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Résumé

Dans les systemes d'information (SI), L'attention joue un réle central dans I’utilisation des
technologies de I’information (TI), car la majorité des interactions significatives entre
I’utilisateur et les artefacts technologiques ne peuvent étre effectuées sans demande
d'attention humaine. Méme lors de taches déléguées aux Tl (ou « automatisées »),
I'attention de I'utilisateur est souvent sollicitée de maniére critique pour superviser celles-
ci et intervenir dans leur exécution. Dans des contextes hautement dynamiques et risqués,
le r6le de I'attention devient encore plus crucial, en particulier lors de taches primaires
déléguées a des artefacts Tl ou lors de I’engagement dans des taches secondaires facilitées
par les TI. Cette these est composée de cing essais qui explorent différents aspects des
codts attentionnels liés a l'interaction entre les individus et les artefacts TI, et vise a
répondre aux questions de recherche globales suivantes : « Dans quelle mesure les taches
primaires déléguées aux TI, en particulier a I'intelligence artificielle (1A), ainsi que les
taches secondaires facilitées par les TI, influencent-elles I'attention et les performances
des taches primaires au fil du temps ? Puis, quels sont leurs mécanismes sous-jacents? »
Le premier essai propose un cadre conceptuel intégré qui synthétise les antécédents de
I'allocation de I'attention entre plusieurs taches. Il intégre une perspective motivationnelle
de l'attention descendante ainsi que l'impact de l'allocation de l'attention sur les
performances. Les deuxieme, troisieme et quatrieme essais se concentrent sur les colts
attentionnels liés a la délégation des taches principales aux artefacts d'lA dans le contexte
des veéhicules hautement automatisés (autonomes). Le deuxiéme essai est une revue
exploratoire qui examine a la fois les états attentionnels des utilisateurs et les
caractéristiques des systemes, ainsi que la maniere dont ces facteurs influencent le
comportement de reprise de controle d'une tache déléguee a I'lA dans le contexte des
vehicules autonomes. Le troisiéme essai examine la conception des interactions entre les
conducteurs et les véhicules hautement automatisés, en mettant particulierement I'accent
sur la maniere de construire des attentes en vue de réengager les conducteurs dans la tache
de conduite apreés des avertissements du systeme. Dans ce méme contexte, le quatrieme
essai étudie comment les perceptions des conducteurs a I'égard des systéemes automatises

influencent leur comportement de délégation du contrdle dans des conditions risquées.



Enfin, le cinquieme essai examine les codts attentionnels associés aux taches secondaires
facilitées par les TI et analyse empiriquement les effets d'interférence de deux taches
courantes effectuées sur les systemes d'info-divertissement embarqués dans un contexte
de conduite. Ces essais contribuent & approfondir notre compréhension des deux co(ts
attentionnels associés a I’utilisation des TI, en particulier dans des contextes hautement
dynamiques et risqués. lls offrent des perspectives a la fois théoriques et pratiques pour
concevoir des interactions utilisateur sans compromettre la sécurité. En plus des
nombreuses orientations proposées pour les recherches futures, leurs principales
contributions incluent : (1) une reconceptualisation de I’attention sous un angle
motivationnel, (2) la compréhension de I’importance de créer une attente chez I’utilisateur
pour un engagement actif dans les taches lors de la conception des réles de surveillance
de I’TA et des artefacts « agentique » TI, (3) I’analyse des effets des caractéristiques
percues des systemes sur les états attentionnels des utilisateurs et leur délégation aux
artefacts « agentique » Tl dans des environnements hautement dynamiques et risqués,
ainsi que (4) la compréhension de la maniéere dont la nouveauté croissante des taches
secondaires facilitées par les TI interfere avec I’attention et les performances des taches

primaires.

Mots clés : Attention, délégation a I'lA, supervision de I'lA, interférence des technologies
de l'information, systemes de conduite hautement automatisés, reprise de contréle,

confiance

Méthodes de recherche : Revue de la littérature, expérimentation, questionnaire,

équation structurelle



Abstract

Attention plays a central role in information technology (IT) use as most meaningful
interactions with IT artifacts cannot be performed without demands on attention. Even in
IT delegated (“automated”) tasks, user attention is often critical to supervise and intervene
in their execution. In highly dynamic and risky contexts, the role attention plays becomes
even more critical. This thesis is composed of five essays that focus on different aspects
of the attentional costs of interacting with IT artifacts and has the objective of answering
the following overarching research questions: “to what extent does IT-delegated primary
tasks, specifically Al-delegated tasks, and IT-enabled secondary tasks, impact the
attention and performance of primary tasks over time? And what are their underlying
mechanisms”. The first essay proposes an integrated conceptual framework that
synthesises the antecedents of attention allocation across multiple tasks. It incorporates a
motivational perspective of top-down attention in addition to the impact of the allocation
attention on performance. The second, third and fourth essays focus on the attentional
costs of delegating primary tasks to Al artifacts in the context of highly automated
(autonomous) vehicles. The second essay is a scoping review that looks at both users’
attentional states and design characteristics of the system, and how these factors drive the
behavior of takeover of control of an Al-delegated task, in the context of autonomous
vehicles. The third essay investigates the design of interactions between drivers and highly
automated vehicles, specifically focusing on how to build expectations for re-engagement
with the driving task following system warnings. In the same context of autonomous
vehicles, the fourth essay investigates how drivers’ perceptions of the automated systems
influence their behaviour of delegating control under risky conditions. Finally, essay 5
examines the attentional costs associated with IT-enabled secondary tasks and empirically
investigates the interference effects of two prevalent tasks performed on in-vehicle
infotainment systems in a driving context. These essays help further our understanding of
the two attentional costs associated with IT use, particularly in highly dynamic and risky
contexts. They offer both theoretical and practical insights into designing user interactions
without compromising safety. Alongside multiple proposed directions for future research,

their main contributions include: (1) reconceptualizing attention from a motivational

\Y



perspective, (2) understanding of the importance of building user's expectation for active
task engagement when designing roles for monitoring Al and agentic IT artifacts, (3)
understanding the effects of perceived system characteristics on users’ attentional states
and behavioral delegation to agentic IT artifacts in high-impact environments, as well as
(4) understanding how the increasing novelty of 1T-enabled secondary tasks interferes

with attention and primary task performance.

Keywords: Attention, Al delegation, Al supervision, information technology
interference, highly automated driving systems, takeover of control, trust

Research methods: Literature review, experimentation, survey, structural equation
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Introduction

Information technologies have become more pervasive than ever and have permeated
most aspects of life. When using and interacting with IT artifacts, human attention is the
physiological basis allowing this potential interaction. If a user fails to orient their
attention to relevant part(s) of the IT artifact, there can be no meaningful interaction or
use. That is why attention has been a focal point in IS research regarding many
phenomena. For example, multitasking with IT, IT interruptions, as well as IT distractions
have been increasingly recognized and researched in the information system literature
(e.g. Addas & Pinsonneault, 2018; Heninger et al., 2006; Twyman et al., 2020).

In highly dynamic and risky contexts, attention plays an even more critical role. This is
because individuals need to maintain high levels of understanding of their context (i.e.,
situation awareness) which can quickly become obsolete, and need to be updated
continuously. For example, in the context of air traffic controllers, they need to keep
updating rapidly changing information about multiple aircraft including their locations,
speed, and destinations. Failing to do so results in “obsolete” understanding of these
different elements and it moreover negatively impacts the efficiency of these aircraft’
landing and takeoff operations. This role is further amplified by the high level of risk
associated with errors. For example, in a manufacturing context, if an operator monitoring
an industrial control system is inattentive, they may fail to respond adequately to
equipment failures, which in turn can have critical quality and safety consequences.
Another example involves nurses and clinicians using electronic health record (EHR)
systems to form and maintain an understanding of a patient's condition, especially in
uncertain and dynamic clinical situations. They risk missing crucial, time-sensitive
information shared by other professionals, which can have serious consequences.
Positioning the present thesis within these contextual boundaries, we look at one specific
context where attention is the critical component: the context of modern digitized
vehicles, which we believe represents a sound context to prospectively understand the

human/Al interaction in organizations.



Digital transformation of vehicles can be looked at through two types of IT artifacts:
Artifacts that directly support or automate the driving task (DR-1T) and Artifacts that are
unrelated to the task of driving (NDR-IT). DR-IT artifacts make the driving task easier
through automating its different subtasks with the aim to fully automating the driving task
in all driving conditions. Examples of these include cruise control and adaptive cruise
control systems which automate the driving speed control, and lane keeping and hands-
free lane changing systems which automate the driving steering control. On the other
hand, NDR-IT artifacts include different ones, such as in-vehicle infotainment systems
(IVI1Ss) which primarily offer entertainment, communication and navigation features, and
are seen as potentially distracting and even harmful to the safety and performance of the

user if they are overused.
Each type of these IT artifacts come with a different attentional cost:

1. The attentional cost of interacting with the first type is the loss of situation awareness
and vigilance because of the lack of active engagement with the task of driving. When
users use IT artifacts to automate tasks, they become passive ‘users’ who no longer
actively engage in the tasks or need to continuously be engaged and attentive to the
tasks and their environments for these tasks to be performed. Instead, they become
‘fallback’ users in case they need to intervene. For example, when drivers activate a
system that controls the vehicle’s speed and steering, they are no longer actively
driving and do not need to be continuously engaged and attentive to the vehicle and
the road for the vehicle to be “driven”. However, they only need to do so as ‘fallback’
drivers.

2. The attentional cost of interacting with the second type is the interference with the
task of driving. For example, when drivers use IT artifacts to perform secondary tasks
such as reading emails on a screen, their attention to the state of the vehicle and the
road is negatively impacted because they are no longer orienting only attentive to the
driving scene but dividing their attention between driving and the secondary task of
reading emails.

In contexts such as highly automated vehicles, the risk of inattention is highly

consequential. In Canada, data from Transport Canada's National Collision Database



shows that in 2021, it contributed to an estimated 22.5% of fatal collisions and 25.5% of
serious injury collisions, indicating an upward trend from 21.3% of fatal collisions and
23.8% of serious injury collisions a decade earlier, in 2011 (Transport Canada, 2024). In
the U.S., data from the National Highway Traffic Safety Administration (NHTSA) shows
that in 2022, it contributed to 8% of fatal collisions, 11% of injury collisions, with an
estimated 3,308 people killed and an additional 289,310 people injured (National
Highway Traffic Safety Administration, 2024). Therefore, it is crucial to define the
boundaries of design that allow for utility and comfort but that, more importantly, do not

compromise safety and performance of the primary task i.e., the task of driving.

The relevance of this phenomenon to research is due in part to its high impact and
associated risks. In other words, the consequences of error in this domain come with
extreme risks in terms of both economical and societal impacts. For example, the
economic cost of inattention-related motor vehicle crashes in the U.S. in 2019 was USD
98 billion, including, among other factors, costs related to medical expenses, insurance,
legal fees, productivity loss, and property damage (National Highway Traffic Safety
Administration, 2024). Beyond applied contributions, this phenomenon represents an
opportunity to understand users’ interactions with new types of IT artifacts, in heavy
attentional demand and high-risk contexts, and in a very large and relatively unrestricted

population.

With the advent of artificial intelligence (Al) artifacts and the argued inadequacy of
established models of IS use and adoption to fully account for human-Al interaction
phenomena (e.g., Fugener et al., 2022), this research context offers an opportunity to
investigate the collaboration between humans and agentic IT artifacts that can be
described as “rational software-based agents that have the ability to perceive and act, such
as take on specific rights for task execution and responsibilities for preferred outcomes”
(Baird & Maruping, 2021). This has been called for recently as new Al artifacts no longer
have the characteristics of a passive tool (e.g. Baird & Maruping, 2021) and can interact
with the user in a delegative manner, in other words, they can take control of complex

tasks and can give back control of such tasks to humans. Therefore, the transfer of control



from Al artifacts to humans, and vice versa, in autonomous vehicles provides us with an

applied context to investigate the collaboration between humans and agentic IS artifacts.

The investigation of delegating tasks to agentic IT artifacts in this context also allows us
to examine and understand concepts related to this new phenomenon in a very large and
relatively unrestricted population. In contrast to more traditional 1S contexts that can be
limited to a specific population, such as one subset population of knowledge workers like
radiologists, law practitioners, and salespeople (e.g., Faraj et al., 2018), these agentic IT
artifacts have a much bigger reach, justifying the type of population targeted and allowing
us to build our understanding of Al adoption and emerging human Al collaborative

behaviors with no important restrictions relative to users.

While previous artifacts (i.e., automated systems) in IS literature are predominantly rule-
based (i.e., they behave based on predetermined sets of rules and instructions that are built
in by developers, and they are unable to learn from and evolve using their own historical
data), the interaction between human and new Al tools is different. In particular, the
supervision role of automation that stems from the underlying uncertainty in the tasks
given to this automation is becoming very important. This context allows us to draw a
link with previous automation in domains such as aviation, where the supervisory role
was important and insured through design (e.g. Dehais et al., 2011; Imbert et al., 2014)
but more importantly, was also insured through training and strict use of procedures (e.g.,
Landman et al., 2017, 2018). Therefore, this context represents an opportunity to theorize
the new characteristics of agentic IS artifacts in terms of uncertainty and emerging
supervision roles. Additionally, it enables us to look at how supervision problems such as
automation bias and abuse, as well as interference problems that could be mitigated by
training and design, unfolds for a more general population of users and how we could
design countermeasures within the artifact that deals with it. Furthermore, from an applied
perspective, our results will help put forth thresholds and constraints where we can design
for utility and comfort without compromising on safety and performance of the primary
task of driving.



To investigate these phenomena, the overarching research questions of this thesis are “to
what extent do IT-delegated primary tasks, specifically Al-delegated primary tasks, and
IT-enabled secondary tasks impact the attention and performance of primary tasks over
time? And what are their underlying mechanisms”. In other words, in highly dynamic and
risky contexts, how does Al artifact use for primary tasks affect users' attention and their
primary task performance over time, especially their monitoring and intervention?
Similarly, how does IT use to perform secondary tasks affect users' attention and their
primary task performance over time in these same contexts. Then, can we explain the
evolution of attention over time and prevent drops in attention which deteriorate the
primary task performance and ultimately users’ safety? To answer this question, this thesis
includes 5 essays investigating each of the two attentional costs of interacting with IT
(figure 0.1).

‘ IT automated primarytask ’ ‘ ITenabled secondary
tasks
Theoretical . . . . .
lenses of Essay 1: Reconceptualizing attention and multitasking in IS: A motivational
attention perspective
Phenomena Essay 2: The importance of attentional factors
related and system design elements in the context of
literature highly automated vehicle takeover: a scoping
review review
S .AI supervision Essay4: Trust and Essay5: Interference
.. and vehicle takeover, .
Empirical : - Use of Highly effects of IVIS-
. sustained vigilance and .2
studies Automated Driving enabled secondary
learned complacency: Systemns tasks
A lab study y

Figure 0. 1 Thesis structure

Essay 1 proposes an integrated conceptual framework that synthesises the antecedents of
attention allocation across multiple tasks, including a motivational perspective of top-
down attention in addition to the impact of the allocation attention on performance. Essays
2, 3 and 4 concern the attentional costs of delegating primary tasks to Al artifacts in the
context of highly automated (autonomous) vehicles. First, essay 2 is a scoping review that

looks at both users’ attentional states and design characteristics of the system, and how



these drive the behavior of takeover of control of an Al-delegated task, in the context of
autonomous vehicles. Essay 3 looks at the design of the interactions between drivers and
highly automated vehicles. Specifically, how to build an expectancy to engage with the
task of driving after system warnings. In the same context of autonomous vehicles, essay
4 investigates how drivers’ perceptions of the automated systems influence their
behaviour of delegating control under risky conditions. Finally, essay 5 examines the
attentional costs related with 1T-enabled secondary tasks and empirically investigates the
interference effect of two prevalent tasks performed on in-vehicle infotainment systems

in a driving context.

Theoretical framing of the allocation of attention (Essay 1)

As information technologies became integral parts of both our personal and work lives,
phenomena such as multitasking with IT, IT interruptions, and IT distractions are
increasingly recognized and researched in the IS literature. The key mechanism
underlying these phenomena is the allocation of attention. The dominant
conceptualization of attention adopted in this literature follows the capacity model of
attention proposed by Kahneman (1973). This conceptualization proposes that attention
is equivalent to effort, it is a scarce and limited resource, which in turn limits the

individual’s ability to attend effectively to different activities concurrently (ibid.).

While this view of attention provides a good explanation mechanism for the impact of IT
multitasking on performance, which has been an important domain of inquiry in IS
research, it has been argued (e.g., Inzlicht & Marcora, 2016) to inadequately account for
the factors that influence the behavior of multitasking. In other terms, the question of
“why do individuals engage in multitasking and shift their attention away from a primary
task?”, especially when this shift of attention is primarily top-down (e.g., Inzlicht &
Marcora, 2016) remains unaddressed through this view. With our understanding of the
negative consequences of distraction and interruption, a crucial follow-up question is to
explain the source of variance in people’s distraction. Considering this, the first essay
aims to provide an integrative theoretical framework that explains the effect of the
allocation of attention across multiple tasks on performance and includes factors

influencing the behavior of multitasking itself.
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For this purpose, the first essay proposes a conceptual framework based on a theoretical
literature review that covers studies pertaining to multitasking, distraction, and
interruption in the IS discipline. Then, it looks at current theoretical views of attention
from reference disciplines (i.e., psychology and neuropsychology) to introduce a
motivational perspective based on the adaptive gain theory (AGT) (Aston-Jones & Cohen,
2005) that accounts for the top-down allocation of attention in instances of
multitasking/divided attention. It puts forth a theoretical framework explaining the
allocation of attention in IT-enabled interactions with both primary and secondary tasks.

This essay, presented in chapter 1, is structured as follows. First, the literature search and
screening methodology is presented. Then, it presents the analysis through three emerging
themes are the conceptualization of attention, the characteristics of the secondary task,
and the attention guiding mechanisms. It then draws upon AGT, to propose an integrated
framework integrating the different antecedents impacting the allocation of attention
between the different tasks along three emerging themes is introduced and discussed along
with the identification of multiple research avenues, such as: How do different stimuli
characteristics affect external attention guiding mechanisms? How internal attention
guiding mechanisms develop, evolve over time, and translate across different tasks and
artifacts? How do motivational interventions effect user attention according to the level
of salience of existing internal guiding mechanisms? This essay is in preparation for
submission to the journal of Decision Support Systems.

Attentional cost of delegating tasks to IT artifacts (Essays 2, 3 and 4)

Beyond human agency, we are slowly coming to grasp IS agency, a characteristic of the
new generation of IS artifacts that are able “to accept rights and responsibilities for
ambiguous tasks and outcomes under uncertainty and to decide and act autonomously”
(Baird & Maruping, 2021). These IT artifacts or Al agents include virtual assistants, stock
price prediction algorithms (Obthong et al., 2020), content presentation and information
filtering artifacts such as recommendation systems, chatbots, and autonomous vehicles.
In the human-Al agent relationship, the automation of the tasks or subtasks done by the
human agent through the Al agent is referred to as Al delegation. Baird and Maruping

(2021) defined Al delegation as the transfer of rights and responsibilities for task
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execution and outcomes to another. However, contrary to more traditional automation,
delegation is more dynamic and context sensitive in the sense that tasks delegated to an
Al agent can be taken back by the human agent if the performance level of the Al agent

IS no longer guaranteed.

Like Baird & Maruping (2021), we argue that the human delegator should account for the
coordination aspect, that is the aspect of supervising or monitoring to ensure that the
alignment between actions and goals is achieved. For example, the performance of an
algorithm making a credit decision for a potential borrower is prone to bias, negative or
positive, for multiple reasons. In such case, the human agent could be attentive to monitor
and correct the outcome of the Al agent’s action when reasons for the bias are observable,

such as, incomplete data or belonging to an underrepresented group.

However, the supervision and monitoring of Al agents, is potentially more complex and
difficult to design and optimise than the monitoring of the traditional rule-based
automation. This is because the tasks given to the Al agents are increasingly complex,
within environments that are characterized by higher levels of uncertainty (e.g., missing
data), dynamism (i.e., the higher the rate of change in the environment, the more likely
that the model built by the Al agent in training becomes obsolete over time), and
ambiguity (e.g., the presence of unclear data). In addition to the expansion of its
applications, including these higher complexity, dynamism, and uncertainty tasks
compared to more traditional automation, Al delegation is increasingly deployed in higher
impact domains such as finance, law, healthcare, transportation, and other high-risk

industrial contexts.

In such contexts, the potential cost of error of the task to be delegated by the human to the
Al agent is extremely high, and a high level of reliability (i.e., the probability that the
human-Al collaboration will perform adequately over time) is required from the human-
Al team. The reliability (performance) of Al agents cannot be guaranteed consistently
over time in situations characterized by higher novelty, complexity, and lower data quality
which are the exact situations that Al delegation is moving towards, in comparison to

traditional automation. As such, it becomes important for the human in this team to make



up for this decrease in reliability as much as possible and necessary, either by an increased
monitoring of the Al agent, or a correction of the outcome. Depending on the cost of
correcting an outcome of the Al agent, a change in the Al delegation by taking over the
performing of the task partially or completely is necessary. Therefore, to ensure a high
reliability, a structure of collaboration should map out the supervision and action roles of

the human and the Al under different conditions of operation.

IS delegation enables the user (human agent) to shift their attention to other tasks and
away from the primary task that is delegated to Al agent. However, monitoring the
performance of the Al agent is one of the responsibilities of the delegator (human agent).
This monitoring falls somewhere on a spectrum of continuity, where on one end, the
monitoring is discreet and done at very specific points in time, and on the other end, the
monitoring is continuous all the time. If we were to consider both ends of this spectrum,
each one comes with different attentional costs for the delegator (human agent). When the
monitoring is done at very specific points in time, and the human agent attends to other
tasks not closely related to the primary task, a loss of situation awareness (SA) [i.e., “the
perception of the elements in the environment within a volume of time and space, the
comprehension of their meaning, and the projection of their status in the near future”
(Endsley, 2017b)] regarding the primary task is experienced and the delegator is out of
the control loop as soon as the delegator is engaged in the unrelated task. However, similar
to the monitoring of other types of automation, when the monitoring of Al agents is done
continuously, as time goes by, the delegator is likely to experience vigilance decrements
(Pattyn et al., 2008) that will lead to a loss of situation awareness. This loss of SA is
especially important when accompanied by lower levels of engagement with the task
characterizing the monitoring (Endsley, 2017a). In other words, the perception and
understanding of information relevant to the task are negatively affected when the human
Is passively monitoring the automation compared to when they are performing the task.
Multiple contexts of high continuous monitoring such as that of air traffic controllers find
similar vigilance decrement over time (e.g., Di Flumeri et al., 2019; Sebastiani et al.,
2020).



The “out of the loop” phenomenon refers to the state of not being in physical control of
the task and not monitoring the task situation (i.e., the task’s environment, outcome, and
state of automation) OR being in physical control of the task and not monitoring the task
situation (Merat et al., 2019). When looking at the type of monitoring that shifts attention
away from the primary task and only instantiate monitoring at specific points in time, as
soon as the attention of the human agent shifts away from monitoring to an unrelated task,
their situation awareness drops (Endsley, 2017a). When the human agent starts
monitoring the task again, the monitoring is not efficient until SA is recovered over time.
An example of the recovery time needed is reflected in the highly autonomous vehicle
literature, where allowing drivers of highly automated vehicles to engage in non-driving-
related tasks increases the time needed to take over control efficiently (Weaver &
DeLucia, 2022), especially if there are overlapping demands with the primary driving
task.

Beyond the parallel with rule-based automation, monitoring Al automation differs due to
the higher complexity of the task that is delegated (automated) and the variance of
reliability that is dependent upon contextual uncertainty. Consequently, the role of the
human varies from low supervision and oversight to high supervision and oversight, then
to intervention and correction of the AI’s action. Let us take the example of an Al tool
that filters CVs in a human resources context. In the low uncertainty domain, all the CVs
are similar to what the Al tool was trained on, and the supervision and oversight role of
the human delegator is low. In a medium uncertainty domain, some CVs are different than
what the Al tool was trained on, and the supervision and oversight role of the human
delegator becomes important. Therefore, they need to be more attentive to the Al actions.
In a high uncertainty domain, most CVs are different than what the Al tool was trained
on, and a pure supervision and oversight role of the human delegator is no longer
sufficient. In this case, the human delegator should better take over the task of CV filtering
and selection. As exemplified, there is a fit between the AI’s capabilities, the delegator’s
attentional demand and the specific role and responsibilities that are dependent upon the

uncertainty level of the context of operation.
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Moreover, monitoring IS artifacts is a novel phenomenon in IS. From a motivational
perspective, when the human is in control of the task, stopping the task is primarily a
consequence of a motivational drop in attention. However, if the same motivational drop
of attention occurs during the supervision and oversight of Al, the task doesn’t necessarily
stop. While the supervision and oversight of the Al would stop, the Al agent itself would

carry on with the task.

It is also important to mention the shift in roles and responsibilities from an individual
perception perspective. Including who is responsible for what during the performance of
the task but also including who is liable and accountable when an error occurs. In the
context of automated vehicles, the legal responsibility for errors and damages caused by
vehicles with self-driving capabilities is debated on a regulation level (e.g., Smith, 2022)
and the distribution liability between different stakeholders (e.g. owner, driver,

manufacturer, state...) is still unclear in many jurisdictions.

As such, the aim of the essays 2, 3 and 4 are to further understand, and help design better
Al delegation between Al and human agents primarily from an attentional perspective.
For this purpose, the second essay is a scoping review that aims to synthesize our
understanding of the attention and cognitive factors, as well as the system characteristics,
that impact the performance of collaboration between the automated system and the
human operator in highly automated vehicles, specifically focusing on the resumption of
control by the human operator.

For this, chapter 2 presents the second essay where we conduct a scoping review covering
the databases of TRID, Web of science, and Google Scholar. The search yielded 4,990
records, of which 312 were included after screening. Data extraction concerns first the
user’s (driver) attentional, mental states, traits, or skills, and their impact on takeover
performance. Second, elements of the feedback, signal, or stimuli that assist the
driver/user during the takeover as well as its efficacy regarding the takeover performance.
This review outlines the current research scope on these two interrelated streams, detailing
their main results and providing key design guidelines to enhance interaction between

drivers and highly automated driving systems, along with important avenues for future
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research that holistically accounts for these two types of factors. This essay is in
preparation for submission to the journal of AIS Transactions on Human-Computer

Interaction.

The third essay, presented in chapter 3, focuses on the design of interactions between
drivers and automated systems. Its objective is to investigate the mechanism of
expectancy to engage in the task of driving following a warning. To do so, an experimental
study with 30 participants was conducted in a medium fidelity simulated environment
manipulating the level of monitoring requests durations as well as differences in the
association of monitoring sequences with active engagement in the driving task. Also,
using functional near-infrared spectroscopy (fNIRS) and eye-tracking, it measures the
impact on the level of attention in following monitoring requests, in addition to the
performance of takeover of control. This essay is in preparation for submission to the

Accident Analysis & Prevention journal.

Finally, the aim of the fourth essay, presented in chapter 4, is to empirically investigate
the role driver perceptions of the system as well as their perceived attentional state in
delegating to automated driving systems. To accomplish this, a survey-based study with
a final sample of 1,665 highly automated driving systems (HADS) users was conducted
to examine the effect of trust, situation awareness and sense of agency on the use of
automated driving systems under risky conditions. This essay is in under peer review in

the International Journal of Human—Computer Interaction.

The attentional cost of interference (Essay 5)

In the context of mobility, the effect of interference with the primary task of driving has
been extensively investigated due to the safety implication of related behaviors.
Specifically, IT enabled multitasking, interruptions, and distractions were studied in the
case of smartphone usage, with thorough evaluation of the effects of such behaviors on
safety metrics. A meta-analysis on the effects of texting while driving finds that typing
and reading texts negatively impact the driver’s visual attention, reaction time to external
events, lane positioning, speed and headway (Caird et al., 2014). Consequently, the

interaction with handheld IT artifacts is heavily regulated. However, the commercial
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introduction of in-vehicles smart screens and infotainment systems breaks from this rule
and brings a new type of IT artifact through which similar non-driving-related tasks can

be performed.

