .25) (Faul, Erdfelder, Buchner, & Lang, 2009; Faul, Erdfelder, Lang, & Buchner,
2007; Rasch, Friese, Hofmann, & Naumann, 2021) (see supplementary Methods Section A.2.2
for details). To account for the sphericity problem GG corrections were used to correct the df.
Furthermore, as post-hoc procedure to further disentangle significant three-level main effects
and interaction effects, we employed Bonferroni corrected t-tests for C' relevant comparisons on
the simple main effects.
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3.1 Abstract

In the present study, we investigated event-related potentials (ERPs) in the context of autonomous
driving - specifically in left-turn situations through oncoming traffic. We recorded electroen-
cephalogramm while participants (n = 33) observed a simulated autonomous vehicle (AV)
executing a left turn maneuver through oncoming traffic. In the ERP, we observed an increased
N2 (251 to 431 ms) when the AV behaved incongruently to the participant’s assessment of the
turn situation compared to when it behaved congruently. There were no significant effects in N1
(142 to 182 ms), P2 (177 to 237 ms), nor P3 (439 to 689 ms). This suggests that, in human-AV
interaction, ERP-based devices might, in the future, be able to identify critical situations. How-
ever, further research is needed to bring current findings from fundamental research closer to
application.

keywords: autonomous driving, ERP, N1, N2, P2, P3.

3.2 Introduction

Highly AVs (SAE level 4) are becoming increasingly prevalent. Highly and fully AVs (SAE level 4
& 5) bear a great potential for increased road safety, energy efficiency, and social participation
for people without driver’s licenses for instance, underage, elderly, or individuals with disabilities
(D. Li et al., 2022). However, even when approved for real-world traffic, an AV’s non-human
nature may lead to behavior that is formally lawful, but not necessarily socially or humanly
acceptable. For instance, even though still being a subject of ongoing research fully AVs potentially
have faster reaction times in comparison to human drivers (Rydzewski & Czarnul, 2021; Schoettle,
2017). Therefore they would be able to safely perform certain traffic maneuvers more swiftly than
a human driver. Furthermore, AVs potentially can take more information from a wide variety of
sensors into account when maneuvering traffic for instance by using radar which is independent
of light conditions (Schoettle, 2017). In contrast, human drivers are limited to their experience
and their visual field (D. Li, Liu, Pan, & Chen, 2023). Therefore, the AV’s behavior could at
times be unexpected and thus likely unacceptable to the human user which could potentially
induce stress and anxiety (Schick, Seidler, Aydogdu, & Kuo, 2019). According to the ’Autonomous
Vehicle Acceptance Model’, unpredictable behavior of AVs could lead to distrust in the system,
and in turn users might refrain from using such systems (Hewitt et al., 2019). A system could
attempt to remedy this by individually adjusting its behavior by e.g. giving an explanation (Ha,
Kim, Seo, & Lee, 2020) at the right time (Wiegand et al., 2020).

Although road traffic is dynamic and complex, if an AV system acquired federal approval for
road use we would expect unacceptable behavior to be sufficiently rare, however still present since
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to this day there is no flawless humanly invented system (Liu et al., 2019). Unacceptable behavior
by the AV could arise in novel circumstances that the AV has not encountered before (Rocklage,
2017). AV behavior can also be judged as unacceptable by humans based on their individual
attitudes, personality, risk aversion, driving experience, etc. (Sucha & Cernochovd, 2016).
However, for an AV to adequately adjust its behavior, and to prevent rejection by users, critical or
unacceptable situations need to be identified especially in time-critical maneuvers. To translate
this complex research question into simplified experimental terms, we define unacceptable
situations as those in which an AV exhibits behavior incongruent with the user’s expectations.
From an experimental design perspective, this is advantageous because it allows the creation of
equal amounts of trials between experimental (incongruent) and control (congruent) conditions,
independent of individual preferences.

In time-critical driving maneuvers, it is impractical to measure user perceptions (or ratings of
acceptability) of AV behavior via questionnaires (Lohani et al., 2019). Physiological measures
may provide an unobtrusive way to assess user perceptions of AV behavior during dynamic and
complex driving situations (Lohani et al., 2019). In particular, EEG has cost-efficient mobile
solutions, e.g., (Bleichner & Debener, 2017), and a high temporal resolution that is well suited to
investigate human - AV interaction in time-critical traffic situations. A frequently used measure
in the EEG is the ERP, a brain response time-locked to an event such as the presentation of a
stimulus. These signals occur within ms and precede any voluntary motor reaction (MacKay,
1985).

To the best of our knowledge, the acceptability of decisions by AVs in traffic situations have
not been studied directly with EEG, but there are a number of ERPs components with systematic
amplitude modulations in tasks that require similar cognitive processing as that required for
assessing the incongruence of an AV’s behavior. In foundational ERP research, there are a wide
variety of frequently used tasks to manipulate congruence and incongruence. In the visual
domain, commonly used tasks are the Eriksen Flanker task (Eriksen & Eriksen, 1974), the Stroop
task (Stroop, 1935), Decision Making or Estimation tasks, e.g., (Holroyd et al., 2003; Hu et
al., 2018; Miltner, Braun, & Coles, 1997; Nieuwenhuis et al., 2004), as well as the Semantic
Expectation tasks, e.g., (Y. Li, Wang, Zhang, Wang, & Zhou, 2018; van de Weijer, Paradis, Willners,
& Lindgren, 2014; P. Wang, Yang, Tan, Chen, & Cantfort, 2017; White, Crites, Taylor, & Corral,
2009).

In the most simplified form of the Eriksen Flanker Task, participants are instructed to respond
to the middle stimulus which is either flanked by congruent (e.g., HHHHH click H) or incongruent
(e.g., HHSHH click S) distractor stimuli (Eriksen & Eriksen, 1974). Incongruent trials evoke an
increased fronto-central N2 and a delayed parietal P3 response in the ERP (Folstein & van Petten,
2008).

3.2 Introduction 39



40

Commonly, in the Stroop task color words ("red", "blue", "yellow", and "green") are presented
to participants either printed congruently in the same color (e.g., "red" printed in red) or
incongruently in a different color (e.g., "red" printed in blue). Participants are instructed to
indicate the print color but not to read the word (Stroop, 1935). The ERP in response to
incongruent as compared to congruent trials reveals an increased fronto-central N2 (Folstein &
van Petten, 2008), followed by a decreased P3 (Zurrdn, Pouso, Lindin, Galdo, & Diaz, 2009) and
a centrally increased N450 (Folstein & van Petten, 2008). The N450 is thought to originate from
the ACC (Folstein & van Petten, 2008).

Both the Eriksen Flanker as well as the Stroop task demand increased cognitive control (Folstein
& van Petten, 2008), specifically inhibitory control or response inhibition (Folstein & van Petten,
2008; Leon-Carrion, Garcia-Orza, & Pérez-Santamaria, 2004). Briefly, inhibitory control enables
individuals to inhibit their responses to stimuli (e.g., not reading, not pressing a button) thereby
resolving a response conflict. However, the Erikson Flanker task produces a conflict in motor
response (different button presses for S or H), whereas the Stroop additionally introduces a
semantic conflict between a word’s meaning and its physical properties (print color).

Commonly, in Decision Making or Estimation Tasks, participants are asked to choose between
options (e.g., cards, shells, etc.) under uncertainty (Holroyd et al., 2003; Hu et al., 2018;
Nieuwenhuis et al., 2004) or make a length or time estimate (e.g., "Press after X seconds")
(Miltner et al., 1997). After they have given their input, they receive feedback that can be
congruent or incongruent with their expectation and is often tied to a (monetary) reward or
loss. In loss trials, the ERP shows a FRN, a fronto-central negative deflection peaking around
200-300 ms after negative feedback (Chavarriaga et al., 2014; Cohen et al., 2007; Frank et
al., 2005; Ullsperger et al., 2014), which is then followed by a frontal P3a at around 300-400
ms and a parietal P3b at around 400-500 ms (Ullsperger et al., 2014). The FRN is thought to
play a central role in reinforcement learning processes (Fallbender, Krause, & Weigelt, 2023;
Ullsperger et al., 2014; Walsh & Anderson, 2012) and is functionally interpreted as tracking the
difference between actual and expected outcomes, referred to as reward prediction errors (Walsh
& Anderson, 2012).

Common examples of Semantic Expectation tasks are Antonym Expectation tasks or Gender
Stereotype Expectation tasks. In Antonym Expectation tasks, participants are instructed that
antonym words are presented sequentially. The last word can be congruent to the participants’
expectation (e.g., hot - cold), or incongruent (e.g., dry - fleshy). Incongruent trials evoke an
N400 (N2) with increased amplitude (Y. Li et al., 2018; van de Weijer et al., 2014).

Similarly, in Gender Stereotype Expectation tasks participants are confronted with person - word
pairs that could be either congruent to stereotypical gender expectations (e.g., man - engineer)
or incongruent to gender expectations (e.g., woman - aggressive). Stereotype incongruent word
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trials were associated with increased N400 ERP amplitudes (P. Wang et al., 2017; White et al.,
2009).

Hence, the N400 is thought to play a vital role in semantic processing and subsequently
higher-order cognitive functions such as inhibition (Debruille, 2007), retrieval (Delogu, Brouwer,
& Crocker, 2019), and integration (Soto & Francga, 2020).

However, when the stimulus material not only included words but also gendered faces, Porten-
gen, Huffmeijer, van Baar, and Endendijk (2022) find differences in the earlier ERP components
P1, and N1, additionally to the later components P3, and LPP for incongruent compared to
congruent trials.

To draw an intermediate conclusion, all of the previously discussed tasks are extremely
simplified and therefore not directly analog to traffic situations. However, the underlying
mechanisms of cognitive control such as conflict resolution and retrieval are highly relevant
to successfully assess complex traffic maneuvers such as turning left through oncoming traffic.
When choosing whether to turn left through a specific gap, conflict resolution is highly relevant.
Every new gap needs to be assessed so that users can expect how the specific gap will be handled
by the AV. Subsequently, users would need to retrieve their expectations to assess whether it was
congruent or incongruent to the AV’s behavior.

