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“There is no such thing as a disembodied mind. The mind is implanted in the
brain, and the brain is implanted in the body.”

– Antonio Damasio
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Trees, you helped me organize myself whenever my thoughts were a mess.

Elisa, you were my first roommate and best friend here. My first years in this trajectory
were so much lighter with you around. Alexandra, my office roommate. We became instant
friends, you shared my joys, my frustrations and my conquests. Your always made me see
the bright side whenever things got dark. I miss our daily tintos and I will forever cherish
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also instant - I had the pleasure of watching you get married, get pregnant, and get pregnant
again, and in themidst of it all, defend your dissertation. Watching you do all of this inspired
me to do it myself. Thiago, mano! My best brazilian friend in Tilly, my partner in crime,
my PhD colleague, Post-doc, Professor - thanks for all the support! Mari, you supported me
from far away, through all of the ups and downs, I knew I could always count on you. Juliya,
thank you for cheering me on during this process. I miss having you as my down the street
neighbor and thepossibility to call you to go for awalk. Our conversations always encouraged
me, inspiredme, and gaveme strength to keep on going. Paris, thank you for lettingme drive
your car while you were away and for always being available to help if I needed anything. I
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am happy you decided tomake Tilburg your home! Mirella, it has been a pleasure sharing an
office with you as I wrapped up my dissertation.

Marie, you saw the academic in me while supervising myMaster thesis. You knew that I
had what it takes, and you pushed me forward during the times I thought I could not keep
going. You taught me how to harness uncertainty, and that it is okay to have open questions.
Working with you has led to a journey where we have had deep conversations, asked difficult
questions, and completedwonderful projects together. Óscar, thank you for the opportunity
for a research visit that has led an exciting collaboration and supervision! Your passion for
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support, company, brainstorming sessions, and awonderful collaboration in papers together.
Myrthe, you reviewed my first publication and here I am nowworking together with you on
many more exciting projects! All my fellow PhD colleagues - those who came before me and
those coming after me - you have made this ride all the more memorable. Seeing some of
you defend inspired me to get here now. For those of you who have yet to finish, I hope my
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1
Introduction

The introduction to this chapter was adapted from: Dias da Silva-van Riel, M., Branco, D.,
Faber, M. & Postma, M. (2021). Mind and body: The manifestation of mind wandering
in bodily behaviors. In N. Dario, & L. Tateo (Eds.), New Perspectives on MindWandering.
Springer.
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Cogito, ergo sum. According to the standard philosophical interpretation of this well-
known statement, Descartes expressed that we know that we exist because we are aware of
our thoughts. In other words, our existence depends on our ability to be aware of ourselves
as agents in the world. Alternatively, though, one could argue that sum, ergo cogito, for it is
the very fact that we exist– that our brains reside in a physical body– that enables us to be
conscious. That is, the experience of our thoughts depends on our physical manifestation
and interaction with the world. In that way, cognition and perception are intertwined with
action, and together, our minds and bodies interact in order to navigate the world around us.

The way we act upon the world around us is both constrained and driven by the affor-
dances of our environment, which we learn through experience and knowledge acquisition
throughout life. For instance, we know that a glass can hold liquid, that we can drink from it
by picking it up and bringing it to the mouth, and that it shatters when it falls. This means
that we can also make predictions: if a glass drops from one’s hands, there will be a noise fol-
lowed by sharp shards lying on the floor. Hearing the noise and potentially freezing (because
the new situation might be dangerous) are typical ways in which the body interacts with
the environment: perception (a noise) leads to a prediction (danger), which leads to an ac-
tion (freezing). This, in turn, leads to a new situation in which one checks the environment
for sharp shards, followed again by predictions and actions. This process is known as the
perception-action cycle (Fuster, 2002, 2004). The fact that we constantly make predictions
about the environment that guide our actions means that we need to be aware of the affor-
dances of the environment. This means that there is a tight coupling between our behavior
and the environment such that strong predictionsmakemovements almost automatic, while
small deviations inevitably lead to accidents.