In contrast to other handheld IT devices, in-vehicle infotainment systems (IVIS) are
different. Among other things, they are integrated into vehicles and come with bigger
screens when compared to standard smartphones. These different artifact characteristics
imply an increase in safety in contrast to the previous prevalent secondary task enabling
IT, i.e., smartphones. On one hand, the physical distraction of having to continuously hold
and manipulate with at least one hand while driving is no longer present, and a bigger
screen can lead to a reduced distraction (e.g., Grahn & Kujala, 2020). However, they offer
increasingly more types of interactions, one of them being a substitution for the hardware
of personal smartphones and providing access to most of the content and applications of
connected smartphones. With this potential perceived safety by the users and the diversity
of distractive interactions that are unrelated to driving, the boundary of safe usage of these
devices becomes increasingly important to investigate. As such, two common interactions

with IVIS are studied in this proposal, namely texting and music browsing.

The context of texting and browsing and listening to audio content through VIS while
driving allows us to study the effect of two characteristics of the secondary task enabling
IT on the allocation of attention and on the performance of the primary task. The two
characteristics are 1) the modality of interaction with the non-driving-related IT as well
as the type of interference associated with this interaction, and 2) the information load of
the user interface (Ul) of the non-driving-related IT and the associated complexity of the
secondary task. As such, the second essay proposes two experimental studies to
empirically test the effect of these two NDR-IT characteristics.

As such, essay 5, presented in chapter 5, includes two studies in a simulated driving
environment, the first study is a within-subject experiment that manipulates the modality
of interaction with the IVIS for a texting task and the associated type or interference with
the primary task of driving with a sample of 24 participants. The second study is similarly

a within-subject experiment with a sample of 21 participants. It uses the secondary task
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of browsing music and audio content on a similar VIS interface, to compare the effect of
IVIS Ul information load associated task complexity to a benchmark of traditional in-

vehicle radio and to a cognitive interference non-visual task.

Essay 5 is structured as follows. We first introduce the phenomenon of IT-enabled
secondary tasks in the context of mobility, as well as the theoretical grounding based on
the impact of different types of interferences from a multiple resource perspective
(Wickens, 2002). Then, the first study is presented including methods and results followed
by the second study. Finally, an overall discussion of the results is presented along with
the applied implications of IVIS use and countermeasures for driver’s safety. This essay

is in preparation for submission to the Journal of Applied Ergonomics.

Together these essays (Table 0. 1) aim to further our understanding of the two attentional
costs relating to IT use, especially in highly dynamic and risky contexts. They provide
theoretical and applied insights into explaining and designing useful user interactions that
do not compromise their safety. Along with different avenues proposed for future
research, four main contributions are: (1) a reconceptualization of attention from a
motivational perspective, (2) understanding the role of building an expectation to actively
engage in tasks when designing users’ role of monitoring Al and agentic IT artifacts, (3)
understanding the effect of the perceived system characteristics on users’ attentional states
and behavioral delegation to agentic IT artifacts in highly dynamic and risky contexts,
and (4) understanding the interference impact of increasingly novel IVIS use on attention

and driving behavior.

Additionally, in line with the established and continually evolving tradition of NeuroslS,
which describes “the idea of applying cognitive neuroscience theories, methods, and tools
to inform IS research” (Dimoka et al.,, 2007, p.l), this thesis makes use of
neurophysiological methods and tools across its essays to investigate the use of two types
of IT artifacts and their underlying attentional mechanisms. Specifically, to compliment
different self-reported and behavioral measures, it uses eye-tracking and FNIRS
(Functional near-infrared spectroscopy) tools to capture different attentional measures.

This approach enriches and strengthens behavioral and self-reported measures by helping
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triangulation across different measurement data, reducing common method bias, and
provides more robust measurement of the relevant automated attentional processes. These
processes are difficult to measure through self-report, often unconscious and unavailable
to introspection (Dimoka et al., 2012). Moreover, Kirwan and colleagues highlighted four
strategies in NeurolS for examining behavior in conjunction with neurophysiological
methods to achieve complementarity (Kirwan et al., 2022). As such, this thesis focuses
on three of these strategies: (1) combining neurophysiological and behavioral methods to
enhance validity; (2) extending, rather than replicating, experiments based on theory; and

(3) using neurophysiological and behavioral experiments together to evaluate IT artifacts.

Table 0. 1 Essays statuses

Essay Title Publication outlet Status

Reconceptualizing attention and ..
p & Journal of Decision

1 multitasking in IS: A motivational In preparation
. Support Systems
perspective

The importance of attentional
P . Journal of AIS
factors and system design )
. ] Transactions on )
2 elements in the context of highly In preparation

. Human-Computer
automated vehicle takeover: a P

) ) Interaction
scoping review

Al Supervision and Vehicle

. .. Accident analysi
Takeover, Sustained Vigilance celdent anatysis

ti I ti
3 and Learned Complacency: A & Preven on 1} PrEpATation
journal
laboratory study
International
4 Trust and Use of Highly Journal of Human— Submitted —
Automated Driving Systems Computer October 2024
Interaction
Interference effects of IVIS- Applied .
5 . In preparation
enabled secondary tasks* Ergonomics

Note: * The Journal of Applied Ergonomics adopts a different article structure compared
to Management of Information Systems outlets
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1 Chapter 1: Reconceptualizing attention and multitasking
in 1S: A motivational perspective

1.1 Abstract

With the increased ubiquity of information technologies (IT) in our lives, IT interruption
and IT multitasking have become important phenomena associated with IT use. In this
integrative literature review we investigate the role of attention during IT interruptions
and multitasking and how it impacts the engagement of individuals with different tasks.
Studying the literature in information systems (IS), we synthesize the different
antecedents impacting the allocation of attention between the different tasks along three
emerging themes: the conceptualization of attention, the characteristics of the secondary
task, and the attention guiding mechanisms. Using the classification of attentional
functions - alerting, orienting, and executive attention -, we integrate these different
antecedents into one conceptual framework. Along with the identification of research
avenues, we draw upon Adaptive Gain Theory (AGT) to propose a motivational
perspective of attention that bridges the gap to investigate executive attention in
multitasking and interruption contexts in IS. This paper contributes to the IS literature by
providing a conceptualization of attention that integrates both top-down and bottom-up
attentional processes and incorporates motivational factors to explain changes in attention
allocation. Additionally, it offers different levers for the design of tasks and IT artifacts

that accounts for attention allocation.



1.2 Introduction

As technologies become an integral part of both our personal and work lives, issues related
to IT multitasking, IT interruptions, and IT distractions have been increasingly recognized
and researched in the information systems literature (e.g., Addas et al., 2018; Heninger et
al., 2006; Twyman et al., 2020). An important mechanism underlying these phenomena
is individual attention. The dominant conceptualization of attention adopted in the
literature (e.g., Cheung et al., 2017; Zhang et al., 2020) follows the capacity model of
attention proposed by Kahneman (1973). This conceptualization proposes that attention
is equivalent to effort, and that it is a scarce and limited resource that constrains the ability

of individuals to attend effectively to different activities concurrently (ibid.).

However, taking this view of attention as a causal mechanism (i.e. explanation), several
studies investigating individuals engaged in more than one task did not directly theorize
or test specific attentional constructs (e.g., Aral et al., 2012). In addition, most of the
literature focuses on attention as a limited resource to explain the impact of multitasking
on performance without explicitly investigating the factors that influence the behavior of
multitasking. In other words, the question of “why do individuals engage in multitasking
and shift their attention away from a primary task?” is less investigated, especially when
the shift of attention is primarily top-down. Instead, most research investigates how
simultaneous engagement in different tasks affects the performance of one or multiple

tasks.

Top-down attention represents endogenously controlled processes whereby attention is
directed towards elements of the environment in a voluntary manner. Alternatively,

bottom-up attention represents exogenously controlled processes whereby attention is
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directed towards elements of the environment automatically due to the salient features of

these elements (Corbetta & Shulman, 2002).

In line with Kahneman’s capacity model of attention, the IS literature has looked at
different factors affecting the shift in attention to a stimulus in a bottom-up manner. These
include the novelty of the stimulus and the significance of the stimulus to the individual.
However, the top-down driving factors of the shift in attention from one task to another
are much less investigated. If we look at the underlying mechanism for this shift in the
capacity model of attention, it is due to the depletion of the attentional resources. Because
attention is effort, the exertion of this effort to maintain focus on the primary task for a
definite amount of time leads to individual’s fatigue, as he or she no longer has the
attentional resources to attend to the primary task. If this is the case, this view can neither
account for any attention that is not characterised as effortful, such as meditation, games,
and sports (Bruya & Tang, 2018), nor can it explain how a person might shift from a
primary task to a secondary task that requires more attentional resources. Therefore, the
IS literature regarding attention, multitasking, and interruptions needs a conceptual lens

that can account for and propose causal mechanisms for these phenomena.

It follows that this paper aims to further our understanding of the impact of attention and
its role in a multitasking context and to go beyond the mechanisms that explain the effect
of divided attention on performance. Also included are factors that influence the behavior
of multitasking itself. For this purpose, this paper synthesises a conceptual framework
based on an integrative literature review (Elsbach & van Knippenberg, 2020) that covers
studies pertaining to multitasking/distraction/interruption in the IS discipline. Then, it

looks at updated theoretical lenses from reference disciplines (i.e., psychology and
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neuropsychology) to introduce a motivational perspective that can account for the top-

down behavior of multitasking /divided attention.

The paper is structured as follows. We begin by presenting the conceptual boundaries that
define the phenomenon for which we are building the conceptual framework. We then
present our literature review process that is guided by the conceptual definition of the
attentional system in the human brain as three different subsystems that are the alerting,
orienting, and executive networks (Posner, 2012; Posner & Petersen, 1990). Each of these
networks is responsible for a different function. The alerting of attention is the function
of “achieving and maintaining a state of high sensitivity to incoming stimuli”, the
orienting of attention is the function of “selection of information from sensory input”, and
the “executive attention involves mechanisms for monitoring and resolving conflict
among thoughts, feelings, and responses” (Posner, 2012, p. 19). Into the resulting
conceptual framework, we integrate a motivational perspective drawn from adaptive gain
theory to explain the top-down engagement in multitasking, or divided attention, and
discuss the effects of this motivational perspective on the behavior and performance
related to multitasking. Finally, we discuss different implications of our conceptual

framework and highlight future research avenues.

1.3 Contextual and theoretical boundaries and scope

To provide strong conceptual contributions grounded in and relevant to IS phenomena,
we chose to limit our context to IT multitasking and IT interruptions. These occur when
the attention of the individual is required to attend to more than one stimulus (task)
concurrently. The triggering of attention to the secondary stimulus (task) can either be

planned by the individual in a top-down manner (i.e. multitasking) (Shaft & Vessey, 2006)
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or can occur involuntarily regardless of the will of the individual, triggered in a bottom-
up manner (Addas & Pinsonneault, 2015). As such, this approach includes findings

primarily from the IS literature, while excluding findings from other fileds.

Regarding the role that technology plays in these contexts, we choose to include any
instance where either one or both tasks are done through an interaction with the
technology (e.g., reading a report on a laptop screen while checking one’s email, texting

while walking).

1.4 Methodology

To conduct our integrative literature review, we searched every volume of the following
journals: European Journal of Information Systems, Information Systems Journal,
Information Systems Research, Journal of Information Technology, Journal of
Management Information Systems, Journal of the Association for Information Systems,
and MIS Quarterly. Following the scope of our review, we identified the keywords:
“attention”, "dual task", "multitask", "multitasking", "distraction", and "interruption”. A
database search using Web of Science yielded 541 results. From this first group of articles,
we aimed to include every relevant study while reducing selection errors. Thus, the
screening was done on the abstracts or the full text (more specifically, the introduction,
the discussion, and the conclusion) if there were any ambiguities. This screening process
of the initial results yielded 73 articles (Figure 1. 1). This set of articles was then analysed
and coded to extract the conceptualization and the operationalization of attention, the
attentional constructs and the main findings, and relationships among the constructs.
Following the methodology of integrative reviews that argues for “insights or perspectives

offered [arising] from the review, rather than [guiding] the review” (Elsbach & van
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Knippenberg, 2020, p. 1279), three main themes emerged from our analysis of the final
set: the conceptualization of attention, the characteristics of the interruption, and the

attention guiding mechanisms of attention.
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Figure 1. 1 Search and selection process

1.5 Conceptualizing attention

Following the analysis of how attention was conceptualized in our final set (Appendix A),
we found five different conceptualizing characteristics of attention that are not necessarily
mutually exclusive (Table 1. 1). A first group of studies did not clearly conceptualize or
define attention even if they measured it. Two other views of attention draw upon the
capacity model of attention (Kahneman, 1973) and conceptualize it as either a limited

resource or the extent of mental effort exerted. We also found that attention is divided into
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two distinct attentional processes: top-down attention and bottom-up attention. Lastly,

several studies narrow attention down to the visual field.

Table 1. 1 Conceptualization of attention

Conceptualization of Attention

Examples

Attention as a
resource

Based on a capacity view of attention
(Kahneman, 1973), attention is seen as an
environment dependent but limited pool of
general-purpose resources. The allocation of
these resources is equated to “exerting
effort” (ibid.) and depends on different
allocation mechanisms as well as the task
characteristics.

(e.g., Gebauer et al.,
2010; Hinz et al.,
2016; Hong et al.,
2013; Javadi, 2012;
Shaft & Vessey,
2006; Zhang et al.,
2020)

The extent of
mental effort

Similarly, following the capacity model of
attention (Kahneman, 1973), attention is
conceptualized as the extent to which one
spends mental effort on a stimulus/task.

(e.g., Amo et al.,
2020; McKnight et
al., 2020)

Focus on visual

Attention is mainly visual in nature. It is

(e.g., Beraetal.,

attention conceptualized as a cognitive operation 2019; Cheung et al.,
where individuals focus and pay attention to 2017; Ye et al.,
a specific visual region. Eye tracking 2020; Yietal.,
measures (i.e., fixation count and fixation 2019)
duration) have higher wvalidity in
operationalizing this conceptualization.

As two Differentiating  between  goal-directed (e.g., Ahnetal.,

processes: Top-  attention capture and stimulus-driven 2018; Cheung et al.,

down attention

attention capture.

2017; Sun et al.,

and bottom-up 2013)
attention
Not clearly n/a (e.g., Wang et al.,
conceptualized 2016; Yiet al.,
2019)

The two characteristics of (1) attention as effort and (2) attention as a limited and scare

resource are often linked to Kahneman’s capacity model of attention, which assumes that
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“the completion of a mental activity requires two types of input to the corresponding
structure: an information input specific to that structure, and a nonspecific input, which
maybe variously labelled ‘effort,” ‘capacity,” or ‘attention’ (Kahneman, 1973, p. 8).
Therefore, different mental activities are competing for this scarce capacity of resources,
and this competition limits the ability of individuals to multitask effectively. The capacity
model of attention posits that a mental activity imposes a demand for attention depending
on its difficulty. Thus, individuals fail to perform a mental activity properly when its
demand outweighs the available capacity of attention or if the available capacity is

allocated to other activities (Kahneman, 1973).

It is important to note that a few studies adopt a similar view of attention as a limited and
scare resource, basing this view on earlier work. For example, Javadi et al. (2013)
developed an attention-based model of electronic brainstorming based on Simon’s work
(March & Simon, 1958; Simon, 1947) that holds a similar assumption about attention: “to
a considerable extent, the limits upon rationality [...] are resultants of the limits of the

area of attention” (Simon 1947, p. 102).

The focus on visual attention might be explained by two factors. The first is the nature of
the phenomena under study, and the second is the measurement tool. The phenomena
under study are within the scope of the interaction of individuals with IT artifacts. In
consequence, a large portion of these phenomena relate to how information is displayed
on a screen and to the design elements of a visual interface. For example, how do different
forms of visual aesthetics, namely, classical aesthetics and expressive aesthetics, impact
the formation of web page impressions (Ye et al. 2020), and how do different cognitive

processes operate to understand conceptual models that “[contain] a visual arrangement

28



of modeling constructs in the form of graphical symbols and text” (Bera et al. 2019, p.

1106)?

The measurement and its potential impact on the focus of visual attention relate to the
availability, non-invasiveness, and validity of eye-tracking measurement tools, as well as
the assumption of the link between the fixation of the eye and the direction of attention:
“The eye fixates the referent of the symbol currently being processed if the referent is in
view” (Just & Carpenter, 1976, p. 5). With a few caveats, this “eye-mind” hypothesis
implies that eye-tracking data are a good source of where an individual’s attention is being

directed on a visual display (Poole & Ball, 2006).

Regarding the distinction between voluntary and involuntary attention, a group of papers
notes it, but they mostly investigate only one of these two attentional processes. For
example, while focusing on the bottom-up attentional process triggered by exogenous
stimuli and measured using a P300 ERP component, Léger et al. (2014) distinguish this
process from the voluntary “top-down” attentional processes that are goal-driven in
contrast to the stimuli-driven processes. In their unified model explaining banner
processing in the online advertising context, Sun et al. (2013) considered both the stimuli-
driven attentional processes and the goal-driven attentional processes. Their variance
model proposes that the stimulus-driven attentional processes are associated with
structural features of banners, which include animation, color, and size. On the other hand,
their model proposes that goal-driven attentional processes are associated with semantic
features of banners: Entertainment, Informativeness, Irritation/Intrusiveness, Credibility,

and Interactivity/Personalization (Sun et al. 2013). We note that Ahn et al. (2018) do
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distinguish between voluntary and involuntary attention but do not clearly specify the role

either of these types of attentional processes plays in the phenomenon under study.

1.6 Attention related states:

In addition to these conceptualizations of attention, we also find different attention-related
mental states such as cognitive absorption, flow, and mindfulness. While cognitive
absorption (CA) was first studied as a trait construct that reflects the disposition to
episodes of total engagement (Wild et al., 1995), it has been researched more as a state
construct in the information system literature, with a key reference to its conceptualization
by Agarwal and Karahanna reflected in five dimensions : (1) temporal dissociation, (2)
focused immersion, (3) heightened enjoyment, (4) control, and (5) curiosity (Agarwal &
Karahanna, 2000). For example, Wakefield and Whitten (2006) conceptualized CA with
four of the five dimensions of Argawal and Karahanna, excluding the enjoyment
dimension. Their rationale was that enjoyment is an affective construct in contrast to the
other dimensions that represent different cognitive functions. In their study investigating
the role of cognitive absorption in virtual worlds, Goel et al. (2011) associate cognitive
absorption with a state when the person “directs all her cognitive attentional resources to
a particular activity such that it becomes the exclusive content in her working memory”
(Goel et al. 2011, p. 758). Later, building on the view of attention as a state of flow
(Csikszentmihalyi, 1977), Goel et al. (2013) chose only two dimensions of CA: temporal
dissociation and focused immersion, in their study of the impact of social awareness,
social perception, and flow experience on individuals’ intention to return to virtual worlds

(Goel et al., 2013).
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Another attentional related state is mindfulness. It is viewed as a process that promotes
self-regulation of attention (Hayes & Shenk, 2004; McAvoy et al., 2013) as well as the
conservation of attention (McAvoy et al. 2013). In their study of interventions that help
mitigate phishing attacks, Jensen et al. (2017) propose that mindfulness assists individuals
to dynamically allocate attention and increases their contextual awareness (Jensen et al.,

2017).

1.6.1 Characteristics of interruption (secondary task)

After coding the different conceptualizations of the interruption or secondary task that
interrupts the primary task (Appendix B), we synthesized the main characteristics of the

interruptions that impact the attentional processes (Table 1.2).

Table 1. 2 Characteristics of the interruption (secondary task)

Characteristic Conceptualization References
Relevance/Fit  The relevance, fit, or relatedness of the (e.g., Addas and
with primary  content of the disrupting task to the Pinsonneault 2015;

task primary task. Addas and Pinsonneault

2018b; Galluch et al.
2015; Shaft and Vessey

20006)
Structure/ Generated by the information system or (Addas & Pinsonneault,
source generated by an individual and mediated  2015)
by the information system.
Quantitative ~ The quantity of demand, that is, the (Galluch et al., 2015)
demand number of interruptions
Expectedness ~ Whether interruption to the primary task (Zhang et al. 2020)

is unexpected by the individual or
planned and spontaneous interruption

(i.e., expected and/or intended in nature).

adapted from (Jett &
George, 2003)

31



Characteristic Conceptualization

References

External/ Externally generated interference from
internal the environment by sensory stimuli or
internally in the mind of the individual
(e.g., mind wandering) (Gazzaley &
Rosen, 2016)

(e.g., Galluch et al.,
2015; Xu et al., 2012)

Familiarity/ ~ The extent to which an individual is

(Ahn etal., 2018;

novelty familiar with a stimulus associated witha  Anderson et al., 2016)
repeated exposure to the same or similar
stimuli.
Complexity The complexity of the task associated (Jenkins et al., 2016)

with the interruption.

Duration The duration of the task associated with
the interruption.

Timing The timing of the interruption in
relationship to the primary task. For
example, in between subtasks in contrast
to mid subtasks, in a high workload
moment or low workload moment.

from (Borst et al., 2015)

The first characteristic of the interrupting task is its relevance, congruence, or fit with the

primary task. The main outcome of this characteristic is the performance on either or both

tasks. Shaft and Vessey (2006) define the fit in terms of the extent to which the mental

representation of the software and that of the modification task emphasize the same type

of knowledge. The first mental representation is associated with the comprehension task,

while the second is associated with the modification task. From the dual task interference

premise, that is the difficulty of allocating attention between two tasks effectively, they

provide evidence that the fit between modification and comprehension impacts both

efficiency and effectiveness (Shaft and Vessey 2006). Addas and Pinsonneault (2015)

specify two types of IT-related interruptions, depending on their fit to the primary task:
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IT intrusions and IT interventions. IT intrusions are defined as “perceived, IT-induced or
IT-mediated external events that are irrelevant to performing primary task activities”. On
the other hand, IT interventions are “perceived, IT-mediated external events that reveal a
discrepancy between performance expectations and actual performance of primary task
activities” (Addas & Pinsonneault, 2015, p. 235). They propose that the effect of both
types of interruptions on efficiency is detrimental, especially the interruptions requiring
communicative or material actions from the individual or related to issues with the IS.
The reason for the detrimental impact on efficiency is that intrusions divert attention away
from the primary task and cost time for the individual to attend to them. In addition to
this, when the intrusions require a behavioral response (i.e., actionable), the attention
needs to be split between two tasks, which implies an additional switching cost.
Actionable interventions do not necessarily imply a higher switching cost, as they are
relevant to the primary task; but nonetheless, they interrupt the primary task and require
more effort to be spent on the primary task by tending to the additional information they
provide (ibid.). In terms of the effect on performance, building on previous literature on
interruptions (Addas & Pinsonneault, 2018), Addas and Pinsonneault (2018b) propose
that non-relevant interruptions, or “incongruent interruptions”, create two performance

constraints: time delays and output errors regarding the primary task.

Another outcome affected by the fit between primary task and interruption is stress.
Galluch et al. (2015) found that the degree of relatedness (i.e., fit) between the interruption
and the primary task impacts the stress of the individual mediated by the perceptual
conflict between the demand of the task and the content of the message. However, Addas

and Pinsonneault (2018b) posit that regardless of the fit between the interruption and the
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primary task, two cognitive stress constraints are induced: a higher time constraint and a

higher cognitive workload (Addas and Pinsonneault 2018b).

The second characteristic of the interruption relevant to the IS domain is the source or
content structure of the interruption. Addas and Pinsonneault (2015) differentiate between
system-generated interruptions and interruptions that are human generated and mediated
by the system. A system-generated interruption takes the form of malfunction or of a lack
of availability of IS resources, thus disrupting the primary task of the individual.
Interruptions mediated by the system can be one of two types (informational or
actionable). While both types draw on the individual’s attentional resources, actionable
interruptions draw additional attentional resources on a behavioral response level (Addas

and Pinsonneault 2015).

Zhang et al. (2020) highlight another attribute of interruptions, that is, its expectedness.
They differentiate between unexpected interruptions or “intrusions” that alter the flow and
continuity of a person's work and bring that work to a temporary halt and planned,
spontaneous recesses or “breaks” from working on a task that interrupt the task's flow and
continuity (Jett and George 2003). Focusing on the role of expected interruption
(“breaks”), they provide evidence that these interruptions disrupt the state of flow of
individuals and shift their behavior from appreciating content created by others to creating

and sharing content in a social media context.

The familiarity of the stimulus to the individual, or lack thereof, for both the primary and
secondary tasks is another important factor that impacts how the individual’s attention

will be directed towards the task-related stimuli. We found two similar mechanisms
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explaining the effect of familiarity/novelty of the stimulus on the orienting of attention:
habituation and attention decay. Anderson et al. (2016) provide evidence that with
repeated exposure, a polymorphic design, that is, a stimulus that changed its appearance,
was more resistant to habituation and received more attention in comparison to a static
design. Using the attentional blink model, Ahn et al. (2018) propose and test the effect of
attentional decay across similar alternatives positioned sequentially in an e-commerce
context and how the introduction of interruptions such as ads (i.e., novel stimulus) can

renew the individual’s attentional resources.

Other important characteristics of interruptions are the complexity of interrupting tasks,
the delay (duration) of interruptions, the timing of the interruptions in relation to the
primary task (Borst et al. 2015; Jenkins et al. 2016), and the quantity of the demand (i.e.,
the number of interruptions) (Galluch et al. 2015). In addition to the effect on the
performance of the primary task, Jenkins and colleagues provide evidence that the timing
of the interruption is an important predictor of performance on the secondary task in the

context of attending to system-generated interruptions.

Several studies recognize the difference between externally generated interference from
the environment by sensory stimuli and internal interference in the mind of the individual
(e.g., mind wandering) (e.g., Galluch et al. 2015; Xu et al. 2012). However, the literature
so far focuses on the external interruptions, as they are the ones that are directly

attributable to ICTs (Galluch et al. 2015).
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1.6.2 Attention directing mechanisms

After coding the different attention directing mechanisms (Appendix C), we classified

them into two main types: internal attention directing mechanisms and external attention

directing mechanisms (Table 1.3).

Table 1. 3 Attention directing mechanisms.

Directing Definition Examples
mechanism
Internal Cognitive models or mechanisms Search motive (Pfeiffer et
directing that direct the attention of the al., 2020)
mechanisms individual, including the motive or Risk management
the goal of the task, as well as approaches (heuristics)
internalized routines and heuristics (Lyytinen et al., 1998)
that direct the perception of Attention structures
information in the environment. (Henfridsson, 2000)
Educating of attention
(Hafermalz et al., 2020)
External External mechanisms that help Attention directing
directing direct the individual’s attention mechanism (Dunn et al.,
mechanisms during a task (e.g., diagrammatic 2011)

components, visual cues and
displays)

Risk items (Lyytinen et al.
1998)

Attention guidance
(Seeber et al., 2017)
Attention cueing (Biocca
et al., 2007; Potter &
Balthazard, 2004)

The internal directing mechanisms are models that direct the perception of information

from stimuli in the environment. Including individuals’ heuristics, motives of the tasks,

and mental “models of the world” (Henfridsson 2000, p. 90), these mechanisms affect the

orienting of attention function, that is, the “selection of information from sensory input”

(Posner 2011). Pfeiffer et al. (2020) provide evidence that the motive of the tasks is an

important attention-orienting mechanism that determines how the individual scans and
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perceives information in his or her environment. The consumer’s orientation while
shopping is either goal directed, where she gathers information efficiently by utilizing a
search routine or strategy to achieve her goal, or exploratory, where she scans the decision
environment and builds up knowledge that might become relevant later (Pfeiffer et al.
2020). Regarding the role of the IS, Hafermalz et al. (2020) found that the 1S artifact plays
an important role in altering these mental models. They theorise that this role is through
the learning process that narrows the attention to discriminated parts of the environment
so that the individual’s direct perception of the environment in terms of what it offered

him is altered (Hafermalz et al. 2020).