Folstein and van Petten (2008) summarized that both N2 and P3 are broadly speaking as-
sociated with the significance of events (e.g., relevant stimuli). The N2 is generated in three
distinct brain regions that are believed to serve different cognitive functions. The anterior N2
is associated with novelty and mismatch in attended stimuli. Further, the fronto-central is N2
associated with response inhibition (Go-No Go task) and the posterior N2 is associated with
visual attention (Folstein & van Petten, 2008). However, while functionally distinct from the
view of basic research, all these paradigms and mechanisms have in common that the N2 marks
significant stimuli that are either new, rare, attended/awaited, or errors. The P3 is commonly
separated into a more frontally generated P3a and a more parietally generated P3b. The P3a
is usually associated with orienting attention to unexpected or significant events whereas the
P3b is associated with updating of working memory (Folstein & van Petten, 2008). Since we are
interested in the unexpected behavior of AVs, and based on our previous research (Bertheau et
al., 2025) (under revision), we would expect an increased P3a in response to incongruent trials.
Hence, we suspect that the ERP components N2 and P3 might play a role when an AV behaves
incongruently with respect to users’ expectations in traffic. Further, also earlier components could
be involved. The N1 is thought to play a crucial role in visual attention and serves as an index
of discrimination processes (Vogel & Luck, 2000). The prefrontal P2 is thought to play a role in
stimulus-response mapping, in other words, classifying stimuli and matching them to the correct
response (Aydin, Lucia, Casella, Di Bello, & Di Russo, 2024).
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For the present study, we aimed to investigate the feasibility of using the ERP technique
to capture participants’ acceptance of AV behavior in dynamic traffic situations simulated in a
laboratory environment. Our results might open new avenues to unobtrusively evaluate reciprocal
communication between human users and AVs. Thus, this work is at the intersection of basic
psychophysiological research and applied human-machine interaction development.

Hence, we developed a left turn task using driving simulations in a laboratory environment
to effectively investigate ERPs during autonomous driving maneuvers. Driving simulations are
advantageous as they provide a high control over the whole experimental situation as compared
to e.g., Wizard of Oz approaches, where participants believe to interact with an actual AV in the
field, but which is actually (sometimes remotely) operated by an unseen human confederate:
see e.g., (Detjen, Pfleging, & Schneegass, 2020). Further, the electrically shielded laboratory
environment provides a higher EEG data quality as compared to field setups (Luck, 2014).

We investigated left turn situations through oncoming traffic because they are (1) a frequently
occurring traffic maneuver, (2) a high risk for accidents, (3) a known difficulty for AVs, and (4)
allow for personal opinions or style. (1) The frequency of this maneuver is relevant, because for
reliable ERP results it is necessary to plausibly repeat a certain task/situation numerous times
(Luck, 2014). (2) To exemplarily showcase the proneness for accidents of left turn maneuvers,
note that in 2023 there were 97.481 turning, turning-in, and crossing accidents with personal
injury on German roads, which accounts for 34% of total accidents that year (Statistisches
Bundesamt, 2024). (3) Furthermore, Wiegand et al. (2020) identified turning situations to cause
existing AVs to behave unexpectedly using thematic analysis of real-world experience reports. (4)
What makes turning left especially interesting to us, is that even if the maneuver is carried out
without an accident, there is still room for personal preferences: Some vehicle users are more
risk averse than others and therefore deem different gap sizes in the oncoming traffic as save
enough, hence their assessment might frequently differ from the AV’s.

In our left turn task, participants indicated whether they would take a left turn when there were
gaps of variable length in oncoming traffic in a left turn situation. Next, the participants observe
the AV’s behavior as it either executes the turn or waits. This behavior can align (congruent’) or
conflict (incongruent’) with the participant’s decision.

We hypothesized that participants would rate congruent trials as more acceptable than incon-
gruent ones (Acceptability).

Regarding the physiological measure, EEG, we hypothesized that the amplitudes of the N2,
and P3 components of the ERP would be greater after the presentation of the AV’s behavior in
incongruent trials (see Methods) as compared to congruent trials. Additionally, since we use
dynamic rather than static stimulus material we wanted to ensure that we were replicating the
temporal sequence of ERP components that are typically observed in response to viewing static
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images. Hence, we also included earlier components in our analysis and expected increased N1
and P2 amplitudes in incongruent trials compared to congruent trials.

3.3 Results

3.3.1 Behavioral results

After artifact exclusion, 98.70%(x = 197.39(SD = 2.62) per participant) trials went into analysis.
In 69.95%(x = 137.91(SD = 46.90)) of trials participants indicated that they wanted to turn and
vice versa in 30.05%(z = 59.55(SD = 47.75)) that they wanted to wait (see supplementary Table
A7)

Overall, participants rated the Acceptability of the AV’s behavior higher when it was congruent
with their own decision (#(32) = 12.02,p < .001,d = 2.09) (see Fig. 3.1).

7 T
T [ ]
Qg (T— Fig. 3.1.: Acceptability ratings after each trial (see Meth-
=. ) J_ ods). The Likert scale ranged from ’completely
b= acceptable’ (7) to ’completely unacceptable’ (1).
[ 4 - The Condition congruent is always shown in
= - blue and incongruent in red. On each box, the
o3 central marks indicate the median and the bot-
§. J_ tom and top edges of the boxes indicate the
2 2 T — 25th and 75th percentiles, respectively. Statisti-

1 cal significance is indicated with *.

congruent incongruent
Condition

3.3.2 EEG Results

The task was designed such that out of a total 200 trials, the AV behaved congruently with the
participant’s decision in 50% and incongruently in 50% of the trials. Additionally, in 50% of
the trials, the AV turned through the proposed gap in traffic while in the other 50%, it waited
for another gap. This resulted in different numbers of trials in each combination in the final
analysis: After artifact correction, in 34.86%(z = 68.73(SD = 23.13)) the AV congruently turned,
14.92%(z = 29.58(SD = 24.30)) the AV incongruently turned, 15.13%(z = 29.97(SD = 23.56))
the AV congruently waited, and 35.09%(z = 69.18(SD = 23.88)) the AV incongruently waited
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(see supplementary Table A.7). After artifact rejection, there were on average z = 98.70(SD =
1.31) congruent trials, and z = 98.76(SD = 1.75) incongruent trials (see supplementary Table
A.7) per participant for the final analysis.

The following section presents the results of the two ANOVAs (Condition x Electrodes) conducted
to analyze the N1, P2, N2, and P3 components of the ERP.

N1 Results

For the N1 (142 to 182 ms), we found no significant main effect of Condition on the amplitude
(uV) (F(1,32) = 9.90,p = .27) (see supplementary Table A.8). The SEs of the incongruent and
congruent N1 amplitude overlap (see Fig. 3.2).

There was a significant main effect on Electrodes (F{296) = 48.24, p(ga) < -001, 771127 = .60) (see
supplementary Table A.8 & A.9). This effect describes the topography over the midline electrodes.
As typical for a N1 the amplitude was the lowest at parietal and occipital sites. (see Fig. 3.3)

Furthermore, there was no two-way interaction Condition x Electrodes (F\(296) = -92, p(ca) <
.43) in the N1 time window (see supplementary Table A.8).

Grand Average at Oz N1
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Fig. 3.2.: The grand average ERPs at electrode Oz time-locked to the presentation of the AV’s decision (see
Methods) for both conditions, incongruent (red), congruent (blue), as well as their difference
(black), were filtered from 0.1 to 20 Hz and with a baseline from -500 to 0 ms. The shaded
error bars indicate the SE. The gray shading indicates the identified time interval of the N1
component corresponding to the topographies.
The topographies show the N1 in the incongruent, and congruent condition, sharing one color
bar.
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P2 Results

For the P2 (177 to 237 ms), we found no significant main effect of Condition on the amplitude
(uV) (F(1,32) = -47,p = .50) (see supplementary Table A.10). The SEs of the incongruent and
congruent P2 amplitude overlap (see Fig. 3.3).

There was a significant main effect on Electrodes (Fio 64y = 26.74, pc) < -001, 77]% = .50) (see
supplementary Table A.10 & A.11), which again illustrates the topography of this component
consisting of an increased amplitude over fronto-central electrodes (see Fig. 3.3).

Furthermore, there was no two-way interaction Condition x Electrodes (F\3 64y = -50, p(aa) <
.52) in the P2 time window (see supplementary Table A.10).

N2 Results

For the N2 (251 to 431 ms) we found a significant main effect of Condition on the amplitude
(uV) (F(1,32) = 15.14,p < .001, 772 = .32) (see supplementary Table A.12). The amplitude of the
N2 was greater in incongruent vs. congruent trials (see Fig. 3.3).

There was also a significant main effect on Electrodes (Fiy g4y = 34.68, pa) < -001, 17]% =.52)
(see supplementary Table A.12 & A.13). This effect describes the topography in both conditions
showing the highest amplitude at Fz, and then in descending order at Cz and at Pz.

Furthermore, there was no two-way interaction Condition x Electrodes (F\(3 64y = -54, p(aa) <
.50) in the N2 time window (see supplementary Table A.12).

P3 Results

Similarly to the N1 and P2, for the P3 (439 to 689 ms) we found no significant main effect of
Condition on the amplitude (V) (F{; 32) = .77,p = .39) (see supplementary Table A.14). During
the P3 the SEs of the incongruent and congruent amplitude overlap (see Fig. 3.3).

There was a significant main effect on Electrodes (F{2 64y = 35.32, p(ga) < -001, ng = .53) (see
supplementary Table A.14 & A.15). In the topography;, this is visible as the amplitude of the P3
descriptively being higher at Fz and Cz than at Pz (see Fig. 3.3).

Furthermore, there was no two-way interaction Condition x Electrodes (Fa 64y = 3.39, p(aq) <
.06) in the P3 time window (see supplementary Table A.14).
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Fig. 3.3.: The grand average ERPs at electrode Fz time-locked to the presentation of the AV’s decision (see
Methods) for both conditions, incongruent (red), congruent (blue), as well as their difference
(black), were filtered from 0.1 to 20 Hz and with a baseline from -500 to 0 ms. The shaded
error bars indicate the SE. The gray shading indicates the time intervals of the components P2,
N2, and P3 corresponding to the topographies below. * indicate significant time intervals.
The topographies show the ERP components P2, N2, and P3 column-wise in the given time
intervals. The first row shows topographies from the incongruent, and the second row from the
congruent condition. The third shows their difference. Note, that the two conditions share one
color bar, whereas we used a smaller color bar for the difference between conditions.
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3.4 Discussion

In the present study, we investigated modulations of the N1, P2, N2, and P3 components of
theERPs, when an AV maneuvers left turn situations through oncoming traffic.

Regarding the behavioral results, as we expected participants rated trials where the AV behaved
congruent to their assessment as more acceptable than trials with incongruent behavior (see
Fig. 3.1). This pattern was also present when dividing trials with respect to whether the
AV turned or waited: participants rated turning congruently as more acceptable than turning
incongruently, and they rated waiting congruently as more acceptable than waiting incongruently
(see supplementary Fig. A.2).

Overall, participants demonstrated expected behavior which leads us to infer that partici-
pants engaged thoroughly with the task, thus serving as a foundation for the following EEG
interpretation.

In the ERP time-locked to the AV’s decision (see Fig. 3.4), there was a significant main effect
of Condition in the N2 component, but not in N1, P2, and P3. In the ERP components N2
descriptively there was an increased negativity in the incongruent compared to the congruent
Condition (see Fig. 3.3).

In contrast to the majority of ERP studies, we used dynamic instead of static stimulus material,
specifically videos generated in a driving simulation environment showing left turn maneuvers
by an AV through oncoming traffic. Therefore, we analyzed early components to confirm if
we can obtain stable ERPs with our material. Even though there was no difference between
conditions in the N1, the topographies (see Fig. 3.2) reveal the typical pattern of an occipital
negativity (Herrmann & Knight, 2001). We interpret this as a strong indicator of the credibility
of our ERP data. The N1 is thought to play a crucial role in visual attention and as an index of
discrimination processes (Vogel & Luck, 2000). Further, it is associated with the processing of
spatial visual information (Wascher, Hoffmann, Singer, & Grosjean, 2009), which is relevant
to successfully assessing traffic situations. However, as the N1 is an early ERP component, in
this case, it likely reflects differences in the physicality of the stimulus material (size, position,
contrast, etc.) (Busch, Debener, Kranczioch, Engel, & Herrmann, 2004; Friind, Busch, Kérner,
Schadow, & Herrmann, 2007), and therefore here needs to be interpreted with caution.

Regarding the subsequent components, P2, N2, and P3, their topographies (see Fig. 3.3) all
showed increased amplitudes in fronto-central sites, whereas the amplitudes in parietal and
occipital sites appeared lower. Visibly, these topographies resemble the typical topographies
of a P3a (Polich, 2007) and this dominant topography already builds up during the earlier
components. Hence, when further interpreting the N2 we concentrated on the difference
topography contrasting incongruent - congruent trials (see Fig. 3.3) because in the ERP plot (see
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Fig. 3.3) the N2 negativity is only prominently visible in the incongruent condition (red line) but
not in the congruent (blue line). Therefore, the difference topography incongruent - congruent
of the N2 likely reflects the actual N2 topography, isolated from the ramping up towards the P3a.
The observed N2 shows a central distribution spreading widely over frontal, parietal as well as
lateralized sites (see Fig. 3.3). The N2 ERP component was shown to have different generators
and functions with distinct topographies depending on specific task modalities (Folstein & van
Petten, 2008). Roughly, the N2 is frequently subdivided into (1) the anterior or fronto-central N2
in response to deviating non-targets, and response inhibition, (2) the posterior N2, in response to
deviant targets, and (3) the posterior contra-lateral N2 (N2pc), a marker of spatial visual attention
(Folstein & van Petten, 2008; Luck, 2014). The wide distribution in the present topography,
however, suggests that not one isolated function was necessary to solve our task, but rather
a combination of anterior and posterior N2 was at play. As the N2 is especially sensitive to
incongruent stimuli and task modalities (Debruille, 2007; Delogu et al., 2019; Folstein & van
Petten, 2008; Y. Li et al., 2018; Soto & Franca, 2020; van de Weijer et al., 2014; P. Wang et
al., 2017; White et al., 2009), we would argue that the N2 might be a helpful indicator when
identifying critical situations even in complex stimulus material such as traffic using ERPs.

Contrary to our hypothesis, there were no differences between the Conditions regarding the
amplitudes of both ERP components P2, and P3. In both conditions, the P2 and P3 peaks are
located fronto-centrally (see Fig. 3.3). The prefrontal P2 is thought to play a role in stimulus-
response mapping, in other words classifying stimuli and matching them to the correct response
(Aydin et al., 2024). The lack of differences in P2 amplitudes in our conditions suggests that this
functionality was equally important during congruent as well as during incongruent trials.

For the P3a, we found a fronto-central topography that did not differ between conditions.
The P3a is usually associated with orienting attention to significant events whereas the P3b is
associated with updating of working memory (Folstein & van Petten, 2008). This might suggest
that an AV executing a left turn through oncoming traffic by itself represents a significant event.

To address some limitations, in the present study, we focused on plausible traffic situations
for an AV with approval for road use. Hence, our simulation did not entail truly failed traffic
maneuvers (accidents), since for those it is unambiguously clear that they are unacceptable.
Further, accidents are difficult to plausibly simulate, and they should already be minimized by
manufacturers, especially since there is evidence showing that for future AV users adoption is
tied to substantially increased safety (4-5 times safer) in comparison to human drivers (Liu et
al., 2019). Since the simulated AV in this study always turns successfully and never has an
accident, over time participants more frequently indicated that they wanted to turn even through
the smaller gaps between vehicles. This suggests that over system usage time, participants
showed increased trust towards the AV, which could be interpreted as a positive sign for future
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acceptance of AV. This study was designed in such a fashion that the AV behaved congruently
to the participant’s assessment in 50% of trials and incongruently in 50%. Consequently, in the
congruent condition, there was an increased amount of trials where the AV turned, whereas,
in the incongruent condition, there was an increased amount of trials where the AV waited for
another gap (see supplementary Fig. A.2). Therefore, the observed increase of the N2 response is
particularly noteworthy: It occurred when the AV did not show the expected behavior (turning),
which would have resulted in immense changes in the visual field, but waited - so participants’
visual perspective remained the same in most incongruent trials. However, the impact of the
changes in the visual field on our effect could be a subject for further study. Taken together,
the significant event was the AV not showing an action but remaining inactive. We find this a
promising indication that in the future there could be successful ERP-based BCI applications in
the context of AVs.

To give some future outlook, in the present study, we set out to investigate the usefulness of
ERPs in the context of identifying critical situations with AVs. For this purpose, we decided to
start in a rather controlled laboratory environment. We could show that it is possible to find
high quality ERPs even in complex moving stimulus material. In the next steps, the reliability
of our findings would need to be tested in set-ups closer to field application: e.g., in a Wizard
of Oz environment in an actual car and using smaller, mobile EEG devices. Further, to develop
an actual ERP based device to identify unacceptable traffic situations it would be necessary to
employ single trial classifiers (e.g., (Chavarriaga et al., 2014; Ehrlich & Cheng, 2019; Lopes-Dias
et al., 2019; Nakamura & Natsume, 2020; Vi et al., 2014; X. Wang et al., 2023)). In all those
studies, the classifiers have been fed with training data from situations providing clear wrong and
right outcomes. Since traffic is often more ambiguous, it might be advisable to include data from
more frequently occurring stimulus material such as ours in these lines of research. However, this
was beyond the scope of the current study and is a wide field for further research.

In the present study, we investigated the usefulness of ERPs in the context of AV. In our
controlled laboratory environment driving simulation study we could show that it is possible to
find high quality ERPs even in moving stimulus material.

When observing an AV executing a traffic maneuver in a fashion that contradicts participants’
assessment, we find increased amplitudes in the ERP components N1 and N2, but no significant
difference in P2 and P3.

This suggests that in human-AV interactions, it might be possible to use ERP based devices to
identify critical situations. However, further research is needed to bring current findings from
fundamental research closer to application.
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3.5 Methods

Note that this is the same set of participants, procedure, and apparatus than in our previous MM
study (Bertheau et al., 2025) (under revision), because both studies were recorded simultaneously.

3.5.1 Participants

Thirty-six volunteers were recruited to participate in this study to achieve sufficient statistical
power in our design. Participants were included in the study if they were over 18 years old,
right-handed, native German speakers, had normal or corrected to normal vision, and had no
psychiatric or neurological diseases. Additionally, participants were required to have a valid
German driver’s license and be legally fit to drive under German regulations (§ 31 StVZO, and
§ 316 StGB) at the time of the experiment. All participants gave written informed consent and
received 10 € per hour for participation. The research protocols were approved by the Commis-
sion for Research Impact Assessment and Ethics (“Kommission fiir Forschungsfolgenabschéitzung
und Ethik”) at the Carl von Ossietzky University of Oldenburg and complied with all relevant
ethical regulations. Two participants were excluded because they participated in only one of
the two recording sessions. Another participant was excluded because they clicked 'turn’ in all
trials. Hence, there were no ’congruent wait’ and ’incongruent turn’ trials for that participant.
Therefore, the data of 33 participants (mean age = 24.455, SD = 3.042, age = 3.042, age range
= 19-34 years, male = 18) were included in the analysis.

3.5.2 Procedure

The experiment consisted of two sessions, conducted on different days (days between sessions:
mean=6.618, SD=8.707). Each session took ~ 150 — 200 min.

During the first experimental session, participants gave written informed consent and filled
in the demographic questionnaires. In both sessions, the EEG and the peripheral physiological
sensors were positioned. Participants were then seated in an electrically shielded, dimly lit
chamber at ~ 120 cm distance in front of a display. First, participants were familiarized with the
two tasks, LT, and MM, in a short training. To achieve somewhat similar training times, for the
LT task there were three congruent trials, and for the MM task there were six congruent trials.

The main experiment consisted of both tasks. The order of the tasks was counterbalanced
both between sessions and participants. The current paper discusses the data from the LT task.
For results from the MM task see (Bertheau et al., 2025) (under revision). The LT task of the
main experiment was divided into four (~ 20 min) blocks. Between blocks, participants had the
opportunity to take short, self-paced breaks. After the second session, they were debriefed that
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they did not interact with an Al but a deterministic abstract machine. Table 3.1 summarizes the
overall procedure.

Tab. 3.1.: Overview of Procedure

Session I Session II
Task LT training LT MM training MM MM training MM LT training LT
Conditions con con & inc con con & inc con con & inc con con & inc
Trials 3 100 (in 4 blocks) 6 100 (in 2 blocks) 6 100 (in 2 blocks) 3 100 (in 4 blocks)
Time [min] ~3 ~80 (in 4 blocks) ~1 ~20 (in 2 blocks) ~1 ~20 (in 2 blocks) ~3 ~80 (in 4 blocks)

3.5.3 Left Turn Task

For both tasks, there was a cover story that the AV would make elaborate, data-driven decisions.
In the debriefing at the end of the last experimental session, it was clarified that all of the AV’s
supposed decisions were predetermined by a random number generator.