External attention directing mechanisms, on the other hand, are elements within the
environment that the individual perceives along with the task-related stimuli. In a
brainstorming context, Potter and Balthazard (2004) studied the effect of two cueing
mechanisms that affect the number of ideas the individual generates: input cueing and
cause cueing. Input cueing represents the ad hoc categories suggested by the input from
other participants. Cause cueing represents causal categories generated by the individual
that would guide her idea generation. They found that cueing the self-generated categories
increased the number and quality of ideas generated (Potter and Balthazard 2004). The
external guiding mechanisms can take the form of visual display elements and cues (e.g.,
flashing cursors, pointers, radiating circles), audio cues (Biocca et al. 2007), or other
content-type cues, e.g., instructions (Seeber et al. 2017). Dunn et al. (2011) propose and
test the effect of attention-directing mechanisms that are inherent to the conceptual models
or external tools in increasing the performance of individuals in terms of accuracy and

error recognition (Dunn et al. 2011). The reason for this effect is that these mechanisms
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guide users through the diagrams, and they allow the individuals to track what they have
already looked at and what they still have to examine, as well as the parts of the

representation where the needed information is localized (ibid.)

1.7 An integrated model of divided attention

Using the integrative literature review alongside the three themes identified above (i.e.,
the conceptualization of attention, the characteristics of the interruption or secondary task,
and the attention guiding mechanisms), we advance a conceptual framework that 1)
integrates the different driving factors of attention and 2) draws form AGT to account for
the role of executive attention in the context of interruptions or multitasking in general

and IT related in particular (Figure 1.2).

In line with the motivational view of executive attention, the Adaptive Gain Theory
(AGT) (Aston-Jones & Cohen, 2005) presents explanatory mechanisms for top-down
attention based on neurobiology and the neural network models of the locus coeruleus-
norepinephrine (LC-NE) system. These mechanisms result in two modes of behavior: an
explorative and an exploitative mode. In the explorative mode, the individual disengages
from the primary task and looks for alternative tasks. In the exploitative mode, the
individual behaves, specifically in responsiveness to stimuli, in a way that aims to improve
the performance of the primary task. Each of the two modes is associated with a different
type of LC activation mode. The exploitative mode is associated with the phasic activation
of the LC-NE system, and the explorative mode is associated with the tonic activation of
the LC-NE system. This shift in activation is a mechanism that regulates the shift of
attention between the focus on a current task and the sampling of other alternative tasks

when the utility or the reward associated with the current task starts to drop. To present a
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comprehensive conceptualisation of attention, the integrative model includes bottom-up
attentional processes, top-down attentional processes, as well as the modulation of top-

down attentional processes.

As presented above, the characteristics of stimuli affect the allocation of attention towards
either the primary or the secondary task. In addition to the drivers previously detailed, we
add the display of information as an important explanatory factor for the allocation of
attention. The display of information reflects aspects of presentation of the information
within a stimulus, including size, color, and animations such as flashes or motion. For
example, in an e-commerce context, Cheung et al. (2017) found that animated objects
increase overall attention to a page as well as increase the attention allocated to the
animated object at the expense of the non-animated objects. More specifically, Hong and
colleagues found that among tested animation features, motion and looming are more
effective in attracting an individual’s attention (Hong et al., 2021). Similarly, external
guiding mechanisms, which are perceptual cues within the environment, will affect the
allocation of attention towards a specific task stimulus. External guiding mechanisms are
driven in part by their own stimuli characteristics as well as the stimuli characteristics of
the task at hand. For example, visual cues that are integrated within an interface would
have a different effect on the allocation of attention depending on which cues are

displayed, their quantitative demand, and their timing during the task.

Proposition 1: Stimuli characteristics of (IS) tasks as well as external guiding
mechanisms drive, in a bottom-up way, the allocation of attention to these tasks, which,

in turn, drives the performance of these tasks. (P1)
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On the other hand, internal guiding mechanisms fall under internal schemas and learned

attention patterns, which are associations of sets of cognitions and actions acquired

through practice (Gilbert & Burgess, 2008; Shallice, 1988). The internal guiding

mechanisms determine the individual’s behavior, and they are either triggered by events

in the user’s environment or modulated in a top-down manner when there is novelty in

the environment or when these well-learned schemas are inadequate (Gilbert & Burgess,

2008; Shallice, 1988).

Proposition 2: Internal guiding mechanisms are learned internal schemas that

drive, in a top-down way, the allocation of attention to (IT) tasks, which, in turn, drives

the performance of these tasks. (P2)
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Audio cueing

Stimulus characteristics

Display of information

Structure/ source

*  Quantitative demand
Expectedness

*  Complexity
Duration
Timing

*  Novelty / familiarity

* Relevance/ fit with the primary task

P1

P1

P3

Attention allocation
over time

Performance

| Primary task focus |

| Secondary task focus |

Secondary task

Figure 1. 2 Integrative model

Besides executive attention and motivational constructs, we must ask the question:

“Under what conditions does this integrated model hold true?” The model can explain
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how individuals select specific information from multiple available stimuli if 1) they are
vigilant enough to be able to, and 2) they want to find this information compared to all
other alternative actions they can do. The first condition refers to the individual’s having
a high enough level of sustained attention, vigilance, or phasic alertness to attend to the
task of finding specific information from an array of available stimuli; and it represents
the alerting network of attention (Raz & Buhle, 2006). The second condition reflects the
individual’s current hierarchy of goals and whether the prioritised goal aligns with the
task, on the one hand, and, on the other hand, the ability to perform top-down control of

attention reflecting the executive attention network.

In the IS literature, mindfulness, as a mechanism for regulating attention and allowing
contextual awareness (Hayes and Shenk 2004; McAvoy et al. 2013), is one of the few
important constructs associated with executive attention that have been investigated. The
lack of investigation of factors related to executive attention in the IS literature can be
attributed to the predominant theoretical lens for attention in this literature (i.e., the
capacity model of attention) and its limitation regarding executive attention (Inzlicht &

Marcora, 2016).

The executive attention network includes three main functions: task switching, working
memory, and inhibition (Miyake et al., 2000). Considering the lack of integration of
executive attention mechanisms in attention-related phenomena in the IS literature, we
propose that the inclusion of some of these executive attention functions to investigate the
role of attention in IS phenomena, including multitasking, would help us understand the
role of top-down attentional control and how it complements bottom-up attentional

control.
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Executive attention, or self-control, represents the “mental processes that allow people to
override their thoughts, emotions, and behaviors to keep them in line with overarching
goals” (Inzlicht et al., 2014, p. 127). The view that any conceptual model of executive
attention is compatible with the capacity model of attention has been heavily criticized in
the last two decades. In their review, Inzlicht et al. (2014) challenge the view that
executive attention is based on an attentional resource depletion mechanism. Instead, they
proposed that this function seeks a balance between pursuing externally rewarded “have
to” goals and internally rewarding “want to” goals. Therefore, they posit that the
mechanism is a motivational switching of task priorities between these two types of goals.
While the impact of executive function decreases as the individual is working on
sequential tasks, the evidence that motivational manipulations in later tasks counteract
and could completely offset this natural depletion of executive attention over time (e.g.,
Boksem et al., 2006; Muraven & Slessareva, 2003) supports this motivational perspective

of executive attention.

In line with the AGT, we introduce Task hierarchy, defined as the order of priority of the
task related to the stimuli presented to the individual, as a construct that captures the role
of top-down attention and clearly explains the role of motivation in the attentional fatigue
that makes people distractible the more they are engaged with a task. The task hierarchy
is defined by motivational aspects specific to the individual, and this means that the more
they are motivated, intrinsically or extrinsically, to perform a task, the longer they can
keep their attention oriented to its related stimuli. One of the few examples in IS that

considers the effect of motivational elements in the context of engagement and attention
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is the study by Amo et al. (2020) that examines the effect of engagement and gamification

elements on the performance of the individual.

Based on Adaptive Gain Theory, this motivational view of executive attention can enable
a more integrative perspective to research the conjoined effects of motivating factors as
well as attention-related constructs in IS phenomena. It also allows us to address the
drivers of the behaviors of multitasking and IT distraction, instead of only looking at the

outcomes of the behavior in the performance.

Proposition 3: Task hierarchy determined by motivational elements modulates the
selection of internal guiding mechanisms and drives in a top-down way the allocation of

attention to the (IT) tasks, which, in turn, drives the performance of these tasks. (P3)

1.8 Conclusion and avenue for future research

By classifying the various attention functions and networks outlined by Posner (2011) and
integrating the conceptual foundations of Adaptive Gain Theory, our analysis underscores
a notable gap in the understanding of attention dynamics. Specifically, the exploration of
executive attention within the IS literature concerning attention and multitasking appears
limited. Recognizing these deficiencies, we advocate for a motivational approach to
understanding attention, particularly executive attention, which serves to illuminate the
interplay between task-related motivational characteristics and the allocation of attention

resources.

Additionally, other research avenues that emerged throughout the literature review
include the measurement of attention beyond eye tracking and psychometrics to include
neurophysiological tools such as EEG (e.g., Léger et al. 2014) or fMRI (e.g., Jenkins et
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al. 2016) which offer insight beyond the visual component of attention; the investigation
of internal interruptions, such as mind wandering; specifying the attentional network

under study; and the role of individual differences in the attention of individuals.

Our model makes several important contributions. First, it advances a comprehensive
conceptualization that integrates both top-down and bottom-up attentional processes,
offering novel explanations into how attention is allocated to various stimuli.
Additionally, it introduces motivational constructs that elucidate how attention allocation
evolves over time, particularly through top-down mechanisms. Moreover, each
proposition within the model presents a unique lever for explaining changes in user
attention and suggests methods for influencing it from a design standpoint. These levers
encompass the IT artifact and the characteristics of its stimuli (P1), the user's acquired
internal guiding mechanisms (P2), or their learned patterns of interaction with the IT
artifact within task contexts, along with their extrinsic and intrinsic motivational drivers

(P3) for engaging in tasks using the IT artifact.

When considering multitasking phenomena, the Adaptive Gain Theory (AGT) offers
insights into the behavior of multitasking, particularly when it is predominantly driven by
top-down processes initiated by the individual. Furthermore, AGT enables the design and
exploration of motivation and reward interventions aimed at maintaining an individual's
attention on specific task-related stimuli. Beyond multitasking and interruption
phenomena, including single-task scenarios, our model facilitates a holistic examination
of attention in multitasking by individually examining each proposition (as detailed in

table 1. 4).
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Table 1. 4 Important research avenues

Proposition Important research avenues

P1: Stimuli characteristics of (IS) tasks as e How do different stimuli

characteristics affect external

guiding mechanisms?

in a bottom-up way, the allocation of e How to design external guiding
mechanisms

o Emphasis, metrics, contexts

well as external guiding mechanisms drive,

attention to these tasks, which, in turn,

drives the performance of these tasks.

P2: Internal guiding mechanisms are e How internal guiding
mechanisms develop, evolve over
time, and translate across
different tasks and artifacts?

e How do internal guiding
mechanisms change through

performance of these tasks. repeated use and ]eaming

(designing interventions)
o Timing, change of the stimuli,

learned internal schemas that drive, in a
top-down way, the allocation of attention to

(IT) tasks, which, in turn, drives the

the task, or another
intervention?

e How to evaluate the
appropriateness ~ of  internal
guiding  mechanisms “bad
habits”?

e Building appropriate internal
guiding mechanisms (strength —
timing, and appropriateness)

P3: Task hierarchy determined by e Motivational interventions to
build and select appropriate
internal guiding mechanisms?

motivational elements modulates the

selection of internal guiding mechanisms
and drives in a top-down way the allocation
of attention to the (IT) tasks, which, in turn,

drives the performance of these tasks.

Exploration versus exploitation
of internal guiding mechanisms
The effect of motivational
interventions according to the
level of salience of existing
internal guiding mechanisms

First, although the current literature examines it to some extent, our proposed perspective
encourages a deeper exploration of the role played by external guiding mechanisms, such

as visual and content cues, within multitasking contexts. Furthermore, it prompts us to
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consider how effects of various characteristics of stimuli are mediated by these guiding
mechanisms. Moreover, we need to address how to accommodate diverse stimulus

characteristics in the design of external guiding mechanisms.

Second, we delve into the often-overlooked realm of internal guiding mechanisms, a
subject less explored in the existing IS literature. Central to this inquiry are pivotal
questions surrounding the development and evolution of these internal guiding

mechanisms, as well as their adaptability across diverse tasks and IT artifacts.

Key inquiries into the development of internal guiding mechanisms revolve around
assessing their appropriateness. Specifically, how do we gauge and ensure the
effectiveness of these mechanisms? Put differently, we must discern the occasions when
it becomes imperative to evaluate how users assimilate interactions with IT artifacts and
discern which attentional patterns qualify as advantageous "good habits" versus

detrimental "bad habits."

Moreover, we must consider whether users reflect on the suitability of internal
mechanisms when applying them to novel contexts—be it new tasks or different IT
artifacts. Additionally, we must explore how "good habits" formed within specific
contexts may inadvertently morph into "bad habits" when transposed into different
environments. Addressing such transformations becomes crucial in the design of artifacts

able to accommodate these effects.

Finally, this motivational perspective enables us to transcend mere top-down attention
allocation and task prioritization across timeframes. It prompts an exploration into the

balance between exploration and exploitation concerning attention distribution, as well as
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the interplay between fostering new internal guiding mechanisms and leveraging pre-
existing ones. Furthermore, it helps probe into how the impact of motivational

interventions fluctuates based on the prominence of existing internal guiding mechanisms.

Whether investigating specific contexts such as IT multitasking or the broader domain of
IS use the interaction between users and IT artifacts depends significantly on the user's
attention. Therefore, we advocate for placing attention at the core of investigating these
phenomena, and hope that our model's integrated holistic perspective offers a

comprehensive base to do so.
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1.10 Appendix A

Conceptualization of Attention Operationalization Source
Attention as a cognitive operation where Fixation count Bera et
individuals focus on and pay attention to al. (2019)
specific region of a script Fixation duration

Time and attention spent Kim etal.
externally measured as (2018)
Attention as a finite individual resource
for knowledge collaboration along with a) The relative portion of
time community visits made
by members outside
the focal community in
a month
Engagement as “the energy and Engagement measured as Amo et
involvement devoted to a task” al. (2020)
e Time spent per attempt,
e Number of reattempts,
e Unique daily user attempts
Attention as a form of human perception Attention as fixation counts and Ye et al.
and cognition in response to the fixation time (2020)
immediate physical environment and a
critical predictor of the evaluation of
external stimuli (Rahinel & Ahluwalia,
2015)
Not clearly conceptualized Visual attention as fixation Yi et al.
counts and fixation time (2019)
Focused attention as “the centering of e My attention was focused. =~ Hong et
attention on a limited stimulus field” e [ was absorbed intensely. al. (2004)
(Csikszentmihalyi 1977, p. 40) e I was deeply engrossed.
e [ concentrated fully.
Attention as an environment dependent Visual attention as fixation Cheung
but limited pool of general-purpose counts and fixation time et al.
resources that are allocated based on (2017)

allocation mechanisms as well as task
characteristics.

Differentiating between goal-directed
attention capture and stimulus-driven
attention capture.
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Conceptualization of Attention Operationalization Source
Attention as a limited cognitive resource e [ was absorbed intensely in Lee et al.
that is allocated to cues and other the amount of time [ waited (2017)
processes while waiting to see the

results.

e My attention was focused
on the wait while I was
waiting to see the results.

e [ concentrated fully on the
wait while waiting to see
the results.

e [ was deeply engrossed in
the wait while waiting to
see the results.

Not clearly defined The coefficient of variation of Wang et
time spent on the email as the al. (2016)
variability in attention
allocation

Attention as “the act of restricting ERP P300 as the orientating of Léger et

mental activity to consideration of attention toward a stimulus al. (2014)

only a small subset of the stimuli in the

environment or a limited range of

potential mental contents.” (Parasuraman

& Rizzo, 2008, p. 389)

Attention as a limited cognitive resource e Reaction Time, Sun et al.

that gets selectively allocated to different o Recognition, (2013)

stimuli, e Recall,

. . e Eye-tracking,

differentiating between top down (goal- .

. . e Physiology Arousal

directed) and bottom-up (stimulus-

driven)

The extent to which one spends mental Time spent on: McKnigh

effort on an event to determine its value tetal.

for sensemaking (instead of ignoring it) e Reading a news brief, (2020)

Answering how much one
would ignore versus pay
attention to it,

Briefly explaining why
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Conceptualization of Attention

Operationalization

Source

Attention as “the focalization,
concentration, and  consciousness,
representing selective perception and a
focused line of information processing”.
Differentiating  between  voluntary
attention, that is the selective processing
of sensory information based on pre-
analyzed and prioritized sequence, and
involuntary attention, that reflects a
“spontaneous response to the abrupt and
salient stimuli”. (Ahn et al. 2018, p.
1222)

Visual attention as fixation
frequency and fixation
duration

Ahn et al.
(2018)

Passive attention “as low-involvement
learning or attention due to interrupts,
both of which suggest information
acquisition without deliberate
intentions”. (Huang et al., 2017, p. 1179)

Push-based peer comments

Huang et
al. (2017)
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1.11 Appendix B

Interruption/Distraction conceptualization Source
A content relevance dimension: Addas and
Pinsonneault
1. IT intrusions as “perceived, IT-induced or IT-mediated (2015)
external events that are irrelevant to performing primary
task activities”
2. IT interventions as “perceived, IT-mediated external
events that reveal a discrepancy between performance
expectations and actual performance of primary task
activities”
A content structure dimension:
1. System-generated (system interruptions with no explicit
content)
2. Mediated by the system (i.e., human-generated)
including two content types:
3. Informational interruptions involve  one-way
dissemination of information and require processing
primarily at the cognitive level.
4. Actionable interruptions require processing primarily at
the behavioural response level whether in the form of
communicative action or material action.
Interruption as a “distraction that shifts individuals’ attention away Galluch et
from a current task and requires conscious effort to return to the original al. (2015)
task”. Two dimensions:
From
1. Quantity of demand, that is, the number of ICT-enabled Damrad-
interruptions. Frye &
2. Message Profile, that is, the type of instrumental Laird (1989)
support tied to each ICT-enabled interruption, fit with
the task (on-task vs. off-task).
(Focus on external interruptions as opposed to internal interruptions,
e.g., mind wandering, because external interruptions are the only types
of interruptions directly attributable to ICTs.)
Expectedness of the interruption: Zhang et al.
(2020)
Unexpected interruptions or intrusions that alter the flow and continuity
of a person's work and bring that work to a temporary halt are called, vs From Jett
planned, spontaneous recesses or breaks from work on a task that and George
interrupt the task's flow and continuity. (2003)
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Interruption/Distraction conceptualization Source
Attention switching as "The extent to which other meaningful activities Xu et al.
are offered to distract an addict’s attention from engaging in the (2012)
problematic behavior" (internal & external) (Xu et al. 2012, p. 326)
1. The delay (duration) of interruption, Jenkins et
The complexity of the interrupting secondary task, al. (2016)
3. The timing of the interruption in relationship to the primary
task From Borst

etal. (2015)

1. Incongruent interruptions (IINT) that provide or request
information or actions that are not relevant for primary
activities.

2. vs Congruent interruptions (CINT) provide task-pertinent
information, reveal discrepancies in task processes or
outcomes, or request actions that are relevant to performing
primary task activities.

Addas and
Pinsonneault
(2018b)

3. Cognitive fit of the two tasks (DTI theory)

Shaft and
Vessey
(2006)
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1.12 Appendix C

Directing Definition Source

mechanism

Attentional  In a brainstorming context, input cueing represents the Potter and

cueing ad hoc categories suggested by the input from other Balthazard
participants. (2004)
Cause cueing represents causal categories generated by
the individual that would guide his idea generation

Attention Tacitly and unconsciously build ‘models of the world’ Henfridsson

structures that direct perception to information that fits practical (2000)
undertakings and projects.

Educating of The role that an IS plays as a learning process altering and Hafermalz
attention narrowing the attention of the user to a newly etal. (2020)
discriminated part of the environment, so that her direct
perception of the environment, in terms of what it offered

her, is altered.
Search The consumer’s orientation while shopping that is either Pfeiffer et
motive goal directed, whereby she gathers information efficiently al. (2020)

by utilizing a search routine or strategy to achieve her

goal, or exploratory, whereby she scans the decision

environment and builds up knowledge that might become

relevant later.
Risk Risk items (or risk factors) are cognitive mechanisms that Lyytinen et
management direct managerial attention (e.g., checklists used to scan al. (1998)
approaches  the environment).

Heuristics represent formalized decision-making routines

to master the environment. To be more exact, they

embody knowledge of cause-effect chains within the

environment.
Attention In a diagrammatic attention context, it is a mechanism Dunn et al.
directing that guides users through the diagram, helping them track (2011)
mechanism  what they have already looked at and what they still have

to examine, as well as in which part of the representation
the needed information is localized.
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Directing Definition Source
mechanism

Attention A facilitation component that comprises a set of Seeber etal.
guidance instructions to focus participants on the task at hand (2017)
during the execution of a convergence activity

Attention The use of visual cues (e.g., flashing cursors, pointers, Biocca et al.
cueing radiating circles), audio or content cues to direct visual (2007)
attention to spatial locations on the IS interface.

Attention funnel in an augmented reality (AR)
environment: AR display technique for rapidly guiding
visual attention to any location in physical or virtual
space.
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2 Chapter 2: The importance of attentional factors and
system design elements in the context of highly automated
vehicle takeover: a scoping review?

2.1 Abstract

The traditional role of the driver is morphing towards that of a partner of the automated
system with the advent and increase of vehicle automation. As a fallback operator of the
automated system, it becomes crucial to be ready for a transition of control from the
automated system to the driver for the sake of performance and safety. Previous literature
shows that readiness to takeover is affected by various attentional and cognitive factors
and the performance of takeover varies with differences in the system issuing the takeover
request. The objective of the present study is to understand the different individual
attentional and cognitive factors that impact the performance of collaboration between the
automated driving systems and the human operator. It also aims to synthesize the different
mechanisms and design elements that affect the performance of resumption of control.
This review outlines the current research scope on these two interrelated streams, detailing
its main results and providing key design guidelines to enhance interaction between
drivers and highly automated driving systems, along with important avenues for future

research that holistically accounts for these two types of factors.

Keywords: highly automated driving systems; takeover of control; automation

supervision; attention; ADAS design

! Dr. Sylvain Sénécal and Dr. Nicolas Saunier were involved in the ideation, the early stages of
conceptualisation and contributed to manuscript revisions



2.2 Introduction

The rise of vehicle automation introduces an important change to the role of the driver.
The traditional role of the driver is shifting towards that of a partner or a teammate of the
automated (or autonomous) system to which more tasks are being delegated. Within this
collaboration between the automated system and the human operator, for most
commercialized automated vehicles, the driver needs to monitor the environment and be
a fallback operator of the automated system (Louw et al., 2015). One of the most
important aspects of this automated system-human collaboration, that directly impacts the
performance and safety of driving, is the transition of control from the automated system

to the human driver.

Different attentional and cognitive factors are found to directly affect the performance of
this transition of control, especially when the resumption of control is triggered by the
system, and prompted by a situation that the system’s capabilities cannot handle (Louw
& Merat, 2017). The effects of these attentional and cognitive factors on performance are
mediated by the individual’s situation awareness, defined as an individual’s “perception
of the elements in the environment within a volume of time and space, the comprehension

of their meaning, and the projection of their status in the near future” (Endsley, 1988).

While some recent reviews identified different factors that influence the takeover
behaviour (i.e., transition of control), time (de Winter et al., 2014) and quality (Gold et
al., 2018), we aim to conduct a scoping review that 1) synthesizes the different attentional
and cognitive factors that impact the performance of collaboration between automated
systems and human operators, and specifically that of the resumption of control by human
operators, and 2) identifies the different mechanisms and design elements that are studied
to potentially improve this performance.

2.3 Theoretical background

The taxonomy of SAE International defines six (6) different levels regarding the extent
of automation as well as the corresponding roles of the driver and automated system in

driving the vehicle (SAE, 2014): Level 0 —no automation, the system relies fully on the
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human to drive the vehicle. At level 1 —driver assistance, the system can assist the human
while driving for specific tasks. At level 2 —partial automation, the system performs some
tasks such as steering and acceleration, while the human monitors the vehicle and is fully
responsible for the other driving tasks. At level 3 —conditional automation, the system
can perform all the driving tasks in each context, e.g. in traffic jams. However, the human
needs to stay attentive to the state of the system and be ready to take control if the system
requires it. At level 4 —high automation, the system is capable of fully operating the
vehicle without requiring the supervision and intervention of a human driver in each area
and under most circumstances. Lasty, at Level 5 —full automation, the system can

perform all driving tasks without any human involvement.

There are two parallel tracks for AV development; in the first group, car manufacturers
are gradually incorporating advanced driver-assistance systems (ADAS) that automate
driving functions one by one (level 1 or 2), e.g., adaptive cruise control and lane keeping,
where constant driver input and supervision is still required. In the second group, the
vehicles will most likely, at least for the foreseeable future, be used to provide taxi-like
services and will not be sold directly to end consumers. In the predominant first group, up
to level 3 automation, the collaboration between the human driver and the autonomous
system takes the form of shared control between the two where there are situations where
the operating system of the vehicle hands over the driving task to the driver either by
necessity or following the choice of drivers. Therefore, this transition of control is a
critical element that entails a considerable amount of risk proportional to the ability of the

human to take over the control of the vehicle safely.

Situation awareness is one of the primary factors that impacts the automation interaction
and oversight performance in general (Endsley, 2017), i.e., how well the human interacts
with and supervises the automated system, and is thus specifically important in the context
of highly automated vehicles. The allocation of attention along with the systems design
features are critical antecedents of situation awareness during the interaction with
automated systems (Endsley, 2017). The rationale why different mechanisms/design
characteristics improve the quality of the transition of control from an autonomous system

to the human driver lies in the process of keeping the human is “in the loop” before their
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involvement becomes necessary (Endsley & Kiris, 1995). This, in turn, leads to higher
performance in terms of attentional control and decision making, through higher situation
awareness (Horswill & McKenna, 2004; Louw et al., 2015).

In light of the above, this paper presents a review investigating the different elements that
affect the performance of the handover of control from the vehicle’s operating system
towards the human. Specifically, this review aims to answer the following questions:
What are the different attentional states and traits influencing the performance of safe
handover of control from the operating system to the human operator? What are the
different mechanisms and design characteristics that enhance this performance? Because
of the broad scope of the research questions, we adopt a scoping review methodology
(Paré et al., 2015) which primarily aims to map out and understand the breadth and nature
of the available literature on a specific topic and identify research gaps.

2.4 Methodology

Our work aims to further our understanding of the critical factors that impact the
performance of the collaboration between human agents and artificial intelligence systems
in the context of automated vehicles. As such the domain of our scoping review is the AV
literature where artificial intelligence systems take on, at least in part, the function of
driving the vehicle. Within the collaboration between the human operator and the
operating system of the vehicle, the most critical element of our review is the transfer of

control from the vehicle to the human operator, i.e., the “takeover”.

The targeted databases of our initial search are the Transport Research International
Documentation (TRID) database, Web of Science, as well as Google Scholar for the

forward citation search.

The final query that was used for the search is: ("self-driving" or “self-driving vehicle" or
"self-driving car" or "driverless" or “automated driving” or “autonomous driving” or
“automated vehicle” or “autonomous vehicle”) AND (“handover” or “takeover” or “take-
over” or “take over” or “manual control” or “vehicle control” OR “out-0f-the-loop” or

“NDR” or "non-driving-related task" or “situational awareness” or “cognitive readiness”
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or “situation awareness” or “visual attention” or ""gaze" or "engagement" or "mental state"
or "distraction™ or "driver monitoring™ or "transition of vehicle control” or "vigilance™ or

"shared control™).