Each trial began with a cross that was presented at the center of the screen for 1000 ms.
Then, participants saw short video sequences from the driver’s perspective of an AV approaching
an intersection with oncoming traffic. At the stop line, the simulation was interrupted and
participants were asked to assess whether they would turn left in the next gap between oncoming
vehicles or whether they would prefer to wait. Participants were instructed to ’answer from their
gut’ when they were ready and to indicate their opinion using the left and right arrow buttons on a
standard keyboard. After pressing an arrow, participants viewed a video in which the AV behaved
either congruently or incongruently with their decision. After each trial, participants rated the
acceptability of the AV’s decision on a Likert scale ranging from 1, completely unacceptable, to
7, completely acceptable. This range was chosen to include a neutral middle point (4) while
ensuring that differences remain distinguishable in the human working memory (Colman et al.,
1997). See Fig. 3.4 for an overview of the task.

We created 30 different vignettes. Each participant performed 200 trials in total in random
order. Half of the trials were presented in the congruent setting, and half in the incongruent
setting. Thus, each scenario was presented at least 3x in a congruent and 3x in an incongruent
setting (see Table 3.1).

3.5.4 Apparatus
Hardware

The stimulus material was presented on a Samsung SyncMaster display: P247GH, 1920 x 1080
pixels, 60 Hz refresh rate.
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Fig. 3.4.: Schematic overview of an exemplary trial in the LT task. The flow chart illustrates the trial’s
time course, with all relevant events marked by vertical labeled ticks. For each relevant event,
a screenshot from a corresponding video and a schematic drawing of the traffic situation at
that moment are provided. The videos show the driver’s perspective of the red vehicle in the
schematic drawings. Each trial begins with a cross at the center of the screen, then the AV
approaches the crossing (start) and stops (stop). At the first possible gap between oncoming
vehicles (blue vehicles in the schematic drawings), participants were asked to indicate via
button press whether they wanted to turn left through the gap (Turn?). As illustrated in the
table, in congruent trials the AV’s decision complies, in incongruent trials it diverges from the
participants’ decision. The AV either turns (turn 1) or waits (wait) for the next possible gap
where it eventually turns (turn 2). The videos ended after a successful turn (end). At the end of
each trial, participants were asked to rate the acceptability of the AV’s behavior (Acceptable?).
See supplementary Methods for the exact wording of the used items. On each section of the
timeline, the mean duration of each phase is indicated in seconds (s).
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The EEG data were recorded using a 32-channel actiCAP snap electrode system with the
standard 10-10 layout (BrainProducts GmbH, Gilching, Germany). The reference electrode was
placed on the tip of the nose and a vertical EOG electrode was placed under the right eye. The
ground electrode was placed at electrode location FPz. Thus, the final EEG signal was acquired
from 30 active Ag-AgCl electrodes. Impedance was measured before recording and kept below
20 k2. EEG signals were digitized at a rate of 1000 Hz by a 16-bit ActiChamp EEG amplifier.

Software

The task was programmed using the Psychtoolbox (Brainard, 1997; Kleiner et al., 2007; Pelli,
1997) in MATLAB 2021a (The MathWorks, Inc., Natick, MA, USA).

The video sequences (see Fig. 3.4 for screenshots) were created in the commercial driving
simulation software SILAB Version 6 (WIVW GmbH, Wiirzburg, Germany).

Physiological signals were recorded using BrainVision Pycorder software (BrainProducts GmbH,
Gilching, Germany).

Data preprocessing and plotting were performed using the FieldTrip toolbox ((Oostenveld et
al., 2011); http://fieldtriptoolbox.org) in MATLAB 2022b (The MathWorks, Inc., Natick, MA,
USA).

All statistical analyses were computed using SPSS 29 (IBM, Armonk, NY, USA).

3.5.5 Data Analysis
EEG preprocessing

The EEG data were then demeaned, detrended, and filtered between 1 and 35 Hz using a
Butterworth filter (ft_preprocessing) (Oostenveld et al., 2011). The data were then segmented
into 1000 ms epochs without overlap. Epochs containing data that exceeded a threshold of 1000
uV were rejected. Then, an ICA was performed and components containing eye and muscle
movement artifacts were visually identified and rejected. The remaining components were
projected back onto the raw EEG data.

The raw data were then filtered from 0.1 to 35 Hz, and cut around triggers from -2500 to 2500
ms. Using accumulated z-score thresholding (ft_artifact zvalue) (Oostenveld et al., 2011), trials
with a z > 20 were rejected. The trials from the two experimental sessions were merged, and the
data were downsampled to 250 Hz. Since our stimulus material was dynamic throughout which
might have caused the baseline to be unstable, we accounted for this by applying a wide baseline
correction window from -500 to O ms. For the ERPs, we averaged the epochs from each AV’s
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decision (see Fig. 3.4) for each participant. Then we calculated a grand average over participants
for each condition separately (congruent, and incongruent).

To identify the 'N1’, 'P2’, 'N2’, and 'P3’ components of the ERP we applied a peak picking
algorithm (findpeaks()) on the grand average collapsed over all conditions. For each component
we defined a time window and target electrodes for identifying the peak or trough amplitudes
(V) respectively: N1 (100-200 ms at Oz) (Luck, 2014), P2 (150-250 ms at Fz) (Crowley &
Colrain, 2004), N2 (200-350 ms at Fz) (Folstein & van Petten, 2008), and P3 (250-500 ms
at Cz) (Polich, 2007). For each component, we defined a relevant time window around the
identified peaks or troughs: N1 (162 + 20 ms), P2 (207 + 30 ms), N2 (341 + 90 ms), and P3
(489 — 50 + 200 ms). Note that the windows’ widths were chosen to ensure that they covered
the whole component. Subsequently, the P3 time window was shifted to the right to ensure
that there was no overlap with the N2 window and to better capture the skewed shape of the
P3 (see gray shadings in Fig. 3.3). These four component windows were then applied to the
previously calculated grand averages for the conditions (congruent and incongruent). All samples
in one time window were collapsed for the three relevant electrodes (Fz, Cz, Pz) and exported
for inference statistical analyses.

Statistical Analysis

To examine the differences in acceptability ratings between conditions, we conducted a repeated
measures t-test.

To examine the differences in the ERP components between conditions, we conducted four
two-way repeated measures ANOVAs with the factors Condition (congruent, incongruent) x
Electrodes (Fz, Cz, Pz), one for each relevant component N1, P2, N2, and P3. Note, that for N1
we also included Oz in the analysis.

This repeated measures design which consists of 33 complete datasets and a conservatively
assumed correlation between repeated measures of r = 0.2 results in the following statistical
power for each ANOVA effect: With an assumed large population effect (w? = 0.14) the main
effects Condition ((1— ) > .950), and Electrodes ((1— /) > .975) achieve strong statistical powers.
The interaction effect Condition x Electrodes ((1 — 3) > .975) achieves a strong statistical power
already with an assumed medium-sized population effect (w? = 0.06) (see supplementary Table
A.16). To account for the sphericity problem GG corrections were used to correct the df.

Furthermore, as a post-hoc procedure to further disentangle significant three-level main effects
and interaction effects we employed Bonferroni corrected t-tests for C' relevant comparisons on
the simple main effects.
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General Discussion

The statistical methods do not know where the data
came from. It’s the researcher’s job to choose
appropriately and then make sense of it all.

— Dr. Ewald Naumann
(Psychologist, EEG Researcher, Methods Teacher)

4.1 Summary of the present findings

The current thesis aims to identify a neurophysiological correlate of participants’ acceptance
of AV behavior during human-AV communication, especially in complex time-critical traffic
situations. Further, we aimed to assess whether this neurophysiological signal can be used to
evaluate individual acceptance unobtrusively. If this information was available to the AV via a BCI
system, the AV could, within legal bounds, adapt its behavior accordingly toward the needs and
preferences of individual users. In perspective, this could be crucial information to successfully
advance XAl in the field of autonomous driving, because it would allow a system to accurately
time explanations.

Both studies investigated the usefulness of ERPs in this context. ERPs provide a high temporal
resolution and are directly attributable to predefined events of interest, which is essential when
assessing time-critical traffic maneuvers.

As a first step, we investigated ERPs with simplified static stimulus material showing rather
extreme traffic situations with AVs (see Chapter 2). Specifically, we utilized a modified version of
the MM dilemmas (Awad et al., 2018). Here we could show differences in late ERP components
when the AV showed behavior congruent to participants’ judgment compared to when it behaved
incongruently. Namely, we found increased P3 (322 to 422 ms) and LPP (500 to 900 ms)
amplitudes in fronto-central electrodes in incongruent trials (see Fig. 2.2).

In Study II (see Chapter 3), we utilized a similar experimental design but with video sequences
of a simulated AV maneuvering a left turn through oncoming traffic. Here we found an increased
N2 (251 to 431 ms) when the AV behaved incongruently to the participant’s assessment of the
turn situation compared to when it behaved congruently (see Fig. 3.3).
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Overall, we identified effects in later ERP components when an AV behaves incongruent to
participants’ judgment, across substantially different levels of immersiveness of the stimulus
material.

4.2 Interpretation, Related Work

Due to the relative novelty of this specific field of research, to my knowledge, there are no studies
to which the present findings could be directly compared. Yet, there are some studies utilizing
ERPs in the context of unexpected behavior of artificial systems, specifically of (VR-)interfaces
(Nakamura & Natsume, 2020; Pulferer & Miiller-Putz, 2022; Si-Mohammed et al., 2020; X. Wang
et al., 2023; Yazmir & Reiner, 2022) or robots (Ehrlich & Cheng, 2018, 2019; Lopes-Dias et
al., 2019). Only a few studies investigated ERPs in the context of unexpected vehicle behavior
(H. Zhang et al., 2013, 2015) an even fewer target unexpected AV behavior (Choi et al., 2019;
DSouza et al., 2021; Kolkhorst et al., 2017, 2019; X. Zhang et al., 2023).

4.2.1 ERPs while Systems Behave Unexpectedly

VR Interfaces. Si-Mohammed et al. (2020) and Yazmir and Reiner (2022) investigated ERPs in
response to erroneously behaving VR interfaces.

In Si-Mohammed et al. (2020)’s study participants (N = 15) operated a VR sorting task where
the interface behaved different kinds of erroneously in ~ 30% of 390 trials. In errorous trials
at FCz, they find the typical N2/P3 complex known from ErrP literature. Depending on the
error type, they find a classification accuracy between error vs. non-error trials of 84.9 + 6.5 and
59.3 + 5.8 respectively. Nevertheless, their setup is too dissimilar to our studies to draw direct
comparisons beyond the fact that here as well later ERP components were shown to be the most
significant contributor when differentiating trials with intended and unintended device behavior.

When investigating erroneous behavior of an VR interface in 250 rounds of a virtual tennis
game Yazmir and Reiner (2022)’s participants (N = 21) descriptively displayed a fronto-central
amplitude distribution during the P3 time-window (~ 312ms). This appears similar to the
topography in Study II (see Fig. 3.3). Note that beyond apparent differences in stimulus material,
their study lacks a control condition where the interface behaves as expected. Thus, comparisons
between findings should be treated cautiously.

Both studies unanimously find fronto-central effect locations. However, there are hetero-
geneities in methodology and the ERP time course. This circumstance illustrates the need for the
present contribution to draw more robust conclusions.
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Computer Interfaces. S. K. Kim and Kirchner (2016) had participants (N = 8) play a computer
game where they navigated a cursor through a maze using the arrow keys. In contrast to correct
trials (button press towards the target), they find ERP effects when the interface behaves against
the participant’s input (9% of 528 trials) as well as when participants observe an artificial agent
making a mistake. Since they focus on contrasting different types of erroneous behavior and do
not present the ERPs, these findings cannot be directly compared to the present studies.

Pulferer and Miiller-Putz (2022) had participants (N = 10) utilize an EEG based BCI to track a
moving target on a screen. The system could perform correctly by being on the target in 40% of
360 trials or erroneously by being slightly or severely afar the target. This study is particularly
interesting because the design included different intensities of erroneous device behavior. In
the ERP they find a significant difference between correct and both erroneous BCI behaviors at
Pz with an increased amplitude for correct trials in later ERP components ~ 250 — 750ms and
a decreased amplitude for erroneous trials. Even though we also found differences between
congruent and incongruent trials in later ERP components (see Chapter 2 and 3), the direction of
the effect is reversed. In both our studies (see Chapter 2 and 3) the ERP effects are distributed
fronto-centrally and incongruent trials resulted in increased amplitudes (see Fig. 2.2 and 3.3). In
contrast Pulferer and Miiller-Putz (2022) descriptively report increased parietal amplitudes for
correct trials. Thus, erroneous behavior from computer interfaces seems to not elicit equivalent
responses to erroneous AV behavior.

Robots. In the past, human-robot interaction has been investigated several times using ERPs
for stationary robots (Ehrlich & Cheng, 2018, 2019; Lopes-Dias et al., 2019; Pulferer et al., 2023)
or robot vehicles (Nakamura & Natsume, 2020; X. Wang et al., 2023).

In a subsequent study Pulferer et al. (2023) had participants (N = 10) perform 132 trials
of the task from Pulferer and Miiller-Putz (2022) using a BCI operated robot arm. The robot’s
performance could be on or afar the target. There they could not show a difference in the ERP
between conditions.

In Lopes-Dias et al. (2019) study, participants (N = 15) operated a robotic arm that behaved
erroneously in 30 % of 360 trials. In line with our findings (see Chapter 2 and 3) for erroneous
compared to correct trials, they find ERP effects at fronto-central electrodes. For erroneous
trials at FCz, they find an increased positive ERP component (~ 300— ~ 400ms) followed by an
increased negativity (~ 500— ~ 650ms). The reported topography during the positivity with its
central distribution descriptively resembles a typical P3a ERP component - which would be in line
with our findings from Study II (see Chapter 3, Fig. 3.3), however only in Study I (see Chapter 2)
we observed a difference in P3 between congruent and incongruent trials (see Fig. 2.2a).
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Ehrlich and Cheng (2018) had participants (N = 13) anticipate a robot’s action based on
its gaze behavior. In 30% of the 150 trials, the robots’ gazes were misleading. Their classifier
differentiating correctly and erroneous anticipated trials reached an accuracy of 81.8% + 8.0%. In
the ERP of erroneous trials, descriptively, they find a fronto-central N2 around 300 ms followed
by a fronto-central P3 around 400 ms, whereas for correct trials, the P3 is found earlier around
300 ms. Comparable to Study II (see Chapter 3) there seems to be an N2 effect for erroneous
or incongruent trials (see Fig. 3.3). When comparing their difference topography (error minus
correct), they find the most prominent difference fronto-central for the later ERP components
(300-400 ms). The fronto-central spatial distribution looks strikingly similar to our difference
topography (incongruent minus congruent) from Study I (see Chapter 2, Fig. 2.2b), however, the
polarity differs at times. Further, the MM task from Study I did not elicit a difference in latency
for the ERP components (see Chapter 2, Fig. 2.2a).

In a subsequent study Ehrlich and Cheng (2019) had participants (N = 11) operate a robot
that did not comply with participants’ input in ~ 30% of 1.000 trials. At around 263 ms they find
an increased amplitude for error compared to non-error trials at Cz. Nevertheless, the pattern
was not as pronounced as in the computer screen-based control condition, where the typical
N2/P3 complex known from ErrP literature is visible at Cz. During the P3 time window, they
find a central maximum in the difference topography, somewhat comparable to the fronto-central
distribution we observed during the P3 time window in Study I (see Chapter 2, Fig. 2.2b).
In single-trial classification between error and non-error trials, they achieved an accuracy of
69.0 + 7.9%.

Thus, robots behaving unexpectedly overall leads to fronto-centrally increased later ERP
amplitudes in their human users (Ehrlich & Cheng, 2019; Lopes-Dias et al., 2019). However,
Pulferer et al. (2023) null-finding regarding ERPs should caution against oversimplification. This
could be an indicator that findings humans interact with robots and AVs similarly.

Robot Vehicles. Nakamura and Natsume (2020) had male participants (N = 5) navigate a
robot through a virtual maze. In 30% of trials, the robot behaved differently than the participant
intended, by taking a different turn in the maze. They achieved a classification accuracy between
different and intended turn trials of >70%. However, since they do not report the actual ERPs
we cannot evaluate which exact components differentiated between conditions and draw direct
comparisons.

X. Wang et al. (2023) had participants (N = 13) observe a robot autonomously navigate a
T-shaped crossing 160 times. Before a crossing, it indicated its intention to the participant with
an arrow on its screen. In ~ 50% of trials, it broke the intention by crossing the other way. Thus,
from a stimulus material perspective X. Wang et al. (2023)’s study has a distant resemblance to
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Study II (see Chapter 3). After their robot turned they reported an increased significant negative
amplitude (~ 170ms) and a subsequent significant positive amplitude (~ 200ms) followed by
another significant negative amplitude (~ 300ms) for trials where the robot broke its intention.
This latter fronto-central negativity might be comparable to increased fronto-central N2 for
incongruent trials from Study II (see Fig. 3.3). Remarkable to me is that their highest amplitude
component is found at (~ 200ms), which is relatively early given the complexity of the used
stimulus material. The difference topographies (aligned - broken intentions) do not resemble any
of our difference topographies (see Fig. 2.2b and 3.3). Using a single trial classifier they achieved
an accuracy between different and intended turn trials of 77.57%.

Car Navigation Interface. In a driving simulator and a real-world driving experiment H. Zhang et
al. (2013, 2015) asked participants (N = 7, N = 22 & N = 7) to follow directions given by traffic
signs. In the car’s interface, before each of the 150 intersections, a cue arrow appeared either in
line (70% of intersections) or against the direction indicated in the signs. For each experiment,
linear discriminant analysis achieved an accuracy of > 0.68 between conditions. For both
simulated and real-world driving, in the ERP they find an increased positivity (~ 260 — 290ms)
for correct trials, followed by an increased negativity (~ 475 — 480ms) for error trials, and an
increased positivity (~ 700 — 750ms) for error trials in fronto-central electrodes. ERP time course
and frontal distribution of their results seem strikingly similar to our findings in Study II (see
Chapter 3, Fig. 3.3).

AVs. To this day, only a few experimental studies utilized ERPs in the context of AVs (Choi et
al., 2019; DSouza et al., 2021; Kolkhorst et al., 2017, 2019; Solis-Marcos, Galvao-Carmona, &
Kircher, 2017; van der Heiden et al., 2018; Zander et al., 2017; X. Zhang et al., 2023). However,
mostly these studies did not focus on unexpected behavior but more on driver state assessment,
for instance, fatigue (Solis-Marcos et al., 2017) or vigilance (van der Heiden et al., 2018) or
on differences in EEG data quality between a car and a laboratory environment (Zander et al.,
2017). Previous studies attempting to utilize ERPs to assess critical situations during human
AV interaction either only analyze a single participant’s EEG per condition, despite having a
large sample (N = 53) (DSouza et al., 2021) or they suffer from a questionable ERP component
selection (X. Zhang et al., 2023) and are therefore not comparable to the present results. This
circumstance stresses the need for more thorough investigations such as ours in the field. The
only studies identified in the literature review that utilized a somewhat similar experimental
setup to our Study II are Choi et al. (2019) and Kolkhorst et al. (2017, 2019).

Kolkhorst et al. (2017, 2019) had participants (N = 5, & N = 5) classify 450 hazardous (e.g., a
pictogram of a pedestrian appearing on the street, ~ 21%) or non-hazardous (e.g., a pictogram
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of a pedestrian appearing on the sidewalk) events appearing in real-world traffic videos from an
AV user perspective. Participants were asked to press a button (Kolkhorst et al., 2017, 2019) or
silently count (Kolkhorst et al., 2019) after each hazardous event. For their analysis, they trained
classifiers to identify hazardous and non-hazardous trials. Unsurprisingly, they found an increased
performance of their classifier for hazardous and non-hazardous trials in the button press (0.79,
0.75) (Kolkhorst et al., 2017, 2019) compared to the counting task (0.73) (Kolkhorst et al., 2019).
The classifier likely identified the difference in motor cortex activity between different events
in the button press task, which would confound these results. Adding the counting task partly
addresses this shortcoming by avoiding systematic motor activity. Nevertheless, a systematic
difference in cognitive activity between conditions remains. It would have been advisable to
implement two counterbalanced buttons, one for hazards and one for non-hazards, or have
participants give their input after the end of the ~ 20 s video clip, or include a condition where
the non-hazardous events are counted. Descriptively, for hazard events, they find an increased
partial P3 for both button press (Kolkhorst et al., 2017, 2019) and counting task (Kolkhorst et
al., 2019). In both our studies (see Chapter 2 & 3), participants had to press a button in both
incongruent and congruent trials (see Fig. 2.4 and 3.4). For incongruent trials, we found an
increased contro-parietal P3 in the image-based stimulus material of Study I (see Chapter 2, Fig.
2.2a), however not in video material used in Study II (see Chapter 3, Fig. 3.3). One could argue
that the simplified pictograms resembled the stimulus material from Study I. Nevertheless, their
utilized video clips provided a continuous stimulus, like in Study II. Overall, these studies are
too dissimilar to draw extensive conclusions. However, they stress the potential of later ERP
components for ERP based BCI.