During the screening process of the resulting records, non-English, non-peer reviewed, as
well as papers that did not involve an automation-to-manual takeover performed by a
human, and those that were not empirical papers with primary data were excluded. Criteria
for inclusion were: 1) records that deal with the user’s (driver) attentional and mental
states, traits, or skills, as well as 2) those investigating the use of any feedback, signal, or
stimuli to assist the driver / user. Following this screening process, a forward citation
search was performed to identify relevant records that were not captured by the query

search.

Screening and data extraction were performed with two raters. Data extraction concerned
first the user’s (driver) attentional and mental states, traits, or skills, and their impact on
takeover performance. Second, elements of the feedback, signal, or stimuli that assist the
driver/user during the takeover were also extracted while looking at both the attribute of
the signal or stimuli as well as its efficacy regarding the takeover performance.

The final search using the finalized comprehensive set of keywords, in March 2024,
yielded 4991 records from both databases and an additional 41 records were identified
through forward citation search (Figure 2. 1). 423 duplicates were removed before the
screening process. Inter-rater reliability was assessed with a sample of 50 records that
were selected and screened with two raters using the exclusion and inclusion criteria and
resulted in a Cohen’s Kappa of 74.14%. A follow-up examination showed that most
differences in screening were due to a “no” vote of the first rater and a “maybe” vote from
the second rater and led to the reformulation of one inclusion criterion, that is “records

that deal with the user’s (driver) attentional and mental states, traits, or skills”.
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Figure 2. 1 Review process
2.5 Results
2.5.1 Drivers related characteristics

2.5.1.1 Adge, gender, and experience
Twenty-six (26) papers (8.33%) investigated the impact of age on the interaction between

drivers and automated systems. While five (5) of these studies found no significant
difference between different age groups, the others (21) found that different age groups
interact differently with the automated system. Older (> 62 years old) drivers were found
to drive more slowly with smaller lateral variations after resuming manual control (Clark
& Feng, 2017), while takeover performance was found to decrease with age especially
when drivers were under certain cognitive states including fatigue, drowsiness, and low
levels of alertness (Agrawal & Peeta, 2021b). This affected the speed of takeover, as
drivers over 60 years old took more time to respond, but it also impacted the quality of
takeovers as reflected in their steering and braking behaviours (e.g., Huang & Pitts, 2022b;
Ucinska et al., 2021). When comparing middle-aged (aged 25 - 60) and young (aged 18 -

22) drivers, middle-aged drivers were found to be better at anticipating hazards and
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establishing the situation awareness needed for manual control (Wright et al., 2016). The
negative effect of age on takeover performance was countered by a positive effect of
experience (Agrawal & Peeta, 2021b), including both general driving expertise and
experience with automated systems and taking over control from the vehicle.
Additionally, age was found to be an important moderator of the effects of trust (Schwarz
et al., 2019) and individual knowledge regarding the system (Zhou et al., 2021b) on
takeover behaviour. The positive effect of these two factors was more important for older
adults. Moreover, age was found to moderate the effects of warning modality on response
time, when comparing younger drivers to drivers over 60 years old. For visual warnings,
there was little difference between ages. However, there were significant increases in

TOR reaction time with age for auditory and tactile warnings (O. Lee & Kang, 2023).

Five (5) papers (1.60%) investigated the effects of gender on takeover. Their results
indicate that female drivers are overall more cautious about takeovers, their response time
is faster than that of male drivers (H. Chen, Zhao, et al., 2023; Griffith et al., 2023), and
they specifically show faster response times to larger auditory stimuli and higher pitch
(O. Lee & Kang, 2023). Additionally, male drivers show shorter gaze durations and larger

pupil areas after TORs when compared to female drivers (Q. Wang et al., 2023).

Twenty-one (21) papers (6.73%) investigated factors specifically related to learning and
knowledge acquired through training. Knowledge about the system acquired through
training improved takeover response time, efficiency of interactions with the steering
wheel and pedals, speed variance, standard deviation of lateral position, and success of
the interventions of drivers (e.g., Lotz et al., 2019; Zhou et al., 2021a). This was explained
by an acquired understanding of the system and its limitations, the development of
appropriate mental models and a decrease in subjective complexity characterising the
lived takeover scenarios. The effects of knowledge-based training decreased with
exposure but did not disappear completely. However, this factor did not perfectly
guarantee the safety of a takeover. Additionally, training has a calibrating effect on trust
in terms of variance, i.e., less variance of trust post training (Ebnali et al., 2019), as well
as the effect of trust on the expectancy to act, i.e., in elaborated training, trust had a lower

complacency effect (Payre et al., 2016). Moreover, the training paradigm through which
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drivers learn influenced both acquired knowledge and takeover performance. Chen et al.
compared training using a writing guide, a video guide and an interactive guide using a
simulator (2023). They found evidence that both video and interactive guides outperform
written guides in terms of knowledge acquired, and that interactive guides outperform
written guides in terms of takeover performance. Additionally, four (4) papers looked at
the effect of driving habitual style on takeover performance with results showing that it

can impact their reaction to takeover requests (W. Chen et al., 2023).

2.5.1.2 Individual traits and perceptions
Six (6) papers (1.92%) looked at other relatively permanent individual characteristics such

as personality, individual traits, and cultural differences (Strle et al., 2021). Drivers’
neurocognitive traits were found to be good predictors of the quality of takeover. The
investigated measures of these neurocognitive traits include executive function ability
which correlates with age (Peng et al., 2022) and frontal theta-beta ratio as an index of
trait attentional control (Seet, Dragomir, et al., 2022). Additionally, drivers high in
neuroticism were found to be very quick to takeover when they were alerted to do so at
the cost of the situation awareness deficiency (W. Zhang et al., 2021). Ahmadnezhad and
colleagues found no differences in response times as well as cognitive workload when

comparing drivers with preclinical Alzheimer disease to control groups (2023).

The effect of trust and its development was studied in nine (9) papers (2.88%). These
studies found that trust increases over time regardless of its initial levels (Manchon et al.,
2021). However, trust deteriorates differently depending on the capabilities of the
automated system (Seet, Harvy, et al., 2022). Specifically, a failure of fully automated
systems was found to have stronger negative impact on trust when compared to a
conditional automated system. Overall, trust, or over-trust, have a negative effect on
takeover which reflects in the visual attention allocated to the road versus other non-
driving activities, the probability to intervene as well as the time to react (e.g., Korber et
al., 2018; Pan et al., 2023). However, this negative impact seems to be attenuated the more

drivers undergo elaborate and extensive practice of the system (Payre et al., 2016).
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2.5.1.3 Attention related states
Twenty (20) papers (6.41%) specifically looked at the development and effects of passive

and sleep induced fatigue as well as drowsiness. Both automation induced fatigue and
sleep related fatigue were found to have a negative effect on TOR performance (e.g., Hadi
et al., 2020; Kaduk et al., 2021). Passive supervision of automation with underload
conditions was found to induce fatigue after 15 min due to monotony (Hirsch et al., 2020).
Engaging in non-driving related tasks (NDTR), such as trivia games or phone
conversations, is found to be a good countermeasure for passive fatigue (e.g., Neubauer
et al., 2023). However, the efficacy of this countermeasure declined with age (Wu et al.,
2020). As for sleep induced fatigue, it was found to be mitigated by short relaxing or
sleeping periods (Feldhutter et al., 2019). Additionally, while it is different from fatigue,
sleep inertia, that is “the period of transitory hypovigilance, confusion, disorientation of
behavior and impaired cognitive and sensory-motor performance that immediately
follows awakening” (Ferrara & De Gennaro, 2000) also had a negative effect on takeover
performance and was associated with higher perceived criticality of the situation. Drivers
needed 60 s after waking up to reengage in driving (Worle et al., 2020), with lasting effects
that continued for at least 10 min (Worle et al., 2021). However, Schwarze and colleagues

found that short sleep durations do not reliably prevent sleep inertia (2023).

Sixty-three (63) papers (20.19%) investigated NDRT induced attentional states, 22 of
which looked at the presence of nondriving related tasks and their effect on takeover
performance. Among these 22 studies, results from 10 studies were inconclusive or
nonsignificant. The other 12 studies showed that engaging with a secondary task was
associated with lower rates of intervention and takeover when the automated system was
driving, regardless of the environmental conditions (Odachowska et al., 2021), lower
situation awareness (e.g., Pampel et al., 2019; Wulf et al., 2013), and slower and longer
response times in cases of takeovers (e.g., Salminen et al., 2019). This response time is
correlated with the immersion duration, i.e., the time driver gaze is continuously on the
target area defined by the NDRT (H. Li et al., 2022). The effect of engaging in NDRTs
varies across individuals which results in skewing the distribution of off-road glance

durations with extreme glance durations (S. Yang et al., 2021). On the other hand,
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engaging in NDRTs was found to counter the development of drivers’ drowsiness and

passive fatigue in particular cases (Wu et al., 2020).

Twenty-three (23) papers (7.37%) investigated differences related to the type of
interference that was generated by the NDRT, i.e., visual interference, cognitive
interference, and physical interference (e.g., Happee et al., 2017; J. Kim et al., 2018).
These studies also compared different natural NDRT. When comparing visual
interference to cognitive interference, visually distracted drivers had longer response
times (e.g., J. Kim et al., 2018). Cognitive interference from auditory-vocal NDRTSs, e.g.,
listening to instructions and responding verbally, was comparable to no-distraction
conditions in terms of takeover performance (Wandtner et al., 2018). Moreover, physical
interference from manual NDRTS, e.g., manually texting, had the worst effect on takeover
performance especially when the task device was handheld (Hoellander & Pfleging,
2018). Three (3) papers investigated the effect of flow states, i.e., states of high
engagement and absorption in a task, and the motivational appeal of the NDRT on
takeover performance with results showing that both were negatively associated with
takeover performance (e.g., Ko & Ji, 2018).

Twenty-seven (27) papers (8.65%) investigated the impact of workload induced primarily
by NDRTSs. Results concerning NDRT load are conflicting. Some studies showed that
takeover time and quality worsened significantly with cognitive load of NDRTs (e.g.,
Miller et al., 2021). While others showed that cognitive load induced by NDRTSs
decreased response times to, and the quality of takeovers. This can be explained by the
fact that they help drivers maintain alertness and counter passive fatigue. One study
showed that moderate workload conditions have better takeovers in terms of time and
quality, suggesting an inverted U-shaped relationship between workload and takeover

performance (Maggi et al., 2022a).

Twelve (12) papers (3.85%) investigated the effect of gaze related attributes on takeover
performance. Gaze location and duration when allocated towards the NDTR versus the
road was a strong predictor of takeover performance, specifically in terms of response

time and variability of speed (e.g., S. C. Lee et al., 2021). One study reported an inverse
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phenomenon of “steer where you look” where the gaze direction systematically biased the
steering behaviour in the opposite direction (Mole et al., 2019). Interestingly, evidence
suggests that gaze behaviour is a relatively stable factor overtime, i.e., an individual
specific habitual pattern of behaviour. A study categorizing gaze profiles in terms of
riskiness and maintaining situation awareness, showed that high risk profiles exhibited
responses that were late and more inappropriate than those of low risk & medium risk
profiles (Zeeb et al., 2015). Two additional papers looked at the effect of general visual
attention on takeover performance with results showing similar performance between
drivers not monitoring the vehicle and the road and drivers having their eyes closed prior
to takeover (B. Zhang et al., 2019).

Heart rate (HR) and skin conductance (SC) measures as antecedents of takeover
performance were investigated by six (6) studies (1.92%). Results show that HR
measures, SC level and SC response significantly correlate with the criticality of the
takeover situations as well as the response times to a TOR (X. Li et al., 2021). Two (2)
additional papers looked at the pre-takeover cognitive state as measured by EEG power
analysis providing support for the predictive validity of these states in terms of takeover
performance (Agrawal & Peeta, 2021a; Seet, Harvy, et al., 2022).

The physical state or posture prior to takeover was also a significant factor (e.g., Muto et
al., 2022). Differences between hands off-wheel and hands on-wheel as physical
anticipatory steering conditions were found. A higher takeover performance was
associated with the hand on-wheel condition (Johns et al., 2017). Additionally, the torso
angle, and the knee angle as physical states of the driver prior to takeover were
investigated. Results show significant differences when comparing (24° versus 38°) torso
angles, with more reclined drivers having worse takeover performance (Y. Yang et al.,
2018).

Eight (8) other studies (2.56%) investigated the effects of emotional states (Sanghavi et
al., 2023; Techer et al., 2019; Zieger et al., 2023), circadian phase (e.g., S. Kim et al.,
2023), alcohol blood concentration (Wiedemann et al., 2018) and physical exercise prior

to driving (Huang & Pitts, 2022b) on takeover performance. While anger was associated
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with riskier takeover performance, the evolution of emotional states and their effects on
automation supervision and takeover remain unclear. However, alcohol blood
concentration was associated with longer response time and impaired longitudinal and

lateral control (Wiedemann et al., 2018).

2.5.2 System related characteristics

2.5.2.1 Time budget
Forty-eight (48) papers (15.38%) investigated the effects of time budget or lead time

which represents the time between alerts sent to the driver and the moment of necessary
takeover. Results show that it is a main predictor of takeover performance. Longer lead
times are associated with higher takeover performance and lower perceived difficulty as
higher situation awareness (e.g., Hadi et al., 2020; B. Mok et al., 2017). Drivers
experiencing longer lead times show more nuanced steering and braking behavioural
responses including delaying their takeover actions and breaking earlier than the critical
event. As for the optimal lead time for a takeover, there are different results showing that
2 to 4 s time budgets are insufficient and too short compared to 5 s or higher (B. Mok et
al., 2017; B. K.-J. Mok et al., 2015). In terms of takeover performance, there does not
seem to be significant differences for times above 5 s. Other studies show that drivers
need 16 to 30 s to regain situation awareness (Tan & Zhang, 2021; Wan & Wu, 2018).

2.5.2.2 Alert modality
Twenty-four (34) papers (10.90%) looked at the effects of alert sensory modalities on

takeover performance. While a few papers found no differences between the modalities
of TOR, most studies support the superiority of multimodal alerts compared to unimodal
alerts in terms of takeover performance (e.g., Petermeijer et al., 2017). It is found that
trimodal alerts that encompass tactile/haptic, auditory, and visual components are
associated with faster response time, higher arousal, overall performance, as well as self-
reported usefulness and satisfaction (e.g., Huang & Pitts, 2022b, 2022a). Regarding
unimodal alerts, visual alerts yield the least arousal and attention responses compared to
tactile and audio alerts (e.g., J. W. Kim & Yang, 2020). However, for the effect on
behavioural response time, results show that tactile/haptic alerts are the faster than visual

and audio alerts. This points that tactile/haptic alerts are yield the best overall
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performances among the unimodal alerts (e.g., H. Kim et al., 2019). Interestingly,
specifically for auditory alerts, takeover behaviour improves with exposure. One study
investigated the inclusion of the olfactory modality in the takeover request trough a
peppermint odour (Tang et al., 2021). While the results showed no influence on response
time, this stimulus yielded more signs of alertness for drivers and better control post-
takeover in terms of longitudinal and lateral accelerations and overshoot. Three (3) studies
looked at augmented reality (AR) cues and their effects on takeover. Results show a
significant effect on visual attention, response time and crash rate, suggesting strong
potential for AR to prevent crashes in the event of malfunctions (e.g., Feierle et al., 2022).
Additionally, the use of Stereoscopic 3D (S3D) warnings yields higher takeover
performance (Weidner & Broll, 2022).

2.5.2.3 Situation awareness & Uncertainty information
Forty-four (44) papers (14.10%) looked at information presentation through the system to

increase the driver’s situation awareness and its effect on takeover performance.
Seventeen (17) of these records looked at the presentation of uncertainty related
information, including overall system’s reliability and upcoming system limitations such
as missing lane markings or construction sites, with results showing that providing
uncertainty information to drivers increases their situation awareness, helps calibrating
their trust in the system resulting in safer takeovers, and decreases the visual attention
allocated to the NDRT (e.g., Kunze et al., 2019; Rezvani et al., 2016). Twenty-one (21)
papers looked at the presentation of information that maintains situation awareness
beyond an uncertainty indicator. Results show an overall positive effect on takeover
performance, trust and appropriate NDRT engagement (e.g., H. Kim et al., 2019; Ou et
al., 2021). The effect of information about the reason for the takeover are moderated by
age. Six (6) papers investigated and provide evidence for the effectiveness of a stepwise
takeover with a monitoring request first then a takeover request to increase the situation
awareness prior to takeover (e.g., Walch et al., 2017). Additionally, two papers looked at
the effects of transparencys, i.e., the “extent to which the inner processes and decisions of
an automation are made accessible” (Taylor et al., 2023) on perceptions of the system as

well as takeover performance (e.g., Taylor et al., 2023).

75



2.5.2.4 NDRT & TOR interface
Eight (8) papers (2.56%) have looked at different characteristics linked to the human-

machine interface of the NDRT including its display position, and adaptability and
lockout, i.e., access restriction, during takeover requests. Results show that interrupting
NDRTSs regularly increases situation awareness and takeover performance especially for
low effort NDRTs (Koehn et al., 2019). When comparing the use of a haptic interface and
that of a touch keyboard, the former shows significant improvement regarding gaze
reaction, typing performance of the NDRT, and overall subjective ratings (Schartmueller,
Wintersberger, et al., 2019). Regarding the display of the HMI, heads-up displays are
shown to promote sequential multi-tasking and thereby reduce workload and improve
productivity even in comparison to auditory displays (Schartmueller, Weigl, et al., 2019).
Task lockout is associated with faster response time especially hands-on-wheel times
(Wandtner et al., 2018). One study looked at the difference between using a touchscreen
button and using a steering-wheel turn as a more natural interaction approach to takeover
control, and found evidence that the latter is associated with significantly lower number
of dangerous overtakes leading to accidents; and higher usability scores (Pichen et al.,
2023).

2.5.2.5 Information encoding
Eleven (11) papers (3.53%) have investigated information encoded through auditory,

visual, or haptic cues. Results show that haptic cues on the driver’s seat have a significant
effect on response times (Telpaz et al., 2017). However, while haptic cues on the steering
wheel at TOR impact workload, they have no effect on takeover performance (Borojeni
et al., 2017). When comparing dynamic patterns to static patterns, the former yield
significantly higher correct response rate and faster reaction times (Chu et al., 2020).
When compared to non-directional alerts, driver show faster response time for directional
alerts when these are compatible with the required avoidance direction (Cohen-Lazry et
al., 2019).

Regarding visual cues, conveying contextual information through ambient displays leads
to shorter reaction times and longer times to collision without increasing the workload

(Borojeni et al., 2016). Similarly, auditory cues that orient attention toward relevant
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information in the road scene during takeover requests are associated with lower collision
rates and better takeover performance (Q. Chen et al., 2023; Ma et al., 2023).

2.5.2.6 System’s auditory and visual characteristics
The effect of characteristics of vocal warnings and voice assistance was investigated by

sixteen (16) papers (5.13%). These characteristics include the perceived gender of the
voice, its level of assertiveness (Wong et al., 2019), verbal or nonverbal, the relevance of
the information provided, language, the functional specificity of different agents, and the
use of the driver’s personal name (Tobias et al., 2013). The presence of a voice assistant
to accompany the driver, when the automation is on, is found to have a positive effect on
alertness, situation awareness, and takeover success (e.g., Forster et al., 2017). The use of
a name cue as well as the assertiveness of the vocal warning result in better takeover
performance (Tobias et al., 2013; Wong et al., 2019). As for the perceived gender of the
voice, there are conflicting results for their effectiveness as a takeover warning. However,
drivers show negative attitudes towards their significant other voice as a takeover warning
(Y. Wang et al., 2022). Compared to other languages, using drivers' native languages
resulted in higher driving performance and situation awareness (Muhundan & Jeon,
2023). Lastly, functional specificity, that is using different voices for different
subsystems, does not seem to affect trust nor monitoring and driving behaviours
(Wintersberger, 2023).

The effects of the characteristics of visual warnings were investigated by four (4) papers.
When compared to dimming and stable visual cues, looming visual cues were found to be
more effective in enhancing perceived urgency and situation awareness, especially in
more complex driving situations (Park et al., 2024). El-Jouhri and colleagues investigated
the effect of colour on trust and TOR performance (2023). While they found no significant
differences in terms of colour, coloured themed with ambient light HMIs were perceived
as more trustworthy when compared to an auditory only HMI. Similarly, Pececnik and
colleagues found no differences in terms of driving performance, cognitive load, and
usability when comparing different sizes of display’s field of view, as long as it contains

enough information to help obtain and maintain enough situation awareness levels (2023).
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2.5.2.7 Takeover assistance & feedback

The effectiveness of takeover assistance and shared control was investigated by seventeen
(17) papers (5.45%). Results show that takeover assistance including haptic shared control
and gain tuning to torque improve vehicle stability and steering quality post takeover in
terms of lateral control (e.g., Maggi et al., 2022b; Saito et al., 2017). Positive effects on
trust and workload are observed in comparison to no assistance. However, these methods
bring risks related to the perception of external forces on the steering wheel as coming
from the system or external forces such as wind and road surface and can be perceived as
bothersome (Johns et al., 2018). Additionally, the effect of these assistive systems
dependent on whether the transition of control was initiated by the driver or by the

automated system (Maggi et al., 2020).

2.6 Discussion & conclusion

This review highlights the importance of individual characteristics for the supervision and
control of highly automated driving systems, as well as that of design elements for
maintaining a good quality interaction between drivers and highly automated driving
systems in terms of, among other things, situation awareness, and takeover quality.
However, studies linking both elements, i.e., systems that change according to drivers’
characteristics, are still scarce. Aiming to improve the interaction between drivers and
automated driving systems, we propose to extend the view of the relationship between
drivers’ individual characteristics and countermeasures, which include design elements,
and think about drivers’ individual characteristics in terms of effects on the interaction
quality between the drivers and the driving systems, their stability over time, and their

ability to change (figure 2. 2).
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Figure 2. 2 Individual characteristics adapted systems

interventions such as training. For example, trust, which is a stable and changeable
characteristic, can be calibrated—increased or decreased to ideal levels—through training
and practice. Countermeasures for characteristics that are permanent and stable over time
are customizations or personalizations of the automated system to match these
characteristics. An important example is age and its associated attentional abilities. As
shown in the results, older drivers interact differently with highly automated systems and
would therefore be better served with a more customizable system. Finally,
countermeasures for nonstable “dynamic” characteristics are adaptive systems. Examples
of these include haptic adaptations of steering torque as well as dynamic warnings issued

to drivers based on their level of fatigue.

Following this classification of individual characteristics, the summary of current
literature’s scope (Appendix) shows that is spans the three types of characteristics with a
focus on their effects on takeover behaviour. However, we observe a lack of interaction
and moderation effects between each of these types and systems characteristics.
Following the same classification, we synthesize important guidelines inferred from
current research to improve human automation shared control (Table 2. 1) as well as future

research directions (Table 2. 2).

Table 2. 1 presents the main design guidelines inferred from current research. When
examining these guidelines across the different types of individual characteristics, a
correspondence between different types and appropriate countermeasures becomes

apparent: 1) Personalized TOR warnings including their modalities and the time budgets
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to account for permanent individual differences, 2) Exposure, learning, and training
countermeasures to account for stable and changeable individual characteristics, and 3)

Use of adaptive systems that account for drivers’ states.

Table 2. 1 Main design guidelines

Type of individual Design guidelines

characteristics

» Personalizing warning modalities and modality characteristics (e.g.,
auditory loudness, auditory pitch, and tactile amplitude).

Accounting for takeover response time and quality differences in the

Permanent
Y

personalizing of takeover warnings

» Allow for exposure, and experience opportunities to prepare drivers for

% improved automated system driving use.
é’g » Prioritize learning trough training and specifically interactive trainings
ﬂ: that includes different takeover use cases.
ﬁ » Calibrate trust through learning, and exposure.
§ » Help drivers build appropriate mental models of the automated driving
systems.
» Avoiding cognitive underload and NDRT overload when automation is
controlling the vehicle.
» Maintaining moderate cognitive load levels through non-visual stimuli.
» Maintaining good dispositional alertness states (e.g., sleep related,
alcohol blood levels).
é » Physical readiness is an important factor, e.g., physical state while
g supervising automation.

» Using multimodal alerts to bring drivers back in the loop with a
prioritisation of haptic stimuli and general avoidance of visual stimuli.

» Maintaining the driver’s situation awareness trough external and internal
information communication and pre-warnings.

» Use driver’s states as input for more adaptive systems.
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However, regarding the last type, the literature provides deeper insights into which factors
are important to manage, including situation awareness, cognitive load, dispositional
alertness, and physical readiness. Furthermore, clear guidelines can be derived regarding
the use of multimodal alerts to bring drivers back in the loop, prioritising haptic stimuli
and generally avoiding visual stimuli, and maintaining appropriate levels of situation

awareness trough external and internal information communication and pre-warnings.

Looking at current research and its scope, we propose different avenues for future research
(Table 2. 2) which will further our understanding of this phenomenon and improve our

design of the driver automated system’ interaction.

For permanent individual characteristics, we propose expanding beyond TOR warning
modalities as system-related characteristics. For example, look at durations of automated
system use and those of monitoring and how these factors moderate the effects of
permanent characteristics on takeover behaviours. Similarly, we propose broadening the
scope of investigated permanent individual characteristics to further explore permanent

attentional conditions.

For stable and changeable characteristics, we propose further investigation into different
awareness, learning, and training interventions, the conceptualization and measurement
of driver’s mental models that account for their expectations of the automated system’s
performance, and further investigation of the effects of habitual patterns including visual
patterns.

Regarding dynamic individual characteristics, we propose to correlate neurophysiological
states with less invasive and intrusive measures such as gaze, pupillometry, and posture
to enable easier adoption of adaptive systems, to further investigate emotional states as
driving factors for takeover behaviour, and lastly, look at the long-term effect of different

design features.
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Table 2. 2 Future research directions

Type of Future research directions
individual
characteristics
» Enlarge the scope of personalization of system design features beyond

= warning modalities.
g
£ » Explore more attentional conditions (e.g., attention distractibility, and other
(]
~ clinical and nonclinical personality traits).

» Investigate the effect of different awareness, training, and education
% interventions on the use of automated driving systems.
<
o]
%D » Evaluate drivers’ mental models to include expectations of the systems
<=
© performance.
3
2 ) . . . .
< » Explore more habitual patterns including visual attention and other
N .

behavioural patterns

» Correlate neurophysiological states with states such as gaze and
o pupillometry to enable less invasive adaptive systems.
=
é » Explore additional emotion related states.
A

» Look at the long-term effects of design features

Another limitation of the literature includes the fact that most studies are done in a

simulated environment. As such, future research should explore more naturalistic designs

such as data collection in test-tracks and on public roads. Furthermore, we call on

researchers to investigate the effects of existing and upcoming legislation regarding

automated driving systems on drivers at both perceptual and behavioural levels.

The main contributions of this paper are: 1) It outlines the scope of current research and

its main results regarding the individual attentional and cognitive factors, and the

82



mechanisms and design elements that affect the performance of resumption of control. 2)
it provides key design guidelines to improve the interaction between drivers and highly
automated driving systems, and 3) It highlights important avenues for future research that

holistically considers these two types of factors.
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2.8 Appendix

Table 2. 3 Scope of current research

Type of individual

Scope of current research

characteristics

Permanent

Stable & changeable

>

How do age, experience, and gender affect the use of automated driving
systems?

How do these characteristics moderate the effects of some system features
(e.g., warning modalities and modality characteristics), as well as system
perceptions (e.g., trust in the system)?