In Choi et al. (2019)’s study, participants (N = 5) observed a simulated AV navigating a lonely
drive through snow-covered forest paths from a user perspective. In 25% of 40 trials, the AV
turned in a different direction than the participant indicated. Comparable with Choi et al. (2019)
we were able to show an ERP in response to critical AV behavior (see Chapter 2 and 3). However,
Choi et al. (2019) only utilized a classifier approach (accuracy 63.74) which does not allow any
conclusion on which ERP components contributed to the found difference. Descriptively, they
might have found an increased N2/P3 complex in erroneous trials. The increased N2 would be
in line with our findings from Study II (see Chapter 3), yet we could not show a P3 effect (see
Fig. 3.3). One approach explaining differences in findings could be that we used a visually more
complex driving simulation, which might have reduced our signal-to-noise ratio. However, this
had been accounted for by increasing the reliability with an increased number of participants (N
= 33 vs. N = 5) and trials per participant (200 vs. 40). Additionally, we were not interested in
straight-out erroneous behavior but in instances where an AV behaved unexpectedly for the user
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but its behavior was still within the bounds of possible action for an AV with approval for road
use.

Summary of Releated Work on ERPs while Systems Behave Unexpectedly

Overall, few studies investigated ERPs while AVs behaved unexpectedly. Even though investi-
gations of ERPs while AVs behave unexpectedly are rare, there is a body of related literature
focusing on interfaces and robots. These are suited to tie in some of the results. However, the
heterogeneity in methods and findings in the previous body of literature already illustrates the
gap in concise scientific insights in the field.

ErrPs. Since the reviewed studies investigating unexpected system behavior often implemented
objectively erroneous system behavior, they target ErrPs as a marker for set unexpected events
(Choi et al., 2019; Ehrlich & Cheng, 2018, 2019; S. K. Kim & Kirchner, 2016; Lopes-Dias et
al., 2019; Nakamura & Natsume, 2020; Pulferer et al., 2023; Pulferer & Miiller-Putz, 2022;
Si-Mohammed et al., 2020; X. Wang et al., 2023; Yazmir & Reiner, 2022; H. Zhang et al., 2013,
2015). Note that a certain level of ambiguity must be considered when assessing real-life traffic.
Hence, findings from ErrP literature might not be directly comparable to the present findings.
However, they provide a helpful approximation.

Classifiers. Frequently, for analysis, studies solely utilize classifiers with found accuracies
ranging from 63 to 81 (median = 69.5) (Choi et al., 2019; Ehrlich & Cheng, 2018; S. K. Kim
& Kirchner, 2016; Nakamura & Natsume, 2020; X. Wang et al., 2023; H. Zhang et al., 2015).
These studies are often conducted on small numbers of participants (5 < N < 22, median = 8)
and trials per participant in the unintended condition (10 < ¢ < 80, median = 45), which bears
an increased risk of overfitted and thus not generalizable models, especially in noisy setups
or when targeting small differences in ERP components (Cecotti & Ries, 2017). Due to the
black-box nature of classifiers, it cannot be excluded that the model has reached the classification
based on arbitrary data properties. Thus, these findings do not allow for conclusions about
the time course and topography of the reported ERP. Consequently, the naming of certain ERP
components as the main contributors are often backed descriptively and not statistically. When
an inference statistical ERP analysis is incorporated (Ehrlich & Cheng, 2019; Lopes-Dias et al.,
2019; Pulferer et al., 2023; Pulferer & Miiller-Putz, 2022; Si-Mohammed et al., 2020; Yazmir
& Reiner, 2022; H. Zhang et al., 2013) the analyses are based on slightly higher numbers of
participants (7 < N < 21, median = 11) and substantially higher number of trials per participant
in the unintended condition (45 < ¢t < 300, median = 117). These studies are, therefore, more
comparable to the present N < 33 and ¢ ~ 100 database (see Chapter 2.5 and 3.5).
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Topography. The inference statistically identified ERP effects are usually located fronto-centrally
(Ehrlich & Cheng, 2019; Lopes-Dias et al., 2019; Si-Mohammed et al., 2020; Yazmir & Reiner,
2022; H. Zhang et al., 2013), which is in line with the present findings (see Fig. 2.2b and 3.3).
Only Pulferer and Miiller-Putz (2022) report parietal effect locations.

ERPs. When studies report statistically significant differences in amplitudes, they are overall
in line with the present results (see Fig. 2.2a and 3.3) found in later ERP components (250
to 750 ms) (Ehrlich & Cheng, 2019; Lopes-Dias et al., 2019; Pulferer & Miiller-Putz, 2022;
Si-Mohammed et al., 2020; H. Zhang et al., 2013, 2015). Additionally in line with the present
findings (see Fig. 2.2a and 3.3), error trials usually result in (slightly) increased frontal ERP
amplitudes (~ 475to750ms) (Ehrlich & Cheng, 2019; Lopes-Dias et al., 2019; Si-Mohammed et
al., 2020; H. Zhang et al., 2013, 2015). Most of these studies find both an increased negativity
(~ N2) (Lopes-Dias et al., 2019; Si-Mohammed et al., 2020; H. Zhang et al., 2015) as well as an
incresed positivity (~ P3 and LPP) (Lopes-Dias et al., 2019; Si-Mohammed et al., 2020; H. Zhang
et al., 2015) for erroneous trials. However, H. Zhang et al. (2013) and Study II (see Chapter 3,
Fig. 3.3) only report an increased negativity. Note that both studies utilize driving stimulator
stimuli. However, when H. Zhang et al. (2013)’s experiment was repeated (H. Zhang et al., 2015)
there was an incresed later positivity (~ P3). Moreover, Ehrlich and Cheng (2019)’s robot study
and Study I (see Chapter 2, Fig. 2.2) utilizing moral stimuli only report an increased positivity.
Nevertheless, increased amplitudes for correct trials in comparison to erroneous trials have also
been reported parietally (~ 250to750ms) (Pulferer & Miiller-Putz, 2022) as well as frontally
(~ 250t0500ms) (H. Zhang et al., 2013, 2015).

Taken together, besides some variation, most studies across heterogeneous stimulus material
and experimental protocol point towards increased N2 and P3 amplitudes at fronto-central
sites as the most prominent ERP effect when systems behave unexpectedly. However, there are
contradictory previous findings (Pulferer et al., 2023; Pulferer & Miiller-Putz, 2022; H. Zhang et
al., 2013, 2015). Further, the present results (see Chapter 2 and 3) are not entirely consistent:
Study I reveals P3 and LPP effects whereas Study II reveals an increased N2 when the AV behaves
incongruently. This deviation could be due to introducing a higher level of ambiguity to our
stimulus material. Remarkably, even though the present studies (see Chapter 2 and 3) consist
of a higher participant number as well as a suitable number of trials recorded in a high-quality
electrically shielded laboratory environment (see Chapter 2.5 and 3.5), the obtained findings are
less definite than some previous findings. This might be an indication that the present effects
are not as stable as the previous literature suggests. Speculatively, there might be publication
bias in the field, which could have resulted in studies with null findings not being published and,
therefore, not being accessible.
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Hence to mend this and to get the present findings to road-use further research is needed.
Some possible lines of research to proceed are more thoroughly addressed in the following.

4.3 Limitations and Directions for Future Research

Various valuable research directions are available to build on the present findings fruitfully. They
can be sorted into three subsequent research questions that need to be addressed in future
projects:

1. How to increase the meaningfulness and clarity of the obtained physiological results?
2. Is it possible to achieve constant results in setups closer to field application?

3. What should the AV ideally do, when a critical situation has been successfully identified?

Physiological data. Several work packages must be addressed to tackle the first research ques-
tion. First, I would expand the methodological scope by incorporating a multimethodological
approach for identifying critical situations. This could be archived in a smaller subsequent project
since, fortunately, throughout both present studies GSR and Respiration data were sampled.
Reanalyzing and incorporating these variables to further bind unsystematic variance could be a
first step. This could be realized with moderate effort, perhaps as a student project.

Second, the present project could show that ERP could be used in offline aggregated analysis
to differentiate acceptable and unacceptable AV behavior. Building on that, optimizing online
single-trial analysis of the gathered data in a more methodological leaning project would be
important to enable real-time evaluation of physiological parameters during critical situations
with AVs. However, further data recording might be needed to reduce the risk of overfitted
models and statistical error accumulation.

When there are enough resources available for a whole subsequent research project, it would
be important to replicate the found results either with a reduced set of electrodes or even better
using mobile EEG setups (Bateson et al., 2017; Niso et al., 2023). For instance, cEEGrid can
obtain a relatively high quality EEG only from electrodes placed around the ears (Bleichner &
Debener, 2017). There are even tattooed EEG electrodes on the market now, which could be
considered in this context (Scalco de Vasconcelos et al., 2024).

Another source of heterogeneity in the present findings could be interindividual factors such as
age, gender, or technology affinity. A research project leaning towards differential psychology
could account for interindividual differences between users. This would require a between-
subjects design and a substantial increase in the number of participants to acquire comparable
statistical power.
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Driving Environment Realism. When sufficient insights are gathered on the optimal setup and
processing of physiological data for our purposes, the research project should move on to the
second research question. The learned techniques should be tested in setups closer to road
use, for instance in a driving simulator or a Wizard of Oz setup. On a side note, it could be
fruitful to incorporate a condition where not the experimenter but the participants applied the
physiological sensors. For instance Zander et al. (2017) already did this for a dry EEG setup in
the driving context. This would give a glimpse into product design and valuable insights into
how sensors should be designed to be safely and successfully used while keeping losses in data
quality minimal.

XAl. The last research question on how the AV should successfully adapt its behavior ventures
in a different field and, therefore, could be addressed in parallel.