How do personality traits and attentional conditions affect the use of
automated driving systems, including executive attention, neurocognitive
traits, and preclinical Alzheimer?

How general driving experience and exposure as well as that specific to the
automated driving system affect the use of automated driving systems?
How does knowledge about the system and the acquired mental models
affect the use of automated driving systems?

How do habits and habitual gaze patterns affect takeover behaviour?

How do resulting perceptions about the system including trust and usability

affect the use of automated driving systems?
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Dynamic

How does passive fatigue, and sleep induced fatigue and inertia affect
takeover behaviour?

How do NDTR induced attentional states, such as distracted states, type of
interference and workload affect takeover behaviour?

How does visual attention, i.e., gaze attributes such as location and duration
affect takeover behaviour?

How can we study physical readiness, e.g., physical posture prior to control
transfers, physical exercise, and its effect on takeover behaviour?

How do neurophysiological signals such as HR, SC, EEG affect takeover
behaviour?

How does emotion specifically anger affect takeover behaviour?

How do circadian phases affect takeover behaviour?
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3 Chapter 3: Al Supervision and Vehicle Takeover,
Sustained Vigilance and Learned Complacency: A
laboratory study?

3.1 Abstract

This study investigates the change in drivers’ expectancy to engage following a
monitoring request (MR) alert during an automated driving task. Using functional near-
infrared spectroscopy (fNIRS), eye-tracking, and behavioral measures in a medium-
fidelity driving simulator, we monitored participants' cognitive engagement and visual
attention throughout a driving task to determine the effect of MRs at various time intervals
on participants' cognitive engagement, visual attention and performance of the “take-over
task.” Compared to purely passive and longer MRs, we found that shorter MRs followed
by take-over requests (TOR) help maintain higher cognitive engagement levels in
subsequent MRs. Our results show that compared to longer passive monitoring requests,
shorter monitoring requests followed by TORs are associated with higher engagement
over time, visual attention and shorter takeover times. These results are discussed
alongside their implications for the design of the interaction of drivers with partial and

conditional automation in vehicles.

2 Dr. Sylvain Sénécal, Dr. Nicolas Saunier, Dr. Alexander Karran, and Dr. Philippe Doyon-Poulin were involved
in early stages of conceptualisation and contributed to manuscript revisions



3.2 Introduction

Beyond human agency, we are slowly coming to grasp information system’s (IS) agency,
a characteristic of the new generation of IS artifacts, i.e., artificial intelligence agents that
are able “to accept rights and responsibilities for ambiguous tasks and outcomes under
uncertainty and to decide and act autonomously” (Baird & Maruping, 2021). In the
context of highly automated vehicles, the subtasks of the driving task are being steadily
automated and delegated to an Al agent. According to the SAE’s taxonomy of driving
automation systems for on-road vehicles (SAE, 2014), there are six (6) levels of driving
automation with partial automation of the driving task starting at level 2 and full

automation at level 5.

The emerging new role of the driver, from an active driver to a fallback operator, and its
underlying issues is increasingly important to investigate with the commercial
introduction of level 3 automated vehicles (MacKenzie, 2022), which can, under limited
conditions, completely take over the driving task from the driver. The main underlying
issue is that this fallback operator needs to maintain a high enough level of situation
awareness and be ready to take over the control when needed. Whether it is following a
system alert to resume the control “takeover request” (TOR) or pre-emptively when the

driving conditions are not ideal for automated system to operate.

However, there are several issues with the safe adoption of high-level automated driving
systems today. Among these issues, we focus on over-trust and automation complacency
as two inhibitors of safe adoption and for maintaining high levels of situation awareness
when control is given to the automated system. Moreover, drivers adopt unsafe behavior
when partial or conditional automation is engaged. For example, these users think that
their monitoring role is unnecessary and engage in non-driving related tasks (NDRT),
such as operating infotainment systems, communications tasks, and looking at the scenery
away from the road, even though this goes against the manufacturers' prescriptive

instructions and the stipulation of the regulations for safe driving (Lee & Hess, 2020).

When drivers experience passive monitoring sequences “asked to monitor the driving

systems for an amount of time”, their attention and engagement in this supervisory task
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decreases over time and is unlikely to be sustained extended periods of time according to
adaptive gain theory (Aston-Jones & Cohen, 2005). Additionally, their attention and
engagement this passive supervisory task decreases over repetitive monitoring sequences
due to learned automation complacency (Parasuraman & Manzey, 2010). To overcome
this decrement in attention and engagement in monitoring automated driving systems, we
propose build an expectancy to actively engage in the driving task following monitoring
sequences through shortening the monitoring sequences and associating TOR following

these monitoring sequences.

From a human computer interaction (HCI) perspective, this study investigates the
mechanism of the expectancy to engage in the task of driving after a monitoring warning.
To do so, an experimental study was conducted in a driver simulator manipulating the
monitoring request duration as well as the association of monitoring sequences with active
engagement with the primary task of driving. In addition, it also measures the impact on
the level of attention in following monitoring requests as well as the performance of

takeover of control.

3.3 Theoretical background

While these phenomena are new in the context of driving and highly automated vehicles,
they include a well-documented problem in human autonomy systems known as
automation complacency (Singh et al., 1993). Different definitions for “automation
complacency” exist. It commonly includes three characteristics: 1) the involvement of the
human monitoring of an automated system, 2) the frequency of the monitoring is
suboptimal and lower than the standard value, and 3) this suboptimal monitoring impacts
the system’s performance including malfunctions, missed failure or delayed response

from the human (Parasuraman & Manzey, 2010).

Parasuraman and Manzey’s model of automation complacency and bias (Parasuraman &
Manzey, 2010) proposes both positive and negative feedback loops that respectively
reinforce or reduce the complacency potential of the individual supervising the
automation (Figure 3. 1). The more exposure the user has to the automation behaving

normally, the longer he is in the positive feedback loop of the “learned carelessness” and
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their complacency potential increases, resulting in a lower situation awareness (SA) while
monitoring the automation. The negative feedback loop, on the other hand, is triggered
when the user experiences a performance consequence following an automation failure.
That would reduce their automation complacency and thus increase their SA while

monitoring the automation.

Negative Feedback
Loop

Performance
e Consequences:
Errors of Omission
Errors of Commission

Attentional Bias
in Information
Processing

= | “Complacency
o Potential”

No Performance
Consequences

Positive Feedback Loop
“Learned Carelessness”

Figure 3. 1 Model of automation complacency and bias (source: Parasuraman and Manzey 2010)

When humans are tasked to supervise an Al, two important psychophysiological
phenomena are likely to negatively impact the individual's engagement in this monitoring.
The first is the natural decrease in attention oriented towards a primary task as time passes.
According to the adaptive gain theory (Aston-Jones & Cohen, 2005), human attention on
a primary task is unlikely to be sustained for extended periods of time, and individuals
will tend to shift their attention in an exploratory manner to unrelated stimuli as time goes
by. The second is the learned complacency described in Parasuraman and Manzey’s
model of automation complacency and bias. It is built when the human is repeatedly
notified that they need to increase their engagement in the task because of the low
reliability of the system, with no errors occurring and no need for them to engage in the
task actively. This learned complacency is due to multiple mechanisms, including 1)
habituation (e.g., Rankin et al., 2009), 2) habit formation and 3) reinforcement learning
based on the discrepancy between the expected outcome and the actual outcome (i.e.,

reward prediction error).
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While previous guidelines for designing effective human autonomy systems prescribe the
importance of keeping the human in control and in the loop (Endsley, 2017), continuously
monitoring the automated system builds automation complacency in addition to
experiencing vigilance decrements that lead to a loss of situation awareness (Endsley,
2017), especially in the context of highly automated vehicles. To overcome this, we first
propose to reconceptualize the current structure for the collaboration between the human
and the Al to perform the task (Figure 3. 2).

Human operator control of Current
Al Agent control of the task / / the task representation

Al Agent control of AL Human operator Proposed
under human

the task . control of the task representation
supervision

Al agent reliability™' = f (uncertainty + complexity + change + &)

Figure 3. 2 Modes of operation of human-Al teaming.

Currently, depending on the Al agent’s reliability in performing the task, the control of
the task is either done by the Al agent or by the human operator. In the context of highly
automated vehicles at SAE level 3 or above, if the conditions allow for high reliability of
the performance of the Al agent, it takes control of the vehicle. At the same time, the
human is responsible for constantly monitoring the driving conditions and the vehicle in
case he needs to take control. On the other hand, if the conditions do not allow for the Al

agent to perform reliably, the control of the vehicle is given to the driver.

In contrast to this view of the operational modes of human-Al collaboration, we propose
the separation of the current mode of Al Agent controlling the task into two different
modes where the Al is in control of the task but where the need for supervision by the
human is different. In the first mode, where the Al Agent shows the highest reliability,
the control of the task is given to the Al agent, and there is no need for monitoring by the
human operator. The second domain has lower Al reliability, and while the control is still
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given to the Al agent, there is now a need for supervision by the human operator. For
example, in the context of highly automated vehicles, the first domain of operation
represents contexts where the Al system can operate the vehicle in complete safety. These
contexts can be stretches of roads with very low traffic and perfect visibility. The second
domain can represent any different context where visibility is low, and traffic is complex
and dense. In this context, while the automated system can drive, the need to supervise

closely the system becomes very important.

The separation of this domain into two domains of operation reduces the driver's exposure
to monitoring requests where the automated system behaves perfectly and there is no need
for active engagement in the task. This should reduce the positive reinforcement loop that

builds automation complacency.

In the context of autonomous vehicles, the concept of reliability of the system has been
investigated in the form of uncertainty representation (Ekman et al., 2018; Helldin et al.,
2013), system status (Feierle et al., 2020), or functional system boundaries that depend on
the attributes of each of the environment, the traffic, the environmental conditions, the
state of the ego vehicle, and the passengers (Wittmann, 2015). The presence of this
uncertainty information shows an increase in takeover time, more time spent on non-
driving related tasks and better trust calibration (Helldin et al., 2013). While some studies
started to look at the problem of high uncertainty or low reliability of the Al agent in
Autonomous vehicles, the role of the human is still unclear, and the evolution of the

attentional capabilities over time is still to be investigated.

To answer our research question, we compare different sequences of monitoring.
Comparing purely monitoring versus monitoring associated with active engagement with
the driving task, and short monitoring versus long monitoring. While comparing these,
we look at the effect on the vigilance while monitoring the Al system, and the driver-

initiated takeover of control. We aim to test the following hypotheses:

- H1: Compared to longer sequences of pure passive monitoring, shorter monitoring
sequences followed by instances of takeover will lead to higher vigilance (and SA)

in subsequent monitoring.
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- H2: Compared to longer sequences of pure passive monitoring, shorter monitoring
sequences followed by instances of takeover will lead to higher takeover
performance in subsequent takeover requests.

- H3: Compared to longer sequences of pure passive monitoring, shorter monitoring
sequences followed by instances of takeover will lead to higher on-road visual

attention in subsequent monitoring.

3.4 Methodology

The data collection for this study was done in accordance with the institutional guidelines

and with the approval of the institutional ethics committee (2020-3621).

3.4.1 Apparatus and instruments

The experiment relies on the open-source driving simulator CARLA (Dosovitskiy et al.,
2017) run on a 49-inch curved Samsung CHG90 QLED Gaming Monitor (Samsung,
Suwon, South Korea) (Figure 3.3). Telemetry data from the software was collected in real
time with a 120 Hz sampling rate. The in-vehicle infotainment system (IVIS) was
simulated through Apple CarPlay (Cupertino, United States) that was run on a 9-inch
screen tablet placed at the right of the steering wheel (Figure 3. 3). The synchronization
of the FNIRS data, the eye tracking data and the simulator software data was done through
the Lab Streaming layer (LSL, (Kothe et al., 2014)). The setup featured a Smart Eye Pro
eye-tracker (Smart Eye AB, Gothenburg, Sweden) with two cameras at the bottom right

and left corners of the screen.
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Figure 3. 3 Experimental setup: Driving simulator with VIS and eye-tracker

To test our hypotheses, we propose a between subjects’ experimental design,
manipulating both the length the monitoring requests (short = 30 s vs long = 120 s) and
the presence of active engagement associated with the monitoring requests in the form of
takeover requests (TOR) (associated TOR vs no TOR associated). Resulting in two
conditions (short monitoring requests with associated with TOR and long monitoring

requests without an associated TOR).
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Figure 3. 4 Experimental design

To measure both the level of vigilance and the frequency of driver initiated takeover
behavior we design two blocks (Figure 3. 4). The first block allows us to manipulate both
the length of the monitoring requests, and the presence of active engagement associated
with the monitoring requests in the form of takeover requests. At the end of block 1, the
two groups experienced a planned TOR at the end of the trip. This first block allows us to
measure the vigilance during subsequent monitoring requests, and the performance for a
planned takeover that we could compare for two groups thus allowing us to test
hypotheses H1 and H2. The second block allows for the measurement of the visual
attention two different driving contexts (low engagement with a non-driving related task),
allowing us to test hypothesis H3.
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3.4.2 Participants and experimental scenario

Thirty (30) participants aged M = 28.6 years, SD=7.8 years were tasked to test a new
self-driving agent that has not been launched commercially and that uses a new algorithm
to process the different radar and camera inputs, their instructed role was to help us
evaluate the performance of this Al agent by monitoring the state of the road and vehicle
and be ready to take over the control only when asked to do so in the first block and
whenever they feel it is necessary in the second block. Additional compensation for the
participants is performance based. Each participant starts with a set number of merit points
and loses points as they do a traffic violation or accident whether they are in control of
the vehicle or not. Prior to block 2, where we measure the driver-initiated takeover of
control, at the end of block 1, all participants experience a road accident while the vehicle
is controlled by the Al agent.

3.4.3 Measures

For the first block of the experimental design, FNIRS recording was done through a
NIRSport device (Nirx Medical Technologies) with 8 sources and 8 detectors, with two
wavelengths at 760 and 850 nm and a sampling rate of 7.8 Hz, resulting in 40 channels.

The optodes placement is shown in figure 3. 5.

Figure 3. 5 FNIRS Montage

FNIRS data was analysed through MNE-Python software package. The overall analysis
pipeline started with extracting eight epochs for each participant corresponding to each
monitoring request received during the 1% block.
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Raw data was then transformed into optical densities (OD) using temporal derivative
distribution repair (TDDR) for motion correction and artifact removal (Fishburn et al.,
2019) with channel selection based on the scalp coupling index, SCI (Pollonini et al.,
2014). Then, using Beer lambert law, od data was transformed, to oxyhemoglobin [HbO]
and deoxy hemoglobin [HbR] concentration variations. Additionally, a negative
correlation was applied to the signal to further improve signal quality and reduce noise
induced by head motion (Cui et al., 2010).

To quantify the level of vigilance during these supervision sequences, we used FNIRS

connectivity measures (e.g., Dehais et al., 2018; Verdiére et al., 2018; Xu et al., 2017).

Specifically, we used the Spectral Coherence connectivity, that is for a specific frequency,
the estimated cross-spectral density of tow signals x and y divided by the square root of
the product of their auto-spectral densities, with values from 0 to 1:

B | E[Sxy] |
~ sqrt(E[Sxx] * E[Syy])

The coherence was computed for 3 frequency bands 1V1= [0.077, 0.145], representing
myogenic component of the signal, 1V2 = [0.145, 0.6], representing the respiratory
component, and 13 = [0.6, 2], representing the cardiac component of the signal, along
the [HbO] signals for each couple of channels (Shiogai et al., 2010). These coherence

values across channels were then averaged per epoch for one unique index.

Additionally, the takeover response time was measured for each participant after the
planned takeover at the end of block 1 (figure 4). On the second block of the experiment,
we capture visual attention using eye-tracking, measuring 1) the rate of gaze fixation on
the road during the monitoring segments and 2) the difference of on-road gaze fixation
rate between monitoring segments and segments of no monitoring nor driving, that is the
increase of visual attention occurring when participants experience monitoring requests

in comparison to when the are free to not monitor the driving system.
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At the beginning of the experiment, we used a questionnaire to measure participants’ age,
driving patterns and trust toward the vehicle. Similarly, at the end of the experiment, we

measured the self reported workload trough the NASA-TLX measurement (Hart, 1988).

3.5 Results

3.5.1 FNIRS connectivity

Regarding the connectivity index, there is a significant difference between the two
monitoring conditions (figure 3. 6 and table 3. 1). Contrast analysis shows an estimated
difference, between the group with longer monitoring time and no associated takeovers
and that of shorter monitoring times and associated takeovers, of -4.2% (95% CI = [0.9%;

7.5%]) with a p-value of .012, providing support for H1.
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Figure 3. 6 Estimated marginal means of connectivity index across conditions

Table 3. 1 Summary of ANOVA results — connectivity index

F-value Generalized eta-squared p-value

Monitoring condition  6.45 0.03 0.012
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When looking at the change of the index over time, there are some differences between
the two groups especially when looking at slope of the last three (3) out of 8 exposures to
a monitoring request. That is after the participants have habituated to the signal and the
expectancy of engaging or not in the task of driving after they experience a monitoring
request is learned. Comparing this slope of the last three experienced monitoring requests
across the two groups shows a significant difference (Figure 3. 7). The contrast analysis
shows a difference of 7.0% (95% Cl=[ 2.2%; 11.7%]) and a p value of 0.7%. this provides
support for H1.

Connectivity change

-0.05-

Supervision Request

Figure 3. 7 Slope of connectivity index across last 3 monitoring requests

Additionally, when looking at the estimated means of the slope of connectivity for the last
three monitoring requests, we find that the slope for the group with longer monitoring
time and no associated takeovers is negative and that of shorter monitoring times and
associated takeovers is positive.

3.5.2 Takeover time

ANOVA results for takeover response time show a significant difference between the
long passive monitoring and the short monitoring with TOR conditions (figure 3. 8 and
table 3. 2). While participants in the long passive monitoring condition had an estimated
mean response time of 4.2 s, those in the short monitoring with TOR condition had an

estimated mean response time of 2.5 s. Contrast analysis shows an estimated difference
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of 1.68 s (95% CI =[0.11; 3.25]) with a p-value of .019. This provides support for our H2
hypothesis stating that compared to longer sequences of pure passive monitoring, shorter
monitoring sequences followed by instances of takeover will lead to higher takeover
performance in subsequent takeover requests. The extent to which participant drive in

urban dense areas is the only statistically significant covariate.
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Figure 3. 8 Estimated marginal means of takeover time across conditions

Table 3. 2 Summary of ANOVA results — Takeover time

F-value Generalized eta-squared p-value

Monitoring condition  4.92 15 .038
Self-trust 2.59 .09 123
Urban-dense driving 4.50 16 .046

3.5.3 Visual attention

Results for RMANOVA of the “On road fixations” shows differences between the two
monitoring conditions, with an additional significant difference related to the availability
of a secondary task (figure 3. 9 and table 3. 3). Participants in the long passive monitoring
condition had an estimated marginal mean on-road fixation rate during monitoring of

63.9% and those in the short monitoring with TOR condition had an estimated marginal
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mean of 73.3%. Contrast analysis shows an estimated difference of 9.38% (95% CI =
[0.01; 0.18]) with a p-value of .037. this provides support for our H3 hypothesis stating
that compared to longer sequences of pure passive monitoring, shorter monitoring
sequences followed by instances of takeover will lead to higher on-road visual attention

in subsequent monitoring.

Additionally, the presence of a secondary task (NDRT) was found to have a significant
effect on on-road fixations during monitoring requests (figure 3. 9 and table 3. 3). Contrast
analysis shows that the presence of a secondary task decreases the attention that is oriented
towards the road during monitoring requests by 19% (CI = [-.277; -.098]) from an
estimated average of 78.0% to 59.3%. Driving frequency is the only statistically

significant covariate.
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Figure 3. 9 On-road fixation rate during monitoring request
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Table 3. 3 Summary of ANOVA results — monitoring on-road fixation rate

Effect F-value Generalized eta-squared p-value
Monitoring condition  3.52 0.07 0.075
Driving frequency 7.30 0.16 0.013
NDRT condition 4.59 0.07 0.044
Monitoring * NDRT 0.56 0.01 0.464

When we look at the second variable relating to visual attention, that is the difference of
on-road gaze fixation rate between monitoring segments and segments of no monitoring
nor driving, we find a significant effect of the exposure to secondary tasks (figure 3. 10
and table 3. 5). When they had access to the secondary task, participants showed
monitoring requests increased on-road fixation rate by 24.9% in comparison to a decrease
of 3.7% when they did not have access to the secondary task. Contrast analysis shows an
estimated difference of 28.6% (95% CI = [.19; .38]) with a p-value < .0001. When we
compare the increase in on-road fixation rate between monitoring conditions across both
conditions of exposure to the secondary task, we find no statistically significant difference
between monitoring conditions when participants are exposed to the secondary task.
However, when participants are not exposed to the secondary task, there is a 5.47% (95%
CI =[-0.007, 0.117]) difference between participant that experienced longer sequences of
pure passive monitoring compared to those who experienced shorter monitoring
sequences followed by instances of takeover in block 1, with a p-value of .071. Self-trust

is the only statistically significant covariate.
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Figure 3. 10 Difference of on-road fixation rate between monitoring request and no monitoring

Table 3. 4 Summary of ANOVA results — monitoring difference of on-road fixation rate

Effect F-value Generalized eta-squared p-value
Monitoring condition  0.70 0.01 0.414
Self-trust 14.67 0.23 <.001
NDRT condition 11.30 0.17 0.003
Monitoring * NDRT 0.13 <.01 0.718

3.5.4 NASA-TLX

ANOVA analysis of NASA-TLX showed no significant differences between the

monitoring conditions in all the measured items (Figure 3. 11).
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Figure 3. 11 NASA-TLX

3.6 Discussion and conclusion

The results provide show significant differences of FNIRS connectivity index between
the two monitoring conditions providing support for our hypothesis (H1) stating that
compared to longer passive monitoring, shorter monitoring followed by instances of
takeover will lead to higher vigilance (and SA) in subsequent monitoring. Additionally,
the slope of the connectivity, especially in the later monitoring requests, shows a
difference between these two monitoring designs. On the one hand, longer passive
monitoring requests lead to decreased engagement over time which can be explained by
a lower expectation to engage with the task of driving over time. On the other hand, shorter
monitoring requests followed by TOR lead to increased engagement over time which is
explained by the higher expectation to engage with the task of driving over time following

a monitoring request.

Regarding the behaviour of takeover, the results show significant differences between the
two monitoring conditions in terms of response time to the takeover request, providing
support for our hypothesis (H2) stating that compared to longer passive monitoring,
shorter monitoring followed by instances of takeover will lead to higher takeover
performance in subsequent takeover requests. These results show that the effect of drivers’
learned expectation to takeover after monitoring requests extent beyond monitoring
request specifically and leading higher engagement and quicker behavioral response to

other alerts from the automated driving system.
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Regarding visual attention, the results show significant differences between the two
monitoring conditions in terms of on-road fixations during monitoring requests. This
provides support for our hypothesis (H3) stating that compared to longer passive
monitoring, shorter monitoring followed by instances of takeover will lead to higher on-
road visual attention in subsequent monitoring. Additionally, when looking at the effect
of secondary task, we see a significant differences where drivers performing non-driving
related tasks will orient their attention less towards the road when they experience
monitoring requests when compared to those who are not using them. However, to further
understand effect of non-driving related tasks exposure, the results from the gain of on-
road attention allocation during monitoring requests compared to a baseline of no
monitoring nor driving shows us significant differences between exposure to NDRTs and
no exposure to NDRTSs. This indicates that while monitoring requests in general are
negatively affected by the exposure to NDRTs in terms of overall on-road allocated visual
attention, their effectiveness is stronger in terms of the marginal gain of attention on-road

allocated visual attention.

The first contribution of this study pertains to further understanding the automation
complacency phenomenon and its effect and evolution over time in the context of driving
and supervising automated driving systems. The second contribution is the design of an
interaction between drivers and automated driving systems that accounts for the loss of
engagement over time due to automation complacency. The third contribution is the
understanding of the role played by the state of the driver when he is not driving nor

supervising the automated driving system.

To further understand the effect of automation complacency in the use and monitoring of
automated driving systems, this study provides evidence for a neurophysiological effect
associated with purely passive monitoring requests on engagement as measured by FNIRS
connectivity measures, a behavioral effect on response time, as well as an effect on visual
attention in subsequent monitoring requests. This decrease in engagement happens over
time and carries over to future use of the automated driving system as seen in the second
block of the experiment where participants were asked to freely use the system and were

all exposed to similar monitoring requests.
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In terms of designing an interaction between the automated driving systems and the
drivers, the results highlight the importance of considering the length and the association
of active engagement with monitoring requests that are due to external uncertainty.
Reducing the length of minoring request and associating these with active engagement in
the form of talking over the task of driving builds an expectancy to engage in the task
after a monitoring request that goes beyond the attenuation of habituation and increases
the level of engagement overtime. This further theoretically contributes to the model of
automation complacency by providing levers to mitigate learned complacency.
Specifically, it emphasises designing an explicit operational domain where automation
can operate without human monitoring, when possible, as well as avoiding prolonged
purely passive monitoring of automation and shift it towards shorter monitoring

associated with some form of active engagement in the automated tasks.

The exposure to non-driving related tasks has a significant effect on drivers’ responses to
monitoring requests. Specifically, this study provides evidence for a negative effect on
visual attention allocated to the monitoring requests, that is, when drivers are allowed to
perform visually engaging NDRTS, we can expect a deterioration in the visual attention
they orient to the road when they are asked to monitor by the system. However, if we
allow drivers to engage in NDRTSs, monitoring requests provide a very effective
countermeasure to reorient their attention to the road even if it is suboptimal and less than
when they do not engage in NDRTS.

Moreover, we found different statistically significant control variables relating to the
experience, attitudes and knowledge of drivers. Specifically, we find the extent to which
drivers drive in highly dense urban area, their frequency of driving and the extent to which
they trust their capacity to resume control if needed are important factors that affect their
response to monitoring requests. This highlights the role of individual differences in terms

of knowledge, experience and attitudes relating to automated driving.

This study has multiple limitations including the simulated experimental environment that
can reduce the ecological validity of the results. Additionally, while looking at a design

solution that accounts for the length of monitoring requests and the association of a
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takeover request that follows, we are looking at the effect of time and that of the
association of active takeover following a monitoring request. As such it is important to
disentangle both and look at each effect separately. Another limitation concerns the short
relatively term length learning experienced by drivers during this study. While we can
reasonably assume that this effect can only be exacerbated over the long term, we don’t
have evidence for that, and we call for future research —whether conducted in a lab setting
or on the road—to investigate the longitudinal differences in the use of systems with
prolonged passive monitoring warnings compared to systems with shorter monitoring
warnings that are associated with takeover requests. Another research avenue from our
results is the individual characteristics and differences and how to account for these while

designing better and safer interactions between drivers and automated driving systems.
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4 Chapter 4: Trust and Use of Highly Automated Driving
Systems?®

4.1 Abstract

The role of highly automated vehicle drivers is changing, as they delegate control to the
automated driving system under certain conditions and become fallback operators of this
system. This new role requires drivers to keep a high enough level of attention and
vigilance to monitor the system and the driving context, as well as fully understand the
system’s limitations and reliability in different driving environments. Therefore, the
perceptions of both the drivers and the automated system’s roles, as well as their
behavioral impacts, should be investigated. Specifically, this paper looks at the effects of
trust, situation awareness, sense of agency, and secondary task engagement on the use
level of highly automated driving (HADS) systems under risky conditions. Using a survey
methodology with a final sample of 1665 HADS users, results indicate that Trust and
Secondary task engagement increase HADS use in risky conditions, and Sense of agency
decreases HADS use under low alertness conditions. Additionally, Trust has a positive
effect on the driver’s perceived situation awareness, contrary to prior research on situation

awareness.