There is some research from the field of XAl indicating that generating a sensible explanation
for an AV’s behavior could be the most fruitful course of action (Du et al., 2019; Wiegand et al.,
2020). In this line of research, it would be fruitful to incorporate qualitative methods such as
interview-based stakeholder analysis to determine which stakeholder groups require which kinds
of explanations (Langer et al., 2021).

4.4 Conclusion

This doctoral project set out to identify a neurophysiological correlate of participants’ acceptance
of AV behavior, particularly in complex, time-critical traffic situations. Specifically, the aim was
to determine whether ERPs could serve as an unobtrusive measure of individual acceptance. In
perspective, a BCI providing this information could enable an AV to adapt its behavior to meet
users’ needs and preferences. This would be especially advancing XAI because it would help
systems to identify critical situations in need of an explanation.

The present findings across two experimental studies suggest that AV behavior incongruent
with participants’ expectations elicits distinct ERP responses, though with some inconsistencies.
Study I used static stimuli to reveal increased fronto-central P3 and LPP amplitudes. Study II,
employing dynamic video stimuli, showed an increased fronto-central N2 response.

These differences may be attributed to variations in stimulus complexity and ambiguity. Notably,
while previous research often reports increased N2 and P3 amplitudes in response to unexpected
system behavior, discrepancies in findings — including those observed in the present findings -
highlight the complexity of neurophysiological responses in human-AV interaction. Additionally,
despite high-quality data collection procedures, the less definitive nature of our results highlights
the need for further research in the field to validate and refine these insights for real-world
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application. Future studies should explore a multimethodological approach incorporating addi-
tional physiological measures to improve the signal-to-noise ratio. Additionally, translating these
findings into practical BCI implementations will require a replication using mobile EEG in field
conditions.

In conclusion, the present results showcase that thorough neuroscientific methods bear great
potential to enhance the relatively young field of human-AV interaction.
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Acronyms

AC alternating current

ACC anterior cingulate cortex
Al artificial intelligence

ANOVA analysis of variances
AV autonomous vehicle

BCI brain computer interfaces
cm centimeters

con congruent

df degrees of freedom

E easy to use

EEG electroencephalogramm
EOG electro ecculogramm

ERN error related negativity
ERP event-related potential
ErrP error potential

fMRI functional magnetic resonance imaging
FRN feedback related negativity
GG Greenhouse-Geisser

GSR galvanic skin response

Hz Hertz
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ICA independent component analysis
inc incongruent

LLM large language model

LPP late positive potential

LT Left Turn

MEG magnetencephalogramm

min minutes

MM Moral Machine

ms milliseconds

RTG Research Training Group

s seconds

SD standard deviation

SE standard error

SEAS Social Embeddedness of Autonomous Cyber Physical Systems
TAM technology acceptance model

U useful

1V microvolt

VR virtual reality

XAl explainable artificial intelligence
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Appendix

A.1 Supplementary Material to General Introduction

A.1.1 Considered Model Situations

Here is a list of model situations that had been considered during the experimental design phase
of this doctoral project.

Medical/fire truck emergency
— Acceptable behavior (positive self-image: caring for others’ safety): take a detour
— Middle ground behavior: drive to the side

— Unacceptable behavior (negative self-image: egoism, recklessness): stay on the lane,
possibly slowing emergency vehicle down

Turning left at stop sign/traffic light
— Unacceptable behavior: wait longer than necessary (or enter crossing no matter what)

— Acceptable behavior: enter crossing when safely possible

* Wrong way driver/cyclist/children on the lane
— Acceptable behavior: take a detour

— Unacceptable behavior: stay on the lane, risking collision

* Cleaning work after minor accident/ obstruction (branches) etc.
— Acceptable behavior: (stop for first aid), or wait patiently, take the detour

— Unacceptable behavior: stay on the lane, risk hit &run

Slow truck going 30 on 100km/h lane

— Unacceptable behavior: stay behind the truck for a longer time (overtake no matter
what)

— Acceptable behavior: overtake when safely possible/ always stay behind the truck
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A.2 Supplementary Material to "Event-Related Potentials
Reveal Incongruent Behavior of Autonomous Vehicles
in the Moral Machine Dilemma"

This supplementary material contains further details on Results and Methods for the study "ERPs
reveal incongruent behavior of AVs in the MM dilemma".

Regarding Results we supplement the complete tables on the behavioral t-tests (see Table A.1),
the two two-way ANOVAs for the components 'P3’ (see Table A.2), and 'LPP’ (see Table A.3), as
well as the corresponding post hoc procedures for those effects which showed to be significant in
the ANOVAs (see Tables A.4-A.6).

Regarding Methods we give a complete Character Atlas from the MM stimulus material (see Fig.
A.1), further details on technical equipment, the used question items, and the statistical power

estimation.
A.2.1 Results
Mean Difference between means Significance Effect
Dependent variable A B A B A-B standard deviation (SD) SE degrees of freedom (df) T two-sided p p*(C=4) Cohen’sd
No. arrows pressed Inaction (left) - Action (right) 102.650 97.150  5.500 34.353 5.892 33 934 357 >1 .160
No. AVs with passengers Sacrificed - Spared 86.820 47.059 39.765 48.705 8.353 33  4.761 <.001 <.001 .816
Mean No. of characters Spared - Sacrificed 3.590 2.409  1.180 .380  .065 33 18.134 <.001 <.001 3.110
Species: pets Sacrificed - Spared 41.471 36.471  5.000 7.954 1.364 33 3.665 <.001 .003 .629
Acceptibility (Likert [1,7]) congruent - incongruent 5.744 2.541 3.203 978  .168 33 19.095 <.001 3.275
Tab. A.1.: behavioral t-Test results from the MM task with Bonferroni correction with C=4 relevant
comparisons.
factor spherlc'lty square df MSS F p parglal
correction sum n
Condition - 40.418 1 40.418  9.887 .004 231
error(Condition) - 134.903 33 4.088
Electrodes - 1828.809 2 914.404 98.464 <.001 .749
Greenhouse-Geisser (GG) 1828.809 1.220 1498.724 98.464 <.001 .749
- 612.920 66 9.287
error (Electrodes) GG 612.920 40.268  15.221
e - 7.228 2 3.614 18.641 <.001 .361
Condition * Electrodes GG 7.228 1454 4971 18.641 <.001  .361
N - 12.796 66 194
error(Condition*Electrodes) GG 12.796  47.986 267

Tab. A.2.: Two-way ANOVA for P3 component with GG correction.
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sphericity =~ square partial

factor . df MSS F p o
correction sum n
Condition - 161.623 1 161.623 24.658 <.001 428
error(Condition) - 216.300 33 6.555
Electrodes - 809.371 2 404.686 80.168 <.001 .708
GG 809.371 1.135 713.043 80.168 <.001 .708
- 333.166 66 5.048
error(Electrodes) GG 333.166 37.458  8.894
e - 1.522 2 .761 1.609 .208 .046
Condition * Electrodes GG 1522 1210 1257 1.609 215  .046
N 31.217 66 473
error(Condition*Electrodes) cG 31217 39.945 82

Tab. A.3.: Two-way ANOVA for LPP component with GG correction.

95% confidence

simple main effect diff. between SD SE interval for difference T df significance effect
means lower upper one sided twosided
bound bound P P p*(C=12) Cohen’sd
frontal - central -3.072 2.017 .346 -3.776 -2.368 -8.883 33 <.001 <.001 <.001 -1.523
frontal - parietal -7.303 4.058 .696 -8.719 -5.888 -10.494 33 <.001 <.001 <.001 -1.800
central - parietal -4.231 2.707 .464 -5.176 -3.287  -9.116 33 <.001 <.001 <.001 -1.563

Tab. A.4.: Bonferroni corrected t-tests with C= 12 relevant comparisons as post hoc procedure for the
three level main effect Electrodes at the component P3.

95% confidence

factor simple main effect diff. between SD SE interval for difference T df significance effect
means lower upper onesided two sided ,
bound bound P P p*(C=12) Cohen’sd
frontal  (inc - con) 1.187 1.485 .255 .669 1.705 4.663 33 <.001 <.001 .001 .800
central  (inc - con) 1.124 1.791 .307 499 1.749 3.661 33 <.001 .001 .010 .628
parietal (inc - con) 359 1.882 .323  -.297 1.016 1.113 33 137 274 3.287 191
con (frontal -  central) -3.104 1.881 .323 -3.760 -2.447  -9.620 33 <.001 <.001 <.001 -1.650
con (frontal - parietal) -7.718 3.824 .656 -9.052 -6.383 -11.768 33 <.001 <.001 <.001 -2.018
con (central - parietal) -4.614 2.614 .448 -5.526 -3.702 -10.292 33 <.001 <.001 <.001 -1.765
inc (frontal -  central) -3.040 2.212 .379 -3.812 -2.269 -8.015 33 <.001 <.001 <.001 -1.375
inc (frontal - parietal) -6.889 4.351 .746 -8.408 -5.371  -9.232 33 <.001 <.001 <.001 -1.583
inc (central - parietal) -3.849 2.839 .487 -4.839 -2.858 -7.905 33 <.001 <.001 <.001 -1.356

Tab. A.5.: Bonferroni corrected t-tests with C= 12 relevant comparisons as post hoc procedure for the
interaction effect Electrodes x Condition at the component P3.

95% confidence

simple main effect diff. between SD SE interval for difference T df significance effect
means lower upper one sided two sided
bound bound p p p*(C=3) Cohensd
frontal - central -2.333  1.393 .239 -2.819 -1.846 -9.761 33 <.001 <.001 <.001 -1.674
frontal - parietal -4.878 3.051 .523 -5.942 -3.813 -9.322 33 <.001 <.001 <.001 -1.599
central - parietal -2.545 1.973 .338 -3.233 -1.856 -7.519 33 <.001 <.001 <.001 -1.290

Tab. A.6.: Bonferroni corrected t-tests with C= 3 relevant comparisons as post hoc procedure for the
three level main effect Electrodes at the component LPP.

A.2 Supplementary Material to "Event-Related Potentials Reveal Incongruent 91
Behavior of Autonomous Vehicles in the Moral Machine Dilemma"



92

SabtA4TTAAAREAMA e

erafllddid A28 s8R &

Fig. A.1.: Complete set of 20 characters as pedestrians (top) and passengers (bottom) in the MM task.
They differ in sex (female, male), age (baby, child, grown up, elderly), species (human, pet),
fitness level (large, fit), and social status (homeless, executive).