Keywords: Automated driving; Trust, Situation awareness, Driving safety
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4.2 Introduction

Artificial intelligence (Al)-enabled automation is increasingly ubiquitous in workplaces
and consumer products. Specifically in the context of mobility, driving tasks are steadily
automated and delegated to Al agents to attain higher driving automation levels.
According to the SAE’s taxonomy of driving automation systems for on-road vehicles
(SAE, 2014), there are six levels of driving automation, with partial automation of driving
tasks starting at Level 2 and full automation at Level 5. While automated vehicles up to
Level 2 have been widely commercialized and used, they do not radically change the roles
and responsibilities of the driver. As we are seeing the commercial introduction of Level
3 automated vehicles (MacKenzie, 2022), these vehicles with conditional driving
automation can, under limited conditions, completely take over the driving task from the
driver. With active control of the vehicle shifting from the driver to the HAD system, the

driver's role becomes that of a supervisor and a fallback operator.

Therefore, drivers using these systems need to be ready to take over control whenever the
reliability of the automated driving system is reduced. The driver role when the automated
system is in control of the driving task is to be a fallback operator ready to resume the
driving task whenever the HAD system can no longer ensure the vehicle’s safe operation.
Consequently, drivers of partially automated vehicles need to keep a high enough level of
vigilance to monitor the system and the driving context. They also need to be aware of
the system’s limitations and reliability depending on different contextual driving

conditions, e.g., the road and signage quality and visibility conditions.

The US National Highway Traffic Safety Administration (NHTSA) historical data about
Level 2 HAD systems crash reports from July 2021 to December 2023 highlights the
critical role of contextual driving conditions in understanding the limitations of HAD
systems. Among the 2321 reported crashes, 71% occurred in non-clear weather
conditions. Within this subset, 17% were reported during cloudy weather, and 12% during
rainy conditions (Standing General Order on Crash Reporting | NHTSA, 2024). As such,
it is critical to understand drivers’ behavior of risky use of HADS and the factors that
affect this behavior. While the current literature has focused primarily on predicting and

explaining the acceptance of HAD systems (e.g., Liu et al., 2019; Zhang et al., 2020), as
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well as the behavior of takeover itself (e.g., Zeeb et al., 2015), our understanding of both

the conditions under which drivers use these systems and why remains unclear.

This study investigates how drivers engage in risky use of HADS under conditions of low
attention and high external uncertainty of the driving environment. Specifically, it
examines how this behavior is impacted by: 1) the level of Trust in the automated driving
system, 2) the sense of agencyi, i.e., the subjective feeling of controlling one's own actions,
and, through them, external events; 3) Situation awareness, i.e., the perception of
environmental elements and events with respect to time or space, the comprehension of
their meaning, and the projection of their future status, as well as 4) the level of NDRT
engagement, i.e., the level of performing secondary task unrelated to driving by the driver

while the automation is partially or fully in control of driving.

The main contributions of this study are 1) understanding the effect of trust on HADS use,
especially under risky conditions, due to drivers' overestimation of systems capabilities
and their operational limitations, 2) understanding the influence of trust and sense of
agency on driver’s understanding and enactment of their role as a secondary operator and
supervisor of HADSs and 3) the association between NDRTs engagement and HADS use

under risky conditions.

4.3 Literature and hypotheses development

We conceptualise the safety of driving with highly automated driving systems or, more
specifically, risky HADS use based on two contextual factors: 1) the level of alertness and
readiness to take over, and 2) the level of system reliability and the proximity to its
operational limitations. Considering each as a different variable, we term “Low attention
HADS use” as the extent to which drivers use HADS under conditions where their levels
of alertness and readiness to takeover are impaired, and “External uncertainty HADS use”
as the extent to which drivers use HADS under conditions of high uncertainty and that are
close to their operational limitations. As it will be described after, our focus and measures
are about the patterns of actual use of these HAD systems in contrast to their intended and

future uses by drivers.
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4.3.1 Trust and Al automation

The level of trust in HADS, i.e., “the attitude that [the HADS] will help achieve an
individual’s goal in a situation characterized by uncertainty and vulnerability” (Lee &
See, 2004, p. 54), is an important factor that influences the interaction between the driver
and the HADS in terms of supervision as well as intervention and takeover behaviors. The
degree of which humans supervision and oversight on tasks delegated to automation is
inversely driven by trust (Endsley, 2017), as it decreases the level of attention allocated
to the monitoring (Endsley, 2017; Hergeth et al., 2016). Automation complacency is one
phenomenon that explains the decreased engagement in monitoring automation linked to
higher expectations of automation reliability (Parasuraman & Manzey, 2010).
Parasuraman and Manzey (2010) argue for two mechanisms by which this automation
complacency changes: 1) A positive learning loop that reinforces the complacency and
trust in automation, and 2) A negative learning loop that reduces the level of complacency
and trust in automation. The positive learning loop is when the human is experiencing the
automation operating in perfect condition with no issues. The negative learning loop is
triggered whenever the human experiences observable performance consequences

following the failure of said automation.

Specifically in the context of automated driving, high trust —over-trust negatively affects
the supervision of HADS and the intervention in the driving task. It is found that it is
associated with lower likelihood of takeover (e.g., Sheng et al., 2022), higher response
times to a takeover request (Payre et al., 2016), lower minimum-times to collisions (Seet
et al., 2022) and higher probabilities of collisions (Korber et al., 2018).

In addition to dispositional factors, Manchon and colleagues (2023) found that initial trust
in automated driving is driven positively by the perceived reputation of the system, the
driver’s attitude and expectation of performance (Venkatesh et al., 2003), and negatively
by their prior manual driving frequency. Trust, as perceived towards the system, evolves
as a function of time and is affected by the exposure and the use of the automated driving
system regardless of its initial value prior to experiencing this system (J. B. Manchon et
al., 2021). Moreover, systems that provide more information supporting driver’s situation

awareness are associated with more trusting behaviors (Petersen et al., 2019). However,
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one of the main factors that decreases trust is experienced malfunctions of the system,
with stronger effects for higher levels of automation (Seet et al., 2022). Experiencing
such a failure of the HADS is unsafe and a poor countermeasure to calibrate trust, i.e.
change it to an appropriate level.

Established evidence shows a negative effect of trust on attention allocated to monitoring
and supervising automation and is reflected in the deterioration of the driver’s Situation

awareness and safe driving.

4.3.2 Situation awareness and Al oversight

Situation awareness (SA) in the context of Al oversight, require the coverage of: 1) the
states of the world, i.e., the environment and the vehicle and 2) the states of the HADS
and oneself (Endsley, 2023). In other words, does the individual possess enough
information, comprehension, and projection of the states of the vehicle and the driving
environment to allow for safe driving? Additionally, does the individual possess enough
information, comprehension, and projection of the states of the HADS and their own to
allow for safe oversight and takeover?

Endsley (2023) argues for two mechanisms to maintain and improve SA that are
explainability and transparency, which in turn improve the oversight of automation
(Endsley, 2023). In the context of human-Al interaction, Jiang et al. (2023) propose that
the design for SA and the development of users SA is an important lever to alleviate three
important tensions arising from this human-Al interaction. These tensions are the
deterioration of human agency with the increase of automation which in turn harms
overall task and individual performances, the user confidence in the automation that is
associated with the Al system uncertainty and whether it is effectively conveyed to the
user, and the user’s perceived complexity of the system that is associated with the
objective complexity of the Al system. Their proposed design for SA is similar to what is
argued for by Endsley (2023), because they highlight the role of transparency as well as
the use SA related frameworks for representing information to manage both uncertainty
and perceived complexity of the Al system. Additionally, Jiang et al. (2023) present how

increased user SA alleviates the three human-Al interaction tensions through increasing
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users’ sense of control, developing users’ confidence in the system, and enabling users’

handling of different levels of complexity.

In the context of HADS, providing transparency, especially uncertainty related
information, increases SA and results in safer takeovers as well as a decreased attention
allocation to secondary tasks (e.g., Kunze et al., 2019; Rezvani et al., 2016). Similarly,
providing reasons for takeover requests (TORs) which support explainability is found to
have a positive effect on safe driving and takeover performance (e.g., Li et al., 2019).
Thus, SA promotes safer HADS use.

As such, we hypothesize that:

- H1: There is a positive relationship between the level of trust in the automated
system, and the HADS use under conditions of both low alertness levels (H1a)
and higher external uncertainty (H1b).

- H2: The effect of trust on HADS use under higher external uncertainty conditions

will be mediated by situation awareness.

4.3.3 Sense of agency

We also investigate the effect of the sense of agency (SoA), defined as the subjective
feeling of controlling one's own actions, and, through them, external events (Gallagher,
2000). Previous research on automation finds that higher levels of automation are
associated with lower levels of sense of agency as measured by the intentional binding
that is the perceived time interval between a voluntary action and its effects and its

compression (e.g., Berberian et al., 2012; Zanatto et al., 2021).

There is a call for research into the sense of agency in the context of the use of highly
automated driving systems suggesting that SOA needs to be maintained above a certain
threshold for safety and ethical criteria (Wen et al., 2019). The argument for such
threshold is based on the loss of the motivation and ability to engage actively in driving
and the overreliance on the HADS that is associated with the loss of sense of agency (Wen
etal., 2019).
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Moreover, SoA research argues and provides evidence for a ‘reward by control
mechanism’ that posits a positive link between action selection and positive control
feedback. In other words, individuals are more likely to engage in actions related to
control when they possess knowledge about their control over the environment (Karsh et
al., 2016; Karsh & Eitam, 2015). Additionally, a decreased control motivation can be
experienced when control is taken away from the driver and their role is reduced to

passively overseeing and monitoring the HADS (Wang et al., 2019; Wen et al., 2019).

The control of goal-directed actions is mediated by the association built between an action
and a desired outcome, established through the principles of contiguity and contingency
(Dickinson & Balleine, 1994; Shanks & Dickinson, 1991). In other words, it involves
whether there is both an association as well as an inference of causality between the action
and the desired outcome. In the HADS context, the action can be input control of the
driver through the steering wheel or the pedals, and the desired outcome can be position
of the vehicle. A loss of SoA is related to a decrease in the contiguity and the contingency
of this action-outcome association, thereby negatively impacting the selection of the
action. Moreover, the belief or perception of control is more important as a driver of

decision-making and behavior when compared to actual control (Ly et al., 2019).

Therefore, SoA, that drives the motivation to control the vehicle, is associated with higher

levels of alertness when using the HADS.

- Ha3: There is a negative relationship between the Sense of agency and HADS use

under conditions of low alertness.

4.3.4 NDRT engagement

Engaging in non-driving related tasks (NDRT) during partial or full driving automation
can reduce the negative effects of passive supervision and its induced state of
disengagement from the driving task (Maggi et al., 2022). However, prior research
indicates that it significantly hinders situation awareness and takeover performance (e.g.,
Salminen et al., 2019; Wulf et al., 2013), and it can not be considered an ideal

countermeasure for passive supervision. Engaging in NDRT is found to be associated with
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lower performance in monitoring and supervising in terms of attention allocated to this
supervision (e.g., Yang et al., 2021) as well as lower performance of intervening and
taking control takeover when the vehicle is outside the operational boundaries of the
HADS (e.g., Odachowska et al., 2021). When the intervention is necessary and is
preceded by a warning, engagement in NDRT is associated with slower and longer

reaction times (e.g., Salminen et al., 2019).

- H4: There is a positive relationship between NDRT engagement and HADS use
under conditions of both low alertness level (H4a) and higher external uncertainty

conditions (H4b).

The full research model with the hypotheses is presented in figure 4. 1.

Hla

Sense of
Agency
NDRT
engagement

Low attention
Use

\ H2 Situation External
Trust > .
awareness uncertainty Use
1

H1ib

Figure 4. 1 Research Model

4.4 Method

Due to the ability to assess all constructs at a perceptual level and the presence of validated
measurement items for trust, situation awareness, and sense of agency at that level, data

collection was conducted using a self-administered questionnaire survey.

The survey distribution was done in collaboration with the Société de I'assurance
automobile du Québec (SAAQ), the Quebec government corporation responsible for

drivers and vehicles licensing. We conducted the data collection in accordance with the
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institutional guidelines and with the approval of the institutional ethics committee (2023-
5049). To ensure respondent anonymity and privacy protection, the SAAQ mailed
invitation letters to potential participants. These letters included a short link and a QR
code, allowing them to access the survey anonymously. We targeted our survey to 15,000
drivers in Quebec who own vehicles from 2021 or later, as these models are more likely
to have automated driving systems. The mailed letters included a request to fill out the
questionnaire only if the respondent’s vehicle was equipped with a HAD system. At the
end of the survey, respondents could participate in a lottery for four (4) $200 CAD gift

cards through a secondary form.

To ensure the quality of the responses, starting from 2240 finished survey responses,
“speeders” that had showed a very low time to finish the survey (N= 26), respondents who
failed to answer an attention check question* (N= 291), were eliminated, as well as those
who responded that the system they use does not include at least both adaptive cruise
control and lane keeping functions were removed from the analysis (N=258). After
applying these exclusion criteria and data processing, this resulted in a sample size of
N=1665, aged M= 50.4, SD=13.2 with a self-identifying gender distribution of 18.7%

women and 81.0% men.

We used residual scores as a technique (Aguinis et al., 2013) for the identification for
errors outliers. While we present the results without the outliers, results with the full data

including the identified outliers are presented in the appendix C.

4.4.1 Measures

In addition to demographics, the survey includes items measuring the constructs of trust
in the automated system, situation awareness, the sense of agency, the automated driving
system usage patterns (reflecting the risky use of HAD systems), the engagement in
NDRT, and demographic variables (Appendix A). The scale for the trust in the automated
driving system was adapted from (Payre et al., 2016). The scale for the sense of agency
was adapted from (Berberian et al., 2012; Kawabe et al., 2013), to formatively measure

the two aspects of 1) drivers’ inferences of their causal involvement in vehicles’ actions

4 The attention check question in the appendix A with the scales’ items
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and 2) the level of control they judge keeping over vehicles movements. Similar to
previous classification of drivers’ NDRTs (e.g., Metz et al., 2014; Wu & Xu, 2018),
NDRT engagement formatively measures different types, including reading, writing, cell
phone and electronic devices use, interaction with in-vehicle devices and directing
attention to external objects. To measure situation awareness, the Situational awareness

rating technique (SART) scale (Taylor, 2017) is adapted to vehicle driving.

4.4.2 Data Analysis

The analysis in this paper follows the method of partial least squares path modeling
method, or PLS-SEM using SmartPLS 4.0 (Ringle et al., 2024). PLS-SEM is a causal
modeling approach that aims at maximizing the dependent latent variables’ explained
variance, in this paper these are Low attention Use and External uncertainty Use. The
PLS-SEM method uses a sequence of ordinary least square regressions to estimate: 1)
indicator weights that represent the relationships between measured items and their
corresponding latent variable, and 2) path coefficients that represent the relationships
between the different latent variables. The specifics of the PLS-SEM algorithm are
illustrated in the work of Tenenhaus et al. (2005). Compared to other latent variable
analysis methods, such as covariance-based structural equation modeling (CB-SEM),
PLS-SEM offers more flexibility in terms of data distribution assumptions. It is also
particularly well-suited for theory development, mitigating the risk of type-I1I errors that
may occur due to the complexity of the model or constraints imposed by sample size
limitations (Willaby et al., 2015). Additionally, it is the recommended analysis method
for models that include formative measurement model specification (Hair et al., 2017).
Our model contains two constructs that are formatively specified, i.e., sense of agency
and NDRT engagement. Additionally, following the examination of distributional
properties of the data, we found clear departure from normality, making PLS-SEM more

appropriate than CB-SEM.

4.4.3 Common method bias assessment

Because the data for the model’s variables were collected from single respondents in a

one-time survey, assessing common method bias was necessary. Following (Kock, 2015),
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we conducted a full collinearity test (Table 4. 1). Our evaluation shows that the VIF values
are below the recommended 3.3 threshold, indicating that the model is free from common

method bias.

Table 4. 1 Collinearity statistics (VIF) — inner model

Ext. uncertainty use Low attention use SART

SART 1.207 -

SoA - 1.055 -

Trust 1.204 1.033 1.000

NDRT engagement 1.026 1.040 -
4.5 Results

45.1 Measurement model evaluation

To evaluate the reliability and convergent validity of the reflective constructs of the
model, we examined Cronbach’s alpha (CA), the composite reliabilities (CR rhoa, and
CR rhoc), the average variance extracted (AVE) and the reflective indicators’ loadings
(Table 2). CA, CR rhoa, and CR rhoc values were above .80, which is above the .70
threshold. The AVE values (Table 4. 2) were above the 0.50 threshold.

To evaluate the discriminant validity of the reflective constructs of the model, we used
Fornell and Larcker criterion (1981), and the heterotrait—-monotrait ratio (HTMT) of
correlations (Henseler et al., 2015). Fornell and Larcker propose comparing the square
root of each construct’s AVE to the correlation with other constructs (Fornell & Larcker,
1981), where the shared variance between different constructs in the model should not be
larger than their AVESs. Table 4. 3 shows the constructs’ AVEs and their inter-correlation,
indicating no problems for discriminant validity according to the Fornell and Larcker
criterion. Similarly, table 4. 4 shows all HTMT values below the threshold of 0.85,

indicating no issues with discriminant validity.
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Table 4. 2 Loadings and internal reliability

Ext. Low Trust CA rhoa rhoc AVE
uncertainty attention
use use
Trustl 0.40 0.14 0.83
Trust2 0.43 0.17 0.83
Trust3 0.33 0.08 0.71
Trust Trust4 0.27 0.04 0.56 0.88 0.89 0.88 0.1
Trust5 0.31 0.08 0.62
Trust6 0.36 0.08 0.74
Trust7 0.31 0.06 0.66
L_A_Ul 0.39 0.93 0.14
Low
attention L_A_U2 0.39 0.98 0.13 097 098 098 0.93
use
L_A_U3 0.39 0.99 0.12
E U U_1 0.57 0.28 0.28
Ext.
uncertainty E_U_U_2 0.93 0.33 045 080 0.83 0.79 0.57
use
E U U3 0.72 0.31 0.35

Table 4. 3 Fornell-Larcker criterion for discriminant validity

Ext. uncertainty use Low attention use SART Trust

Ext. uncertainty use 0.75

Low attention use 0.40 0.96

SART 0.21 0.03 1.00

Trust 0.49 0.13 039 071

The bold diagonal elements are calculated by the square root of the AVEs (Average
Variance Extracted), and non-diagonal elements are latent variable correlations.
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Table 4. 4 Heterotrait-monotrait ratio of correlations (HTMT)

Ext. uncertainty use Low attention use SART
Low_att. use 0.41 CI=10.35,0.46]
SART 0.20 CI=10.14,0.26] 0.03 CI=1[0.01, 0.09]
Trust 0.47 CI=10.42,0.52] 0.13 CI=10.08,0.18] 0.39 CI=[0.34, 0.45]

Cl: represents [5%, 95%] confidence intervals

We evaluated the two formative constructs (i.e., sense of agency and NDRT engagement)

by assessing collinearity through variance inflation factors (VIF) and the statistical

significance and relevance of their formative indicators (Hair Jr. et al., 2021). VIF values

(table 4. 5) are all under 3 suggesting no collinearity issues. The indicators’ weights (table

5) are statistically significant except “sec_task2” and “sec_task3”, in which case, we look

at the formative’s indicators loading and corresponding statistical significance. For both

“sec_task2” and “sec task3” these are above the recommended level of 0.5 and are

statistically significant.

Table 4. 5 Formative constructs validity

Construct Indicator Weight p-value VIF  Loading p-
value

Sense of SoAl 0.62 .001 1.06 - -

agency
SoA2 0.66 <.001 1.06 - -
NDRT sec_taskl 0.33 .001 1.41 - -
engagement

sec_task?2 0.07 >.1 1.97 .65 <.001
sec_task3 0.11 >1 2.16 .67 <.001

sec_task4 0.27 .001 1.33 - -

sec_task5 0.57 <.001 1.62 - -
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45.2 Model fit

To test the fit of our model, we used the standardised root mean square residual (SRMR
= 0.076), as well as the normed fit index (NFI = 0.854). These values are within the
recommended thresholds, lower than 0.08 for SRMR (Hu & Bentler, 1999) and higher
than 0.8 for NFI, indicating a good model fit.

4.5.3 Determinants of Risky Use of HAD systems

The tested model (Figure 4. 2, Table 4. 7) explains 15% of the variance of Low attention
Use and 29% of the variance of External uncertainty use. We hypothesized a positive
relationship between the level of trust in the automated system, and the HADS use under
conditions of low alertness levels (H1a). The direct path from trust to low attention use is
y1 = 0.12, with a p-value < .001 and a small effect size (f = 2%), providing support for
Hla. We also hypothesised a positive relationship between the level of trust in the
automated system, and the HADS use under conditions of high external uncertainty
(H1b). The direct path from trust to external uncertainty use is y2 = 0.45, with a p-value
<.001 and a medium effect size (f> = 24%), providing provides support for H1b.

.12***
Sense of
Agency
NDRT
engagement
Situation
awareness

Low attention
use (R?= 15%)

.33***

External
uncertainty
use (R?= 29%

45w

*xk: p <.001,+:p<.1

Figure 4. 2 Results

Additionally, we hypothesized that the effect of trust on HADS use under higher external
uncertainty conditions will be mediated by situation awareness (H2). The mediation of
the effect of trust on external uncertainty use by situation awareness shows a significant

positive path from trust to situation awareness of y3 = 0.39, with a p-value < .001 and a
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medium effect size (2 = 18%) and a path from situation awareness to external uncertainty
use of y4 = 0.05, with a p-value <.1. However, this goes against the hypothesised effect

of H2, as trust is an inhibitor and not a promoter of situation awareness.

We also hypothesized that there is a negative relationship between sense of agency and
HADS use under conditions of low alertness (H3). The path from sense of agency to low
attention use is y5 = -0.10, with a p-value < .001 and an effect size of 2= 1%, providing

support for H3.

Lastly, we hypothesized that there is a positive relationship between NDRT engagement
and HADS use under conditions of both low alertness level (H4a) and higher external
uncertainty conditions (H4b). The path from the NDRT engagement to low attention use
is y6 = 0.33, with a p-value < .001 and a small effect size (f? = 13%), providing support
for H4a. Similarly, the path from NDRT engagement to external uncertainty use is y7 =
0.22, with a p-value < .001 and a small effect size (f* = 7%) are both significant, providing

support for H3b.

Table 4. 6 2 effect size of the model

Situation awareness  External uncertainty Low attention Use

Use

Trust 18.4%; CI =[13.1%, 23.3%; CI1=[16.9%, 1.6%; CI =[0.5%,

25.0%] 31.3%)] 3.4%]
NDRT ) 6.7%; C1=[3.7%, 12.8%; CI = [8.7%,
engagement 11.2%] 18.8%]
SART ) 0.3%; CI=1[0.0%, i

1.4%]

Sense of ) ] 1.2%; CI =10.3%,
Agency 3.0%]

ClI: represents [2.5%, 97.5%] confidence intervals
4.6 Discussion

The results show support for most of our hypotheses. Firstly, the positive effect of trust

on the level of use under high external uncertainty conditions as well as under low
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attention conditions (H1a), with a stronger effect on the external uncertainty use (H1b).
Secondly, the negative effect of sense of agency on the level of use under low attention
conditions (H3). Lastly, the positive effect of the engagement in NDRT on the level of
use under low attention conditions (H4a) as well as under high external uncertainty
conditions (H4b), with a stronger effect on the low attention use. However, surprisingly
we found the opposite of the hypothesised effect of trust on situation awareness (H2).
That is, trust was found to be a promoter of the perceived situation awareness which goes
against theory and previous findings. This can be explained by the nature of the situation
awareness rating technique (SART) instrument, that is a self-reported measure of situation
awareness which is vulnerable to recall bias. However, the consistency of the results
points toward an overestimation of the driver’s own situation awareness that is associated
with the trust in the system. A possible mechanism is that trust lowers the level of situation
awareness that drivers believe that they need to maintain which leads to an overestimation

of their actual SA level.

Regardless of how their trust in the automated driving system evolved, we find that
drivers' trust leads to increased use, particularly under risky conditions. This can be
attributed to an inadequate understanding and overestimation of the system's capabilities,
which, in turn, affects their understanding of its limitations and promotes use even when

the vehicle is beyond those limitations.

HADs use under conditions of low attention primarily reflects the role of the driver as a
secondary operator and a supervisor of the system. This role seems to be shaped by both
the sense of agency, i.e., drivers' perception of control, and the level of trust in the system.
While automation complacency explains changes in supervision of automation and
operator intervention when automation operates normally with no issues, another
mechanism of change to how drivers use automation is their understanding their role and

how it is prescribed.

Drivers who engage in NDRTSs lose situation awareness when HADSs are engaged. Our
findings indicate that drivers who tend to do so exhibit higher levels of HADS use in risky

conditions, suggesting a lower aversion to risk-taking while driving.
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Towards safer use of HADS, we recommend targeting specific types of users and aim
interventions to calibrate their level trust, their perceived sense of agency and situation

awareness needed for a safe HADS use.

Beyond advertisement and awareness interventions, other countermeasures include
designing to maintain an appropriate level of sense of agency. One such design aspect is
the range of control that is taken away from the operator and transferred to the automated
system. A “joint control” where the operator keeps some of control over the task is better
for maintaining SoA compared to a task fully automated (Wen et al., 2019). The
implementation of this joint control can take the form of detecting the intention of the
driver and assist the driver in the execution of the action (Wen et al., 2019). Another
design elements is the provision of predictive information about what is about to happen
next (Wegner et al., 2004). In the context an aircraft supervision task, Le Goff and
colleagues provide support for this effect of prime messages regarding the systems
intentions on restoring appropriate levels of SoA (Le Goff et al., 2018). Moreover, the
level of trust in the HADS can be calibrated through training and understanding of the
capabilities of the system as well as developing appropriate mental models that account
for the limitations of HADS (e.g. Ebnali et al., 2019; Payre et al., 2016).

4.6.1 Limitations and research avenues

We recognise the limitation of the cross-sectional nature of our research, as such, future
studies need to look at the evolution over time of the risky use of HADS to shed light on

processes related to learning, training, and experience.

Another important avenue of research to complement our findings is the investigation of
the interplay between the objective and the perceptual measures of situation awareness
and their relationships to trust. When we investigate the relationship between trust and
SA at the item level (Appendix B) we find significantly positive associations between
trust and the “Understanding” as well as the “Supply of attentional resources” dimensions
of Situation Awareness and a significant negative association between trust and the
“Demand on attentional resources” related items. Specifically, the strongest association is

found between Trust and perceived familiarity of the situation, followed by the perceived
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information quality both pertaining to the Understanding dimension. This sheds light into
the process of trust formation towards the HADS. As trust increases, the familiarity with
delegating the driving task to the HADS increases due to the frequency the behavior.
Additionally, while the object of trust is the HADS and its driving capabilities, the effect
of trust seeps beyond that to encompass, over time, the information provided about the
situation. That is as the trust in the capabilities of the HADS increases so does the

perceived understanding of the situation.

Moreover, the demand on attentional resources is negatively associated with trust. This
suggests that trust affects the perceived threshold of necessary attention to allocate to the
supervision of the driving when it is delegated to the HADS, thus illustrating a
complacency bias regarding the supervision of a task in contrast to the performance of the
task. This effect is then amplified by the increased perceived attentional resources
available as trust seems to positively drive the perception of arousal, spare mental
capacity, and concentration. Which goes against the complacency bias which posits that

the attentional resources allocated to supervision decrease objectively.

Additionally, future research should investigate the efficacy of interventions that targets
each factor associated with the risky use of HADS including the design of the tasks and
the system, as well as interventions under the format of education and awareness

campaigns.