A.2.2 Methods
Photo Diode Field

We used a photo sensor (Brain Products Gilchingen, Germany) field in the lower left corner of
the screen to acquire a ground truth verification of our set up’s timing: Simultaneously to the
onset of our stimuli, their appearance on the screen, the photo sensor field flipped from grey to
white for 100 ms. By comparing these time stamps the to the EEG-triggers we archived an even
more precise timing.

Exact Wording of Acceptability Item

German: 'Wie akzeptabel fanden Sie das Verhalten des selbst-fahrenden Fahrzeugs?
vollig unakzeptabel 1 -2 -3 -4-5 -6 - 7 vollig akzeptabel’
English: "THow acceptable did you find the behavior of the self-driving vehicle?

completely unacceptable 1 -2 -3 -4 -5 - 6 - 7 completely acceptable’

Statistical Power Estimation

G*power Version 3 Faul.2007, Faul.2009 does not allow for power estimations of ANOVAs with
repeated measures on two factors Rasch2021Supplement. To evade this we adjusted the effect
sizes f according to the method suggested by Rasch2021Supplement (Chapter 3.3). For two-
factor ANOVAs, they suggest adjusting f based on the other factor: f' = /g for f' = \/p* f,
respectively. Statistical power (1 — 3) estimations were carried out for all three effects of the
2x3 ANOVA Condition x Electrodes with 34 complete datasets, and a conservatively assumed
correlation between repeated measures of » = .2. We employed the effect conventions suggested
by G*Power: small (f = 0.10), medium (f = 0.25), and large (f = 0.40). For the main effect
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Condition (congruent, incongruent: p = 2) we employed the following adjustment f’ = /g * f to
G*Power and found:

e small: f/=3%0.1=0.173,\ =2.550,1 — 3 = 0.341
e medium: f' = /3% 0.25 = 0.433, A\ = 15.937,1 — 3 = 0.972
e large: f' = /3 %0.4=0.693,\ = 40.798,1 — 3 = 0.999

For the main effect Electrodes (frontal, central, parietal: q = 3) and the interaction Condition x
Electrodes we employed the following adjustment f’ = ,/p * f to G*Power and found:

e small: f/=/2x%0.1=0.141,\ = 2.549,1 — 3 = 0.267
e medium: f' = /2% 0.25 = 0.354, A = 15.942,1 — 3 = 0.947
e large: f/ = /2% 0.4 = 0.566, A = 40.802,1 — 3 = 0.999

Thus, overall we at least achieved statistical power of 1 — 3 = 0.947 for the three ANOVA effects
assuming a conventionally medium sized effect.
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A.3 Supplementary Material to "Detecting Unacceptable
Behavior of an Autonomous Vehicle Using
Electroencephalography”

This supplementary material contains further details on Results and Methods for the study
"Detecting Unacceptable Behavior of an AV using EEG".

Regarding Results, we supplement a table on the number of trials for all condition combinations
after artifact correction (see Table A.7), the behavioral results from the Likert acceptability item
detailed for ’turn’ and 'wait’ (see Fig. A.2), the four two-way ANOVA for the components 'N1’, 'P2’,
'N2’, and 'P3’ as well as the corresponding post hoc procedures for those effects which showed to
be significant in the ANOVA (see Tables A.8-A.15).

Regarding Methods we give further details on technical equipment, the used question items, and
the statistical power estimation (see Table A.16).

A.3.1 Results
congruent incongruent total
z (SD) % T (SD) % z (SD) %

turn 68.727 (23.133) 34.859 29.576 (24.303) 14.923 98.303 (3.729) 49.782

wait 29.970 (23.560) 15.127 69.182 (23.881) 35.090 99.151 (3.420) 50.217

total 98.697 1.311 49986 98.758 1.751 50.013 197.455 2.796 100
Tab. A.7.: Number of trials for all condition combinations after artifact correction

sphericity square

Factor i df MSS F p partial n?
correction sum
Condition - 9.895 1 9.895 1.272 0.268 0.038
error(Condition) - 248.909 32 7.778
- 1443.616 2 481.205 48.238 <0.001 0.601
Electrodes .
GG 1443.616 1.929 748.400 48.238 <0.001* 0.601
error(Electrodes) j 957.664 96 9.976
GG 957.664 61.726 15.515
Condition * Electrod - 7.645 3 2.548 0.922 0.433 0.028
ondition = blectrodes GG 7.645 1.198  6.383 0.922  0.360 0.028
N . 265.347 96  2.764
error(Condition*Electrodes) GG 265.347 38.328 6.923

Tab. A.8.: Two-way ANOVA for N1 component with GG correction
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Fig. A.2.: Acceptability ratings after each trial split up for the conditions congruent (blue), and incongru-
ent (red) as well as the AV’s action (turn vs. wait). The Likert scale was coded as ’completely
acceptable’ (7) to ’completely unacceptable’ (1). On each box, the central mark indicates
the median, and the bottom and top edges of the box indicate the 25th and 75th percentiles,
respectively. The only not significant difference is marked (n.s.). All other differences are
significant.
simple diff. between 95% confidence interval for difference significance
. SE 5
main effect means lower bound upper bound p p*C=6
Fz- Cz 1.169 0.340 0.476 1.862 0.002 0.010%
Fz- Pz 4.792 0.557 3.657 5.927 <0.001 <0.001%
Fz- Oz 5.525 0.679 4.141 6.909 <0.001 <0.001%
Cz- Pz 3.622 0.371 2.868 4.377 <0.001 <0.001%
Cz- Oz 4,356 0.692 2.946 5.766 <0.001 <0.001%
Pz- Oz 0.734 0.556 -0.399 1.866 0.196 1
Tab. A.9.: Bonferroni corrected t-tests with C= 3 relevant comparisons as post hoc procedure for the
three level main effect Electrodes at the component N1
Factor sphericity  square ¢ MSS F p partial 72
correction  sum
Condition - 1.815 1 1.815 0.467 0.499 0.014
error(Condition) - 124.272 32 3.883
Electrodes - 303.085 2 151.543 26.740 <0.001 0.455
GG 303.085 1.518 199.700 26.740 <0.001* 0.455
error(Electrodes) j 362.711 64 >.667
GG 362.711 48.567 7.468
Condition * Electrodes - 0.402 2 0.201 0.504 0.607 0.015
GG 0.402 1.262 0.318 0.504 0.524 0.015
o - 25.530 64 0.399
error(Condition*Electrodes) GG 25530 40.381 0632

Tab. A.10.

: Two-way ANOVA for P2 component with GG correction
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simple diff. between 95% confidence interval for difference significance

main effect means lower bound upper bound p p*C=3
Fz- Cz 0.147 0.322 -0.510 0.804 0.651 1.954
Fz- Pz 2.695 0.515 1.645 3.745 <0.001 <0.001*
Cz- Pz 2.548 0.382 1.770 3.326 0.002 0.005*

Tab. A.11.: Bonferroni corrected t-tests with C= 3 relevant comparisons as post hoc procedure for the

three level main effect Electrodes at the component P2

sphericity ~ square

Factor . df MSS F p partial 7,2
correction  sum

Condition - 42.908 1 42908 15.135 <0.001% 0.321

error(Condition) - 90.720 32 2.835

Electrodes - 340.649 2 170.325 34.677 <0.001 0.520
GG 340.649 1.596 213.390 34.677 <0.001* 0.520

error(Electrodes) ) 314.350 64 4.912
GG 314.350 51.084 6.154

Condition * Electrodes - 0.665 2 0.332  0.536 0.588 0.016
GG 0.665 1.200 0.554 0.536 0.500 0.016

P - 39.710 64 0.620
error(Condition*Electrodes) GG 30710 38.402 1.034
Tab. A.12.: Two-way ANOVA for N2 component with GG correction

simple diff. between 95% confidence interval for difference significance

main effect means lower bound upper bound p p*C=3

Fz- Cz 0.768 0.307 0.141 1.394 0.018 0.054

Fz- Pz 3.086 0.470 2.129 4.042 <0.001 <0.001*

Cz- Pz 2.318 0.362 1.580 3.056 <0.001 <0.001*

Tab. A.13.: Bonferroni corrected t-tests with C= 3 relevant comparisons as post hoc procedure for the

three level main effect Electrodes at the component N2

Factor sp herlc.l ty square df MSS F p partial 7>
correction sum
Condition - 4.502 1 4.502 0.767 0.388 0.023
error(Condition) - 187.857 32 5.871
Electrodes - 329.299 2 164.650 35.318 <0.001 0.525
GG 329.299 1.541 213.667 35.318 <0.001* 0.525
error(Electrodes) ) 298.364 64 4.662
GG 298.364 49.318 6.050
Condition * Electrodes - 2.969 2 1.484 3.388 0.040 0.096
GG 2.969 1.410 2.105 3.388 0.058 0.096
o - 28.039 64  0.438
error(Condition*Electrodes) GG 28.039 45.122 0621

Tab. A.14.: Two-way ANOVA for P3 component with GG correction
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simple diff. between SE 95% confidence interval for difference significance

main effect means lower bound upper bound p p*C=3
Fz- Cz 0.431 0.316 -0.213 1.076 0.183 0.548
Fz- Pz 2.926 0.467 1.974 3.877 <0.001 <0.001*
Cz- Pz 2.495 0.325 1.833 3.156 <0.001 <0.001%

Tab. A.15.: Bonferroni corrected t-tests with C= 3 relevant comparisons as post hoc procedure for the
three level main effect Electrodes at the component P3
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A.3.2 Methods
Exact wording of the used items

Turn? German: 'Mochten Sie in die kommende Liicke abbiegen (linke Pfeiltatste) oder warten
(rechte Pfeiltatste)?’
English: 'Do you want to turn into the upcoming gap? turn (left arrow) or wait (right arrow)’

Acceptable? German: 'Wie akzeptabel fanden Sie das Verhalten des selbst-fahrenden Fahrzeugs?
vollig unakzeptabel 1 -2 -3 -4-5 -6 - 7 vollig akzeptabel’ English: '"How acceptable did you
find the behavior of the self-driving vehicle?
completely unacceptable 1 -2 -3 -4-5 -6 - 7 completely acceptable’

Statistical power

Effect dfbetween 0*

small (.01) medium (.06) large (.14)

A (1-5) A (1-5) A (1-5)
Condition 1 .833 >.100 5.266 >.500 13.430 >.950
Electrodes 2 1.250 >.100 7.899 >.667 20.145 >.975
Condition x Electrodes 2 2.500 >.100 15.798 =>.950 40.291 >.999

Tab. A.16.: Statistical power for two-way ANOVA with n = 33
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