4.7 Conclusion

This paper looks at risky use of highly automated driving systems relative to the user's
attention and vigilance levels reflecting their ability to takeover and the external
uncertainty of the driving environment. As hypothesised, we found support for the effect
of the level of trust in the automated driving system, the sense of agency, i.e., the
subjective feeling of controlling one's own actions, and, through them, external events,
and the level of engagement in NDRTSs. Additionally, we find that the perception of
situation awareness changes in an opposite manner to our hypotheses. Specifically,
instead of a negative effect associated with trust, we found that drivers believe they have

more understanding and attentional resources available to supervise the automated system
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which goes against evidence from prior research on situation awareness when capture

through objective measures.
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4.9 Appendix A: Survey items

Trust in automated driving system Scale
Globally, I trust the automated driving vehicle. (1-7)
Strongly
I trust the automated driving vehicle when overtaking. disagree to

I trust the automated driving vehicle to keep to a lane.

I trust the automated driving vehicle to avoid obstacles.

I trust the automated driving vehicle to keep distance from a vehicle
ahead.

I trust the automated driving vehicle to safely interact with cyclists
and pedestrians.

I trust the automated vehicle to follow the rules of the road (e.g.,
signs, at intersections).

Strongly agree

Sense of agency

How strongly do you feel that you are the cause of the vehicle’s
manoeuvres (e.g., lane keeping, overtaking, obstacle avoiding,
keeping a safe distance from other vehicles).

(1-7) No causal
involvement to
Strong  causal
involvement

I have control over the different movements of the vehicle.

(1-7) Weak
control to Strong
control
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Situation awareness

Scale

When the assisted driving or autonomous system is engaged, the (1-7)
level of ... is:

Very Low to

Very High
e Instability of the situation (likeliness of situation to change
suddenly).
e Variability of the situation (number of variables that need
attention).
e Complexity of the situation (degree of complication of
situation).
e Your Arousal (degree that one is ready for activity).
e Spare mental capacity (amount of mental ability available for
new variables).
e Concentration (degree that one’s thoughts are brought to bear on
the situation).
e Division of attention (amount of division of attention in the
situation).
e Information quantity (amount of knowledge received and
understood).
e Information quality (degree of goodness of value of knowledge
communicated).
e Familiarity (degree of acquaintance with situation experience).
HAD system use
I use the assisted driving or autonomous system... (1-7)
e when I’'m feeling sleepy. Very unlikely to
e when I’'m feeling tired. very likely
e when I have troubles focusing.
e under low visibility conditions (rain, fog, snowfall). (L-7)
e during nighttime. )
o regardless of the road, the traffic, and the weather conditions. Very pnllkely to
very likely
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NDTR engagement Scale

Globally, when the assisted /autonomous driving system is (1-7)

controlling the vehicle, ...:
Very unlikely to

I engage in reading and writing tasks. very likely
I dial using a handheld cell.

I browse on electronic devices.

I interact with in-vehicle devices (radio/heating, ventilation, and

air conditioning).

e [ glance extensively at external objects and scenery.

Attention check question

e Select the strongly agree response (disagree,
neutral, agree,
strongly agree,
N/A)

Situation awareness score is calculated following the formulation:

Situation awareness score
= Demand on attentional resources

— Supply of attentional resources + Understanding
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4.10 Appendix B: Relationship between the Trust level and SART
items

To look at how trust affects SA, we look at the association between the latent variable of
Trust and each individual item that compose the SA score from the SART questionnaire.
This SEM analysis is done through partial least squares path modeling method (PLS-
SEM) using the R “SEMinR” package (Hair Jr et al., 2021)

Table 4. 7 Trust as a predictor of SART components

Dimension SART component Path coefficient R?
Arousal 0.14%** 1.9%

Supply of Spare mental capacity ~ 0.21%** 4.2%

attentional

resources Concentration 0.12%** 1.4%
Divided attention 0.03 0.1%
Information quantity 0.14%** 2.0%

Understanding Information quality (0.34%** 11.5%
Familiarity 0.43%** 18.6%
Instability -0.26%** 6.6%

Demand on

attentional Variability -0.20%** 3.9%

resources
Complexity -0.24% 5.6%
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4.11 Appendix C: Results with data outliers

4.11.1 Common method bias

Table 4. 8 Collinearity statistics (VIF) — inner model

Ext. uncertainty use Low attention use SART

SART 1.206

SoA 1.043

Trust 1.224 1.037  1.000
sec task 1.040 1.053

Table 4. 9 Loadings and internal reliability

Ext. uncertainty Low attention
y Trust CA rhoa rhoc

use use
Trustl 0.38 0.15 0.80
Trust2  0.39 0.17 0.80
Trust3 0.29 0.10 0.66
Trust Trust4  0.25 0.03 0.52 0.86 0.87 0.85
Trust5 0.26 0.12 0.57
Trust6 0.33 0.08 0.72
Trust7  0.27 0.06 0.60
Low L_A_ Ul 037 0.84 0.13
attention L_A_U2 0.38 0.94 0.16 0.94 094 0.94
use L_A U3 037 0.95 0.14
Ext. E_U_U_1 050 0.26 0.24
uncertainty E_U_U_2 0.92 0.34 043 0.78 0.82 0.77
use E UU3 072 0.30 0.33

4.11.2 Discriminant validity

Table 4. 10 Fornell-Larcker criterion for discriminant validity

Ext. uncertainty use Low attentionuse SART Trust

Ext. uncertainty use 0.733

Low attention use 0.408 0.911

SART 0.194 0.038  1.000

Trust 0.464 0.154 0.393 0.677

The bold diagonal elements are calculated by the square root of the AVEs (Average
Variance Extracted) and non-diagonal elements are latent variable correlations.
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Table 4. 11 Heterotrait-monotrait ratio of correlations (HTMT)

Ext. uncertainty use Low attention use SART

Low_att. use 0.41 Cl=10.37,0.45]

SART 0.19 CI =[0.14,0.23] 0.04 Cl =[0.01, 0.08]

Trust 0.45CI=[0.4,0.49] 0.15Cl=[0.11,0.19] 0.39 CI =[0.35, 0.43]

Cl: represents [5%, 95%] confidence intervals

4.11.3 Model fit

To test the fit of the model, we used the standardised root mean square residual (SRMR
= 0.07), as well as the normed fit index (NFI = 0.82). These values are within the
recommended thresholds, lower than 0.08 for SRMR (Hu & Bentler, 1999) and higher
than 0.8 for NFI, indicating a good model fit.

N Pk
Sense of
Agency
NDRT
engagement
Situation
awareness

Low attention
use (R?= 16%)

.35***

External
uncertainty
use (R2=26%

4235

**%:. np<.001,+:p=.05

Figure 4. 3 Determinants of Risky Use of HAD systems.
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5 Chapter 5: Interference effects of 1VIS-enabled secondary
tasks®®

5.1 Abstract

With the increased commercialization of in-vehicle infotainment systems (IVIS), it is
important to understand their behavioral and safety impacts. This essay examines the
attentional costs associated with 1T-enabled secondary tasks and empirically investigates
the interference effects of two prevalent tasks performed on IVIS in a driving context. It
includes two experimental studies exploring these effects: (1) tactile and speech-based
texting via IVIS, and (2) browsing and listening to auditory media through IVIS. The
findings highlight the significant effects of IVIS use on attention and driving performance.
Texting through VIS, whether visual-manual or speech-based, reduces attention as well
as driving performance, as reflected by increased speed variation, a higher number of
traffic violations. Similarly, browsing and listening to auditory media through IVIS
diminishes on-road visual attention compared to traditional in-vehicle radio use and
cognitive interference tasks. Additionally, they impair drivers’ ability to control their
speed, resulting in higher speeds and greater speed variation. These findings highlight the

need for further countermeasures for the interference effects of I\VIS use while driving.

> This essay is in preparation for submission to the journal of Applied Ergonomics which adopts a different
article structure compared to the Management of Information Systems outlets
6 Dr. Sylvain Sénécal was involved in the ideation and the conceptualisation



5.2 Introduction

The advent of handheld IT artifacts, including mobile phones, smartphones, navigators,
or gaming devices has been an important phenomenon that shaped research in the context
of mobility and transportation (e.g., Caird et al., 2018). Primarily due to effects of
interference with the primary task of driving, secondary tasks through these artifacts have
major safety implications. In the U.S., data from the National Highway Traffic Safety
Administration (NHTSA) shows that in 2022, 368 fatal traffic crashes were reported as
having cellphone use as a distraction (12% of all distraction-affected fatal traffic crashes)
and 26,151 people were injured in traffic crashes involving cellphone use or other
cellphone-related activities (9% of all people injured in distraction-affected traffic
crashes) (National Highway Traffic Safety Administration, 2024). Moreover, when it
comes to reporting, research shows evidence that these associations between using
devices, such as mobile phone, and road traffic collisions are continuously underestimated
(lge et al., 2016). Nevertheless, the effect of smartphone and similar IT devices usage on
different safety metrics is well investigated. For example, a meta-analysis on the effects
of texting on driving finds that typing and reading texts negatively impact the driver’s
visual attention, reaction time to external events, lane positioning, speed, and headway
(Caird et al. 2014). Consequently, the interaction with handheld IT artifacts is heavily
regulated and prohibited, while hands-free interactions are usually tolerated (e.g., SAAQ,
n.d.).

However, the commercial introduction of in-vehicles smart screens and newer
infotainment systems (IVIS) including infotainment units, passenger displays, instrument
cluster displays, and head-up displays breaks from this rule of use prohibition while
driving and brings a new type of IT artifacts through which similar non-driving related
secondary tasks can be performed (e.g., Starkey & Charlton, 2020). According to Statista,
a total of 119.63 million VIS units were shipped worldwide in 2016, with an estimated
increase to 183.74 million units in 2022 (Watson, 2022). Additionally, the size of the
global automotive infotainment market in 2021 reached 41.12 billion USD with a
projected growth of 9.44 % (Statista, 2023).
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In comparison to previous handheld IT devices, this artifact is different, and its usage can
be perceived as safer (e.g., Oviedo-Trespalacios et al., 2019). IVISs are physically
integrated to vehicle’s the environment come with bigger screens when compared to
standard smartphones. Consequently, the physical distraction (i.e., manual interference)
which stems from continuously holding and manipulating, with at least one hand, while
driving is reduced. Additionally, IVIS’s larger screens compared to handheld IT artifacts

such as smartphones can lead to a reduced distraction (e.g., Grahn and Kujala 2020).

However, they offer increasingly varied and richer interactions through the original
equipment manufacturer (OEM) embedded OS and interfaces in addition to being a
substitute interface for personal smartphones and providing access to most of the content
and applications of connected smartphones. A segment of these functionalities and
applications afforded by these systems is driving related, including navigation, collision
warnings, and parking assistance. These features are designed to contribute to safer
driving. However, there is also an important increase in non-driving related functionalities
and applications, including air conditioning and temperature control, music and audio
content, as well as communication. For example, Google has been increasingly
collaborating with vehicle manufacturers to offer access natively through their IVIS, to
the different Google apps including their Al vocal assistant as well as their video and
audio streaming apps (Google, 2024). Additionally, Android Auto of Google (Mountain
View, United states) and CarPlay of Apple (Cupertino, United States) are software
platforms allowing drivers to pair their smartphones with the IVIS unit that would serve
as an external display for the smartphone (Strayer et al., 2019), which allows further

access to non-driving related IT-artifacts.

These different types of interactions offered through IVISs involve different levels of
attentional demands related to different secondary (i.e., non-driving related) tasks. A
survey of drivers with access to IVISs shows that while the most common task involving
these artifacts is listening to music, close to a 50% of these drivers use them as means to
converse on phones hands-free, and 25% of these drivers use them for texting and
accessing social media (Starkey & Charlton, 2020). While these secondary tasks are

potentially distracting, from a design perspective, the level of interference impact on the
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driving task performance depends on different attributes of the interactions through which
they are performed such as the task demand, difficulty, and structure. Focusing on two of
these wide-spread interactions with IVISs, namely texting and browsing and listening to
audio content, we investigate the effects of IVIS enabled secondary task characteristics

on attention allocation and on the performance of the primary task of driving.

First, the behavior of texting through VIS allows us to study the effect of the perceptual
modalities of interaction of IVVIS enabled secondary task as well as the type of interference
associated with this interaction. With the integration of Al voice assistant in IVISs, they
now offer speech-based interactions in addition to the more traditional tactile and manual
interactions. For example, Google’s voice assistant allows drivers to make calls, send text
messages, control music, video and other media through vocal commands only if the
drivers wants (Google, n.d.). These new types of speech-based interactions are different
from the more traditional tactile/ manual interactions as they allow the driver to perform
these tasks without having to look necessary to the visual display of the system and
without manually interacting with the system. While drivers can still look at or interact
with the visual display in a tactile manner, their reliance on this interface diminishes with
this speech-based alternative. They can also adopt a combination of speech-based
interaction and visual-manual interactions, particularly when vocal commands become
unnecessarily complex or are misinterpreted by the voice assistant. As such, on one end
we have tactile and visual interactions and on the other we have purely auditory and vocal
interactions. With the growing adoption of these Al-supported speech-based interactions,
as well as the richness of visual-manual interactions, it becomes increasingly important to

understand their interference effects on driving and, ultimately, on driver safety.

To understand the interference effects of Al-supported speech-based interactions and the
increasingly rich visual-manual interactions, we adopt the perspective of the multiple
resource perspective of attention (Wickens, 2002), according to which, dual task
interference [i.e., the loss in performance levels of one or both tasks, as a function of their
concurrent performance (Kahneman, 1973)] can be characterized on 4 qualitatively
different dimensions. These dimensions are 1. processing stages (i.e., perceptual,

cognitive or behavioral response related), 2. perceptual modalities (e.g., visual or
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auditory), 3. visual channels (i.e., focal or ambient), and 4. processing codes (i.e.,
analogue and spatial processes or categorical and symbolic processes). Multiple resource
theory (Wickens, 2002) proposes that two tasks that demand similar levels of one
dimension (e.g., both tasks with the same perceptual modality demand, namely auditory)
will interfere with one another greater than if they had different level of this dimension
(e.g., one auditory demanding task and one visually demanding task). In the context of
driving, interacting with an VIS in a visual-tactile manner will compete with driving as
a primary task on a perceptual level since both tasks require a visual perception modality,
a cognitive level and a behavioral response level since both tasks require a manual
behavioral response. In comparison, auditory-vocal interactions would be more limited in
interference with driving task as they only share the demand for cognition stage and have
different perceptual and response modalities.

Prior research highlights differences between visual secondary tasks and cognitive
secondary tasks while driving. For example, the study of Muhrer and Vollrath (2011) look
at the difference between strong visual distractions represented by a visual search task on
the passenger seat and cognitive distractions represented by a backward counting task in
steps of three staring with a three-digit number. Their results showed that visual
distractions negatively impact drivers’ perception and worsen reactions to critical sudden
events and that cognitive distractions negatively impact drivers’ anticipation of future
events (Muhrer & Vollrath, 2011). Zhang and colleagues showed that while both
cognitive and visual distractions can be handled by drivers in operational control
maneuvers (lead-car following), they are not easily in tactical control maneuvers
(passing). Additionally, the combination of both visual and cognitive distractions greatly
decreased performance (Y. Zhang et al., 2014). In more naturalistic tasks Niu and
colleagues (2019) looked at the effects of six typical phone use scenarios on driving
performance. Their results indicate that all these use scenarios have a significant negative
impact on driving performance especially the lateral control, with the greatest
deteriorating effect from the visual and motor resources interference phone use scenario
(Niu et al., 2019).
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Specifically, in IVIS, earlier research looked at differences between interference type
including naturalistic tasks. For example, Maciej and Vollrath (2009) looked at the effect
of using three commonly used systems accessible through IVIS (i.e., audio, telephone and
navigation system) with a comparison between manual/visual interactions and speech-
based interaction. Their results showed that while speech interfaces improve driving
performance gaze behavior and subjectively reported distraction, this improvement
however did not reach the baseline of driving without using the IVIS (Maciej & Vollrath,
2009), calling for further development of speech-based interactions.

Today with the progress made in the design of IVIS, they offer more diverse task to be
done such as text messaging and they can be perceived as a safe non driving related task,
at least safer than smartphone use (Oviedo-Trespalacios et al., 2019). Results from
surveying IVIS users indicate that significant portions which use IVIS for secondary tasks
such as looking at navigation, selecting music and texting without behavioral
countermeasures with the perception that some of them are safe (Starkey & Charlton,
2020). With the dynamic perception of VIS use safety, are they safe? One way by which
they offer this multitude of tasks is through new types of speech interactions, e.g.,
conversing with an artificial intelligence assistant such as Appel Siri (Cupertino, United
States).

From a multiple resource perspective of attention, we can expect a deteriorating effect of
primarily visual-manual interactions with 1VISs. However, does the substitution of these
interactions with speech-based interactions through Al assistants negate this deterioration
of performance? as such, the first research question is: considering the different modalities
of interactions of with IVISs, what is the effect of I\VVIS use on visual attention and driving

performance?

For this, the first study compares driving with no secondary task interference (i.e., driving
only) to driving while texting through an VIS with different modalities of interaction
using three IVIS use conditions (i.e., tactile, vocal, and freeform). In the control condition,
participants drive normally without use of an IVIS. In the tactile (and visual) condition,

participants interact with the interface using exclusively tactile interactions when
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available. In the vocal condition, participants have no access to a visual interface and
interactions are done exclusively through voice using a virtual assistant. In the freeform
condition, participants had the possibility to adopt whichever interaction modality to
perform texting tasks that can be done either through voice or tactile/visual interaction.
We hypothesise that, regardless of the modality of interaction, there will be a deteriorating

effect on visual attention and driving performance:

- Hla: Compared to normal driving, driving while texting through an IVIS is
associated with a higher level of risk while driving.
- H2a: Compared to normal driving, driving while texting through an IVIS is
associated with decreased road-directed visual attention.
Let us then focus on the interaction modality of visual-manual (visual-tactile) 1VIS use,
which is theoretically the most interfering with the task of driving and examine the tasks
of browsing and listening to audio media. While some forms of this task are novel through
IVISs as we know them now, it has been widely adopted since the introduction of radios
in vehicles throughout the last century. However, IVISs today increase the demand on
drivers’ visual perception due to increased richness and higher information load of user
interfaces (Ul), making these secondary tasks more difficult, and leading to higher
workload. As such our second research question is: what is the effect of IVIS use to listen

and browse audio media on visual attention and driving performance?

For this, the second study compares driving while performing a secondary task of
browsing music and audio media on an IVIS to (1) driving while interacting with
traditional in-vehicle radio, and (2) driving while performing a cognitive interference task
as a control condition. In the IVIS condition, participants were tasked to use, while
driving, a podcast application that was available through the IVIS, this application
provided access to podcasts, live radio stations, and other types of audio content. In the
radio condition, participants were tasked to use, while driving a traditional in-vehicle
radio. In the control condition, through out the drive, participants were given a series of
numbered questions and asked to memorise their answers. After each question they were

prompted to recall the answer to one of the previous questions. This task used a demand
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on working memory to similar working memory span tasks (Conway et al., 2005) to create

cognitive interference with driving. The hypotheses of the second study are:

- H1b: Higher visual interference of the interaction with the IVIS will be associated
with lower levels of visual attention on the road.
- H2b: Higher visual interference of the interaction with the 1VIS will be associated
with riskier driving behavior.
This essay presents two studies to investigate these two questions. The first study looks
at the behavior of texting through an IVIS and the effect of interaction modality, i.e.,
tactile-visual, speech based through an Al assistant and a free interaction with no
constraints on the modality. The second study looks at the behavior of browsing and
listening to audio content to investigate the effect of increased IU information load
compared to the existing benchmark of “traditional radio” then compared to a cognitive

interference task.

5.3 Study 1: Methodology

The data collections for both Study 1 and 2 were done in accordance with the institutional

guidelines and with the approval of the institutional ethics committee (2020-3621).

5.3.1 Participants

This study includes 24 participants (14 males, 10 females) with an average age of 31 years
old. The participants were recruited through a research panel and were screened for being
at least 18 years old, having a valid driving licence for more than 1 year and normal to
corrected vision. They had varying levels of experience with both Apple’s CarPlay or
similar systems (Mean = 3.21/10; SD = 3.75) and Siri or similar virtual assistants (Mean
=4.94/10; SD = 3.71).

5.3.2 Experimental design

The study is, a within-subject, two factor experimental design. The first factor was the
texting task that the participants had to perform with the IVIS, it included a (1) condition
with no texting while driving as the control condition, a (2) tactile (and visual) condition

where participants are texting while driving using exclusively tactile interactions when
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available, (3) a vocal condition where participants have no access to a visual interface and
are texting exclusively through voice using a virtual assistant, and a freeform condition
where participants have the possibility to adopt whichever interaction modality to perform
texting tasks that can be done either through voice or tactile/visual interaction. The second
factor had two levels (low and high) and represents the density and aggressivity of the

simulated surrounding traffic.

During the study, the participants performed first a practice task where they familiarised
themselves with the simulation environment. Then half of them performed a block of tasks
in the high density and aggressivity traffic level followed by a block in the low density
and aggressivity traffic level and the other half did the opposite. Each block had 4 tasks

that represents each level of the interaction mode with the IVIS (figure 5. 1).
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Figure 5. 1 Experimental design - study 1
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During the tasks, participants drove on the highway for an approximate distance of 5km
and received 6 messages through CarPlay on the VIS of which 4 were questions to which

they were prompted to reply through the IVIS.

5.3.3 Apparatus and instruments

The driving simulator software City Car Driving enterprise edition (Forward
Development, Novosibirsk, Russia) run on a 49-inch curved Samsung CHG90 QLED
Gaming Monitor (Samsung, Suwon, South Korea). Telemetry data from the software was
collected in real time with a 120hz sampling rate trough a C# SDK. The setup featured a
Smart Eye Pro eye-tracker (Smart Eye AB, Gothenburg, Sweden) with two cameras at the
bottom right and left corners of the screen. The IVIS was simulated through Apple
CarPlay (Cupertino, United States) that was run on a 9-inch screen tablet placed at the
right of the steering wheel (figure 5. 2). The synchronization of the events, the eye tracking

data and the simulator software data was done through Network Time Protocol (NTP).

Figure 5. 2 Experimental setup — study 1

5.3.4 Measures

For measurements, we collected eye-tracking data to capture gaze direction on 2 primary
areas of interests (AOIs) throughout the different experimental tasks. The first AOI was

the simulator screen and the second AOI was the smart screen unit of the IVIS. As a
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measure for visual attention, we computed the fixation distribution on each AOI during

over time.

Behavioral measures include the position, speed, and acceleration from telemetry data
from which the speed’s coefficient of variation (speed CV) and the speed average was
computed for each condition. Additionally, we extracted the number of traffic violations
for each task. Control variables include the experience with CarPlay or similar systems
and the experience with Siri or similar virtual assistants, both measured on a 1 to 7 scale,
as well as the personal trait of polychronicity, that is the attitude and preference to engage
in multiple tasks simultaneously. Polychronicity was measured by a 5 items questionnaire
(Bluedorn et al., 1999; Kénig & Waller, 2010).

5.4 Study 1: Results

RM-ANOVA was used to perform data analysis with planned contrast analysis to test the
hypotheses as well as post-hoc comparisons of the averages of free, vocal, and tactile

types of interactions with « Bonferroni » correction.

The overall descriptive statistics results for visual attention (on road fixations
distribution), average speed, speed variation, and number of traffic violations for all

conditions, are presented in the table 5.1.

5.4.1 Speed variation

Regardless of the level of density and aggressivity of traffic, there is a significant
difference in the speed variation between the different conditions where participants
interacted with the IVIS and the control condition where participants drove with no
interaction with the IVIS (Figure6. 3). The estimated difference between the control
condition and the interaction with the VIS condition is 3.1%, with a two-tailed 95%
confidence interval of [0.08%; 5.38%] and a p-value of .01. This supports our hypothesis
(H1a) stating that compared to normal driving, driving while texting through an IVIS is

associated with a higher level of risk while driving.
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Table 5. 1 Descriptive statistics Study 1 — Means (Standard deviations)

Condition Speed Speed CV Violation On road fixations
g Control 64.39 (8.15)  0.26 (0.08)  3.65(5.63) 0.992 (0.01)
=
z Free 58.63 (6.81) 0.3 (0.08) 3(3.82) 0.976 (0.03)
2
< Tactile 58.76 (7.2) 0.29 (0.05) 3.96 (5.2) 0.941 (0.02)
2}
E 5
s 2 Vocal 60.08 (7.94) 0.3 (0.09) 2.54 (2.75) 0.981 (0.02)
= :‘:.o Total 60.47 (7.79)  0.29 (0.08)  3.29 (4.46) 0.972 (0.03)
=
= Control 60.9 (5.56) 0.24 (0.07) 1.21 (1.35) 0.987 (0.02)
=
z Free 59.49 (7.32)  0.27(0.08)  2.28 (2.05) 0.971 (0.03)
2
] 2 "
= & Tactile 60.34 (7.47)  0.25(0.08) 2.76 (3.8) 0.935 (0.06)
o E
% %’ Vocal 59.41 (6.31)  0.27(0.09) 3.13(3.19) 0.981 (0.02)
E :‘3,) Total 60.03 (6.65)  0.26 (0.08)  2.35 (2.83) 0.968 (0.04)
= &
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Figure 5. 3 Speed variation
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5.4.2 Average speed

The estimated difference in the low density and aggressivity traffic level between the
different conditions where participants interacted with the IVIS and the control condition
where participants drove with no interaction with the VIS in terms of average speed was
-1.26 (kph) but it was not significant at the 5% threshold. On the other hand, in the high
density and aggressivity traffic level, the estimated difference between the control
condition and the interaction with the IVIS condition is -5.62 (kph), with a two-tailed 95%
confidence interval of [-7.13; -4.10] and a p-value < .01% (Figure 5. 4).
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Figure 5. 4 Average speed

5.4.3 Number of traffic violations

There were no significant differences measured in the high density and aggressivity traffic
level between the different conditions where participants interacted with the IVIS and the
control condition where participants drove with no interaction with the VIS in terms of
the number of traffic violations. On the other hand, in the low density and aggressivity
traffic level, the estimated difference between the control condition and the interaction
with the IVIS condition for the number of traffic violation is 1.49, with a two-tailed 95%
confidence interval of [0.43; 2.92] and a p-value < .01 (figure 5. 5). This supports our
hypothesis (H1a) stating that compared to normal driving, driving while texting through
an IVIS is associated with a higher level of risk while driving.
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Figure 5. 5 Number of traffic violations

5.4.4 Visual attention

Regardless of the level of density and aggressivity of traffic, there is a significant
difference in the on-road fixation distribution between the different conditions where
participants interacted with the IVIS and the control condition where participants drove
with no interaction with the IVIS (figure 5. 6). The estimated difference between the
control condition and the interaction with the VIS condition is -2.38%, with a two-tailed
95% confidence interval of [-3.06%); -1.69%] and a p-value <.01%. This supports our
hypothesis (H2a) stating that Compared to normal driving, driving while texting through
an IVIS is associated with decreased road-directed visual attention.
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Figure 5. 6 On road fixation distribution

The corresponding estimated means for the off-road, on VIS fixation distribution for the

different condition are presented in the figure 5. 7.
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Figure 5. 7 IVIS fixation distribution

Post-hoc analysis comparing the different types of interaction with the IVIS show
differences between all three conditions in terms of visual attention (figure 5. 8). The
estimated difference between the free and the tactile interaction with the IVVIS conditions
is 3.87% with a p-value <.01%. The estimated difference between the vocal and the tactile
interaction with the IVIS conditions is 4.46% with a p-value <.01%. The estimated
difference between the vocal and the free interaction with the VIS conditions is 0.59%

with a p-value of 2.6%.
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Figure 5. 8 On road fixations (IVIS interactions)

5.5 Study 1- Discussion

Results concerning driving show that participants had significantly higher speed variation
and number of traffic violation in low traffic density when the drove while interacting
with the IVIS compared to driving with no interaction with the IVIS. This supports our
hypothesis (H1a) that states that compared to normal driving, driving while texting
through an IVIS is associated with a higher level of risk while driving. Additionally,
participants showed a significantly reduced average speed while driving and texting
through IVIS when compared to normal driving. Regarding the differences between the
modes of interaction with the VIS, the results show no difference measured between

these different types of interaction in terms of average speed and speed variation.

Results concerning visual attention showed that, regardless of traffic density, participants
had a significantly lower on-road visual attention when they interacted with the I1VIS
compared to when they drove with no IVIS interactions. This supports our hypothesis
(H2a) that states that Compared to normal driving, driving while texting through an VIS
is associated with decreased road-directed visual attention. Additionally, when we look at
the effect of the modality of interaction, we find a statistically differences between the

purely vocal interactions, the free-modality interactions and the tactile-visual interactions.

Overall, the results show that regardless of traffic density and aggressivity, drivers drive
in a riskier way when interacting with IVIS. Additionally, in high traffic density, drivers
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reduce their average speed more significantly when interacting with IVIS. This result
indicates a behavioral adaptation strategy from the side of the drivers to have more control
on aim to reduce the dynamism and change of the driving context to slow the rate by
which their information of the context becomes obsolete. This adaptation strategy can be
further supported by the fact that this difference occurred only in the high density and
aggressivity traffic condition which indicates that in the low-density traffic level, the
dynamism of the context is low, and the participants did not feel the need to compensate
their drop in performance. These results align with prior literature on the effects of
cellphone use where drivers show compensations strategies of increasing headway (e.g.,
Brookhuis et al., 1991; Ishida & Matsuura, 2001), and reducing speed (e.g., Ishida &
Matsuura, 2001; Waugh et al., 2000).

While Study 1 identified the consequences of interacting with the IVIS during Al-
assistant-supported texting tasks, it did not address how pure tactile interactions with the
IVIS, without Al-assistant support, specifically influence outcomes or how it compares to
existing non-driving related tasks. Additionally, it also does not address the workload

associated with these tasks.

5.6 Study 2: Methodology

As in study 1, this study uses the same experimental environment (Figure 5. 9). Similarly,
we measured the visual attention through on-road fixation distribution as well as the
driving behavior, i.e., average speed and speed variation, captured through telemetric
data. Additionally, we measured task workload using the NASA-TLX scale (Hart, 1988).
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Figure 5. 9 Experimental setup — Study 2

5.6.1 Participants

This study includes 21 participants (10 males, 11 females) with an average age of 35 years
old. Like study 1, the participants were recruited through a research panel and were
screened for being at least 18 years old, having a valid driving licence for more than 1
year and normal to corrected vision. They had varying levels of experience with both
Apple’s CarPlay or similar systems (Mean = 3.90/7; SD = 1.97).

5.6.2 Experimental design

The study is a within-subject experimental design where we compare VIS browsing and
listening to audio content to the benchmark of an existing task with visual interference
and to a cognitive interference task. As such it was compared to the use of a traditional
in-vehicle radio and to a control condition where participants were given questions for
which they were asked to memorize the answers, then were later prompted to recall those

ansSwers.

The IVIS browsing and listening task was designed to span the different interactions

afforded by the podcast application. Table 5. 2 presents these different 1VIS interactions
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performed, along with their descriptions, durations, number of touchscreen interactions,

i.e. screen taps, and their average success rates.

Table 5. 2 IVIS interactions

IVIS Description Average Average Average
interaction duration touchscreen success
interactions rate
IVIS edito Play a specific content in 22.52 2 0.95
the editorial selection
IVIS fav Play a specific content in 29.87 2.9 0.90
the favorites’ selection
IVIS precedent  Go back to the previous 18.22 1 0.98
playing audio content
IVIS radio Play content available on 26.88 2 0.93
the radio feature of the
app
IVIS download Play a specific content in 30.55 3 0.93
the favorites’ selection
IVIS info Find information about a 16.04 1 0.90
specific available audio
content
IVIS pause Pause current playing 7.78 2 0.99

audio content
During the study, the participants performed first a practice task where they familiarised

themselves with the simulation environment as well as the IVIS interface. Then they
performed browsing and listening to auditory content tasks IVIS (figure 5. 10). During
the tasks, participants drove on in the city following vocal GPS instructions to guide their

drive.
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Figure 5. 10 Experimental design - study 2

5.7 Results —study 2

The overall descriptive statistics results for visual attention (on road fixations
distribution), average speed, speed variation, and task workload as measured by NASA-

TLX for the three conditions, are presented in the table 5. 3.

5.7.1 Visual attention

RM-ANOVA results for on-road fixation distribution show statistically significant
differences between the IVIS condition and the radio condition as well as between the
IVIS condition and the control condition (figure 5. 11). In IVIS condition participants had
an estimated mean on-road fixation of 52%, in the radio condition they had an estimated
mean on-road fixation of 67%, and in the control condition they had an estimated mean
on-road fixation of 86%. Contrast analysis shows an estimated difference of 34.2% (95%
Cl =[27.6%, 40.9%]), with a p-value < .001 between the VIS and the control condition,
and an estimated difference of 15% (95% CI = [10.3%, 18.7%]), with a p-value < .001
between the IVIS and the radio condition. This provides support for our hypothesis (H1b)
stating that higher visual interference from VIS interactions will be associated with lower

levels of visual attention on the road.
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Table 5. 3 Descriptive statistics Study 2 — Means (Standard deviations)

Control task IVIS task Traditional radio Total
On road fixations  0.86 (0.09) 0.52 (0.16) 0.67 (0.09) 0.58 (0.18)
Average speed 25.5(7.43) 2997 (9.78) 23.9(5.19) 27.9 (8.98)
Speed CV 0.75 (0.27) 0.55 (0.29) 0.77 (0.16) 0.63 (0.28)
Mental demand 49.43 (26.03) 72.05(18.9) 58.76 (25.03) 60.08 (24.97)
Physical demand 18.86 (21.28) 35.14 (25.87) 27.38 (24.49) 27.13 (24.51)

Temporal demand

46.62 (29.32)

71.33 (25.97)

58.24 (30.18)

58.73 (29.87)

Performance

66.19 (25.18)

41.86 (25.38)

49.95 (25.85)

52.67 (27.05)

Effort

52.67 (26.34)

74.9 (16.9)

57.76 (25.19)

61.78 (24.75)

Frustration

45.38 (32.24)

66.05 (25.11)

59.71 (31.09)

57.05 (30.44)

When we look specifically at the IVIS interactions, all the interactions were more visually
demanding when compared to the interaction with the radio except for one. The only
interaction that is similar to the radio condition in terms of the effect on visual attention

on the road is that where participants had to pause audio content on the 1VIS.
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Figure 5. 11 On road fixation distribution

5.7.2 Speed variation

RM-ANOVA results for speed variation (figure 5. 12) shows statistically significant
differences between the IVIS condition and the radio condition as well as between the
IVIS condition and the control condition. In IVVIS condition participants had an estimated
mean speed variation of 63.0%, in the radio condition they had an estimated mean speed
variation of 78.8%, and in the control condition they had an estimated mean speed
variation of 63.3%. The estimated difference between the IVIS and the radio conditions
as well as that between the VIS and the control conditions are 15.8% with a p-value of <
.001, and 14.0% with a p-value of < .001, respectively. While these differences

significant, they are not in the same direction as hypothesised.
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Figure 5. 12 Speed variation

5.7.3 Average speed

RM-ANOVA results for average speed (Figure 5. 13) shows statistically significant
differences between the IVIS condition and the radio condition as well as between the
IVIS condition and the control condition. In IVIS condition participants had an estimated
mean average speed of 30.3 km/h, in the radio condition they had an estimated mean
average speed of 23.4 km/h, and in the control condition they had an estimated mean
average speed of 24.9 km/h. The estimated difference between the VIS and the radio
conditions is 6.84 km/h (95% CI = [3.45 km/h, 10.24 km/h]) with a p-value < .001. The
estimated difference between the VIS and the control conditions is 5.34 km/h (95% CI =
[1.95 km/h, 8.74 km/h]) with a p-value < .01. These results provide partial support for our
hypothesis (H2b) stating that higher visual interference from IVIS interactions will be

associated with riskier driving behavior.
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5.74 NASA-TLX

RM-ANOVA results for workload (Figure 5. 14, table 5. 4) shows statistically significant
differences between the VIS condition and both the radio and control conditions on the
5 dimensions of mental demand, physical demand, temporal demand, effort, and
frustration as reported by the participants. These results indicate a higher workload

induced by the interactions with the IVIS when compared to both the control and the radio

interactions.
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Figure 5. 14 Task workload
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Table 5. 4 Differences in Task workload between conditions

Contrast Estimate Lower CL. Upper CL p-value

Mental demand  Control - IVIS  -22.62 -36.789 -8.45 0.002
Control -radio -9.33 -23.457 4.79 0.240

IVIS - radio 13.29 0.579 25.99 0.039

Physical demand  Control - IVIS  -16.29 -26.45 -6.12 0.002
Control - radio -8.52 -15.13 -1.92 0.010

IVIS - radio 7.76 -1.81 17.33 0.126

Temporal demand Control - IVIS -24.7 -42.88 -6.54 0.007
Control -radio -11.6 -29.27 6.04 0.243

IVIS - radio 13.1 -1.64 27.83 0.087

Effort Control - IVIS -22.2 -36.69 -7.79 0.002
Control - radio -5.1 -19.16 8.97 0.636

IVIS - radio 17.1 3.71 30.58 0.011

Frustration Control - IVIS  -20.67 -36.5 -4.84 0.009
Control - radio  -14.33 -32.8 4.14 0.148

IVIS - radio 6.33 -11 23.69 0.632

5.8 Discussion — study 2

Results for visual attention show significantly lower on-road attention for participant used
the IVIS to browse and listen to audio content compared to both when they used the
traditional radio to browse and listen to audio content as well as when they were in the

control condition. This provides support for our hypothesis (H1b) stating that higher
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visual interference from IVIS interactions will be associated with lower levels of visual

attention on the road.

Results for driving performance show, on the one hand, significantly lower speed
variation for participant used the IVIS to browse and listen to audio content compared to
both when they used the traditional radio to browse and listen to audio content as well as
when they were in the control condition. On the other, they had significantly higher
average speed. This indicates that while driving and using the VIS to browse and listen
to audio content, these participants had less control over their speed, especially when they
needed to reduce their speed allowing the vehicle to exceed their normal speed. This
provides partial support for our hypothesis (H2b) stating that higher visual interference

from 1VIS interactions will be associated with riskier driving behavior.

Results for the task workload show, significantly higher mental demand, physical
demand, temporal demand, effort and frustration for participant using the IVIS to browse
and listen to audio content compared to the control condition. Additionally, they show
significantly higher mental demand, temporal demand, and effort compared to when they
used the traditional radio to browse and listen to audio content. This highlights the higher
interference effect of using the IVIS to browse and listen to audio content on the primary
task of driving when compared to the interference effect of traditional in-vehicle radio

and that of cognitive interference.

5.9 General discussion & conclusions

Results from both studies showcase the effect of IVIS use interference on driving
performance. In the context of texting through IVISs, study 1 shows that both types of
interference from visual-manual texting as well as speech-based texting yield a decrease
in the driving performance of drivers as measured by the speed variation and the number
of traffic violations. With no significant differences between these types of interference.
Similarly, both types of interference from visual-manual texting as well as speech-based
texting yield a decrease in drivers’ on-road visual attention. However, there was a
significant effect of the interference type, where as expected, the visual-manual

interference has a stronger negative effect on the visual attention directed to the road.
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In the context of browsing and listening to audio content through IVISs and its visual-
manual interference, study 2 shows that the task on IVIS yields a significant decrease in
on-road visual attention compared to the visual-manual interference from a traditional in-
vehicle radio and compared to a cognitive interference task. Furthermore, when we look
closely at different interactions with the VIS, the only interaction that has a similar effect
to that of the traditional in-vehicle radio is the interaction where drivers pause current
playing audio content. Similarly, the visual-manual interference of the IVIS task reduces
drivers’ ability to control their speed which is reflected in their higher speed and lower
speed variation. Considering the task workload, the results emphasize IVIS increased
workload on all dimensions compared to a cognitive interference, and a specifically
increased mental demand, temporal demand, and effort compared to the traditional in-
vehicle radio. This increased demand can be attributed to the relatively higher richness
and information load of the VIS interface which is designed for more choices and content

to drivers but also increases task complexity.

The contributions of this essay, include the understanding of IT-enabled secondary tasks
in contexts of highly dynamic and attention demanding primary tasks. Specifically, the
effects of interference of IT-enabled secondary tasks in the context of driving. In
particular, the effect of visual-manual interference and cognitive interferences of VIS
use, using two of the most common IVIS tasks, i.e., texting as well as browsing and
listening to audio content. Looking at the different modalities of interactions, Al voice
assistant vocal interactions provide a lesser interference effect when looking at the visual
attention. However, their interference effect on driving behavior is similar to that of
visual-tactile interaction with 1VISs. Looking closely at the effect of visual-tactile
interactions, we see that the richness of IVIS interfaces introduces further interference
effects both on visual attention and on driving behavior when compared to traditional I1T-

enabled secondary tasks.

Another contribution concerns the effect of contextual elements, where we find that traffic
density and aggressivity moderates the adaptation behavior of drivers to the interference
of IVIS use. For example, in more dense traffic, drivers reduce their speed more to

compensate for the IVIS texting interference. Additionally, we found different driving
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behaviors between the two studies. The driving behavior in study 2 differs from drivers’
adaptation in study 1 where we do not see reducing speed, but we see an increase in speed
accompanied by a lower variation of speed indicating a failure to reduce speed when
necessary. This can be attributed to the change in driving context—from a highway drive

in study 1 at a relatively constant speed to a dynamic city drive in study 2.

From an applied perspective, our results provide design and regulation guidelines for the
use of IVIS while driving concerning interaction type, user interface characteristics and
contexts of use. For interaction type, our results reaffirm the interference hierarchy of the
interaction modalities with IVISs. Visual-tactile interactions are the most demanding and
have the strongest effect on attention and driving performance and should be avoided
while driving. Al-assistant enabled speech interactions are less deteriorating for attention
but have similar effects on driving performance specifically for the task of texting through
the IVIS. This suggests that these speech interactions should be limited to simpler and
low cognitive interference tasks. For the user interface characteristics, the richness of the
interfaces granted by IVISs today increases the complexity of possible tasks as illustrated
by the task of browsing and listening to audio content. This highlights the need for further
reduction and simplification of the information presented on IVISs as it is increasingly
used as a secondary display for smartphones. As for the context of use, the differences in
driver behavior in relationship to the dynamism of context highlights the need to account
for the context’s characteristics when designing countermeasures for IVIS interference.
With the increasing number of visual features on dashboards, the rise of tactile interfaces
in electric cars, and the range of applications available within vehicles, there’s a clear
need for continued research to understand the potential interference and cognitive impact
these features bring.

We recognise several limitations of these studies, including the experimental environment
that is a simulated environment where risks are reduced in comparison to actual roads,
which in turn create potential differences between the observed behavior of drivers and
those on actual roads. Additionally, there are other relevant IVIS interface characteristics
that could potentially impact attention and driving performance during IVIS use. As such,

future research should explore different design characteristics, such as textual versus non-

184



textual information, and their impact on attention and driving performance. Other
modalities such as gesture as an input modality for the interaction with the IVIS (T. Zhang
etal., 2023).

5.10 References

Bluedorn, A. C., Kalliath, T. J., Strube, M. J., & Martin, G. D. (1999). Polychronicity and
the Inventory of Polychronic Values (IPV): The development of an instrument to measure
a fundamental dimension of organizational culture. Journal of Managerial Psychology,
14(3/4), 205-231.

Brookhuis, K. A., de Vries, G., & De Waard, D. (1991). The effects of mobile telephoning
on driving performance. Accident Analysis & Prevention, 23(4), 309-316.

Caird, J. K., Simmons, S. M., Wiley, K., Johnston, K. A., & Horrey, W. J. (2018). Does
Talking on a Cell Phone, With a Passenger, or Dialing Affect Driving Performance? An
Updated Systematic Review and Meta-Analysis of Experimental Studies. Human
Factors, 60(1), 101-133. https://doi.org/10.1177/0018720817748145

Conway, A. R. A., Kane, M. J., Bunting, M. F., Hambrick, D. Z., Wilhelm, O., & Engle,
R. W. (2005). Working memory span tasks: A methodological review and user’s guide.
Psychonomic Bulletin & Review, 12(5), 769-786. https://doi.org/10.3758/BF03196772

Google. (n.d.). Listen to radio—Google Assistant Help. Retrieved 17 November 2024,
from
https://support.google.com/assistant/answer/75403077?sjid=16676355566271362517-NA

Google. (2024). Cars with Google built-in | A more connected, personal, and helpful drive.

https://built-in.google/cars/

Hart, S. (1988). Development of NASA-TLX (Task Load Index): Results of empirical
and theoretical research. Human Mental Workload/Elsevier.

185



lge, J., Banstola, A., & Pilkington, P. (2016). Mobile phone use while driving:
Underestimation of a global threat. Journal of Transport & Health, 3(1), 4-8.
https://doi.org/10.1016/j.jth.2015.11.003

Ishida, T., & Matsuura, T. (2001). The effect of cellular phone use on driving
performance. IATSS Research, 25(2), 6-14.

Kahneman, D. (1973). Attention and effort. Prentice-Hall.

Konig, C. J., & Waller, M. J. (2010). Time for reflection: A critical examination of
polychronicity. Human Performance, 23(2), 173-190.

Maciej, J., & Vollrath, M. (2009). Comparison of manual vs. Speech-based interaction
with in-vehicle information systems. Accident Analysis & Prevention, 41(5), 924-930.
https://doi.org/10.1016/j.aap.2009.05.007

Muhrer, E., & Vollrath, M. (2011). The effect of visual and cognitive distraction on
driver’s anticipation in a simulated car following scenario. Transportation Research Part
F: Traffic Psychology and Behaviour, 14(6), 555-566.
https://doi.org/10.1016/j.trf.2011.06.003

National Highway Traffic Safety Administration. (2024). Distracted Driving in 2022.

Niu, J., Wang, X., Liu, X., Wang, D., Qin, H., & Zhang, Y. (2019). Effects of mobile
phone use on driving performance in a multiresource workload scenario. Traffic Injury
Prevention, 20(1), 37—44. https://doi.org/10.1080/15389588.2018.1527468

Oviedo-Trespalacios, O., Nandavar, S., & Haworth, N. (2019). How do perceptions of
risk and other psychological factors influence the use of in-vehicle information systems
(IV1S)? Transportation Research Part F: Traffic Psychology and Behaviour, 67, 113—
122. https://doi.org/10.1016/j.trf.2019.10.011

SAAQ. (n.d.). Portable Electronic Devices: Prohibited While Driving. SAAQ. Retrieved
15 November 2024, from https://saaq.gouv.qgc.ca/en/road-

safety/behaviours/distractions/electronic-devices

186



Statista. (2023). Global automotive infotainment market size 2027. Statista.
https://www.statista.com/statistics/737708/in-vehicle-infotainment-os-and-middleware-

market-size-worldwide/

Starkey, N. J., & Charlton, S. G. (2020). Drivers use of in-vehicle information systems

and perceptions of their effects on driving. Frontiers in Sustainable Cities, 2, 39.

Strayer, D. L., Cooper, J. M., McCarty, M. M., Getty, D. J., Wheatley, C. L., Motzkus, C.
J., Goethe, R. M., Biondi, F., & Horrey, W. J. (2019). Visual and Cognitive Demands of
CarPlay, Android Auto, and Five Native Infotainment Systems. Human Factors, 61(8),
1371-1386. https://doi.org/10.1177/0018720819836575

Watson, A. (2022). In-car infotainment systems global shipments 2015-2022. Statista.
https://www.statista.com/statistics/784966/in-car-infotainment-systems-shipments-

worldwide/

Waugh, J. D., Glumm, M. M., Kilduff, P. W., Tauson, R. A., Smyth, C. C., & Pillalamarri,
R. S. (2000). Cognitive workload while driving and talking on a cellular phone or to a
passenger. Proceedings of the Human Factors and Ergonomics Society Annual Meeting,
44(33), 6-276-6-279.

Wickens, C. D. (2002). Multiple resources and performance prediction. Theoretical Issues
in Ergonomics Science, 3(2), 159-177. https://doi.org/10.1080/14639220210123806

Zhang, T., Liu, X., Zeng, W., Tao, D., Li, G., & Qu, X. (2023). Input modality matters:
A comparison of touch, speech, and gesture based in-vehicle interaction. Applied
Ergonomics, 108, 103958. https://doi.org/10.1016/j.apergo.2022.103958

Zhang, Y., Kaber, D. B., Rogers, M., Liang, Y., & Gangakhedkar, S. (2014). The Effects
of Visual and Cognitive Distractions on Operational and Tactical Driving Behaviors.
Human Factors, 56(3), 592-604. https://doi.org/10.1177/0018720813495279

187






Conclusion

This thesis offers multiple novel perspectives to further our understanding of the
attentional costs of interacting with and delegating to IT artifacts. Through five essays it
addresses different aspects of the overarching research questions of: “to what extent does
IT-delegated primary tasks, specifically Al-delegated tasks, and IT-enabled secondary
tasks, impact the attention and performance of primary tasks over time? And what are
their underlying mechanisms” Together, they provide theoretical and applied insights into
explaining and designing useful user interactions that do not compromise their safety.
Similarly to the case of highly digitized vehicles, in different contexts, user’s attention
and delegation behavior to Al artifacts are shaped by different factors that stems, in part,
from (1) the design of the artifact and the user’s role, (2) the user’s perceived capabilities
and limitations of the artifact, (3) the user’s perceived role, and (4) their interaction history
with similar artifacts. The contributions of this thesis can be grouped under each of these

different aspects.

Through the first essay, this thesis advances a comprehensive conceptualization of
attention that integrates both top-down and bottom-up attentional processes, offering
novel explanations into how attention is allocated to various stimuli. Additionally, it
introduces motivational constructs that elucidate how attention allocation evolves over
time, particularly through top-down mechanisms. Moreover, in addition to associated
avenues for future research, each proposition within the proposed model presents a unique
lever for explaining changes in user attention and suggests methods for influencing it from
a design perspective. These levers encompass the IT artifact and the characteristics of its
stimuli, the user's acquired internal guiding mechanisms, or their learned patterns of
interaction with the IT artifact within task contexts, along with their extrinsic and intrinsic

motivational drivers for engaging in tasks using the IT artifact.

After a reconceptualization of attention from a motivational perspective, this thesis
highlights the role of artifact design and user’s role. First it provides key design guidelines
to enhance the interaction between drivers and Al artifacts, specifically highly automated
driving systems (essay 2). Similarly, it shows the significant effect of designing the



artifact and the user’s role by manipulating the monitoring requests issued to users

supervising Al artifacts (essay 3).

To understand the effects of the artifact’s design and user’ role, as well as the interaction
history of the user, the third essay looks at automation complacency and its effects in the
context of driving and supervising automated systems, the design of driver-system
interactions to mitigate these effects, and the role of the driver's state when not actively
driving or supervising. It shows that automation complacency leads to a decline in
engagement over time, evidenced by neurophysiological changes measured through
FNIRS connectivity, slower response times, and reduced visual attention during
monitoring requests. It shows that this decrease happens over time and carries over to
future interactions. As such, it shows how building an expectation to actively engage in
tasks when designing users’ role of monitoring Al and agentic IT artifacts can mitigate
the associated decline in attention and reduce role ambiguity. Its findings emphasize the
importance of shortening monitoring requests and integrating active engagement tasks
tied to external uncertainties, which counteract habituation and enhance engagement over
time. Additionally, while visually engaging non-driving-related tasks (NDRTS)
negatively impact attention to monitoring requests, these requests remain effective in
reorienting drivers’ focus to the road, even though attention levels are lower than when
no NDRTs are performed. These insights inform countermeasures to address
complacency and improve the design of automated driving systems.

This thesis also highlights the effect of perceived capabilities and limitations of the
artifact, instantiated as trust in Al artifacts (essay 4), and how it drives users’ attention
and promotes behavioral delegation to such artifacts, particularly in in highly dynamic
and risky contexts. Its findings reveal that drivers’ trust in the system, regardless of how
it evolves, leads to increased usage, especially under risky conditions. This behavior is
attributed to an inadequate understanding and overestimation of the system’s capabilities,
which impairs recognition of its limitations and leads to use beyond safe operational
boundaries. When drivers adopt the role of secondary operator and system supervisor
under low attention conditions, this role is influenced by their sense of agency (perceived

control) and trust in the system. While automation complacency accounts for changes in
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supervision and intervention during normal system operation, another key factor shaping
usage is the drivers’ understanding of their prescribed role. Notably, drivers who engage
in non-driving-related tasks (NDRTS) while using HADS experience a loss of situational
awareness. These drivers also show higher HADS use under risky conditions, indicating

a reduced aversion to risk-taking while driving.

Additionally, this thesis provides theoretical and applied insights into the effect of
designing the task and accounting for its context. Specifically, how the presence of
secondary tasks, whether in delegated or non-delegated primary tasks, affect attention and
primary task performance. One of the key contributions of the fifth essay is the
understanding of IT-enabled secondary tasks in highly dynamic and attention-demanding
contexts, specifically the effects of interference from IT-enabled secondary tasks in the
context of driving. It examines the visual-manual and cognitive interference effects of
IVIS use, focusing on two common tasks: texting and browsing or listening to audio
media. When considering different interaction modalities, Al voice assistant vocal
interactions result in lesser interference effects on visual attention. However, their
interference effect on driving behavior is similar to that of visual-tactile interaction with
IVISs. Additionally, the richness of IVIS interfaces in visual-tactile interactions
introduces further interference effects on both visual attention and driving behavior
compared to more traditional in-vehicle IT-enabled secondary tasks. These findings
provide valuable insights into how IVIS design influences driver performance and safety.

While the perceived user’s role has not been explicitly investigated in this thesis, it
remains an important causal mechanism linking the designed and prescribed user’s roles
to the behaviors of use and delegation. Additionally, this work has several limitations.
First, most of the studies were conducted in simulated environments where risks are
reduced in comparison to actual roads, which in turn creates potential differences between
the observed behavior of drivers and those on actual roads. Additionally, the studies in
this thesis focus on relatively short-term effects of the factors driving attention and
primary— delegated and non-delegated — task performance.
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Looking forward, this work highlights the need for future research to investigate the long-
term effects such as longitudinal differences between different systems and interactions
designs. Additionally, while this thesis explores the effects of habituation and learned
complacency on shaping attentional patterns “internal guiding mechanisms” and Al
delegation over time, there is a need to further investigate how learning, training and
experience shape these patterns. For example, how learning, training and experience
shapes the use of Al agentic artifacts in organizational contexts, where interventions
targeting these factors can be more easily controlled.

Similarly, we call on further investigation of the design of context specific “external
guiding mechanisms” of attention for the supervision of Al delegated task as well as the
intervention and control takeover of these tasks. Additionally, such design of Al artifacts
should also aim to account for individual differences whether through personalisation or
adaptive designs. Furthermore, while our theoretical and empirical insight can be
generalized to a certain extent to different contexts, we still need to look at the effect of

the level of risk and dynamism associated with each context.

In addition to the interaction history with these artifacts which creates user’s attentional
habits “patterns”, there is a need to holistically understand the role that the perceived
capabilities and limitations of Al artifacts plays in delegation behavior. With the increase
of such Al agentic artifacts, we need to understand how users build their own
understanding of these capabilities and limitations and how much do they build on prior
history of interactions with other artifacts. From a design perspective, this raises the
question to whether we need to standardize the design of such artifacts and when and how
to differentiate them to counteract previously acquired inappropriate patterns of use and

interaction.

This thesis provides multiple theoretical and applied insights into the attentional costs
associated with IT interference and IT delegation, as well as their underlying mechanisms.
While IT interference remains a relevant phenomenon, delegation to agentic IT artifacts
is a novel phenomenon that will continue to grow. As this phenomenon continues, it is

crucial and urgent to understand its related behaviors for both theory and practice.
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