These deviations become more likely when our attention needs to be divided between
the world around us and the world within us. During a substantial part of our daily lives,
our thoughts are not focused outwards towards external events and stimuli, but rather in-
wards, processing internal states that are decoupled from the reality around us at that partic-
ular moment. For centuries, philosophers, writers, and scientists have tried to understand
the purpose and dynamics of such thoughts, yet only more recently, we have begun to exam-
ine experimentally how and why humans entertain cognitions with little relation to external
events, and how this process manifests in observable behavior. More interest in internally di-
rected cognition has been ignited by the discovery of the default mode network by Raichle et
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al. (2001), who found that during resting episodes recorded using functional magnetic reso-
nance imaging (fMRI), the brain is, in fact, far from idle. A streamof thoughts flows through
our minds related to exteroceptive signals (e.g., lights, sounds, smells), interoceptive signals
(e.g., hunger, tiredness), as well as internally generated, stimulus-independent thoughts akin
to mental simulations and related to our memories, goals, and plans for the future. This pro-
cess is often referred to as mind wandering, and can be characterized by a decoupling of at-
tention and information processing from the external environment in favor of internally gen-
erated thoughts and feelings (Smallwood & Schooler, 2006; Smallwood & Andrews-Hanna,
2013; Smallwood, 2013). Numerous studies have shown that mind wandering sometimes
arises spontaneously andwithout conscious awareness, while at other times it appears to be a
deliberative act where attention is consciously directed to a particular train of thought (Seli,
Risko, Smilek, & Schacter, 2016). A typical example of mind wandering without awareness
whichwehave all likely experienced occurs during reading, whenwemayfindourselves reach-
ing the end of a page, but having no idea what we just read or where our thoughts went in
the meantime (Schooler et al., 2011). Mind wandering with awareness, would occur, for in-
stance, if during a lecture, you find yourself mentally planning your holidays instead.

Mind wandering is pervasive in our lives, and though functional to our existence, it is
also disruptive to a variety of behaviors. Mind wandering during a lecture, for example, may
lead one to miss crucial information relevant for an exam. Moreover, mind wandering may
hinder productivity. While writing this dissertation, for example, I find that the more my
mind wanders to my next vacation destination or to what I am going to have for dinner, the
longer I will take to actually defend this thesis. In a possibly more serious scenario, mind
wandering may even lead a distracted driver to a (fatal) car accident.

1.1 Definition

To date, there is no consensus regarding the definition of mind wandering thoughts. Some
refer to mind wandering experiences as task unrelated or stimulus-independent thoughts
(Matthews et al., 1999; Smallwood & Schooler, 2006, 2015). Others highlight the impor-
tance of considering the dynamics of these thoughts (relatively spontaneous with low auto-
matic constraints Christoff et al., 2016). Still others highlight the importance of distinguish-
ing between intentional and unintentional mindwandering thoughts (Seli, Risko, Smilek, &
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Schacter, 2016). In order to reconcile all of these different perspectives, a family-resemblance
viewwas proposedwhich considersmindwandering as an umbrella termwhich encompasses
related, and often overlapping, experiences (Seli, Kane, et al., 2018). What is of importance,
is that researchers clearly define how they conceptualize and operationalize mind wandering
in their studies. In this dissertation, I conceptualize mind wandering as an attentional decou-
pling from perceptual information from the environment towards any internal thoughts or
feelings. Operationally in the studies introduced here, I present it in juxtaposition to focused
attention towards a task.

1.2 Thesis structure

This thesis consists of a literature review (Chapter 2) and findings from experimental studies
(Chapters 3 - 6) in which I investigate how finemotormovements and EEGmeasures change
during reported states of mind wandering with respect to focused attention towards a task
and examine differences in an individual disposition to mind wander in daily life. In what
follows, I outline the specific goals of this dissertation. Table 1.1 indicates the chapters in
which readers can find answers to this dissertation’s research questions.

1.3 ResearchQuestions

Research Question 1: How doesmindwanderingmanifest in brain and bodily signals across
different tasks? In Chapter 2 I present a literature review on mind wandering in the context
of perception and action, where I address its conceptualization, its behavioral and neurophys-
iological correlates and the relevance of triangulating different measures for the detection of
mind wandering.

Research Question 2: How do motor movements during reported episodes of mind wander-
ing differ frommotormovements during focused attention? InChapter 3 I investigatewhether
computer mouse movements can be used as indicators of mind wandering during a demand-
ing working memory task, and which features derived from mouse tracking measures are
most important in predicting mind wandering.
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ResearchQuestion 3: Are deeper reported episodes ofmindwandering associatedwith greater
differences in motor movements? In Chapter 4, I expand upon Chapter 3 and investigate
the effect of (different degrees of) reported mind wandering episodes on computer mouse
movements during a fine motor control task.

ResearchQuestion 4: Towhat extent do traitmeasures ofmindwandering convergewith state
measures of mind wandering? In Chapters 5 and 6, I investigate the relationship between
dispositional and state measures of mind wandering using behavioral and neural measures.

Research Question 5: To what extent can mind wandering be distinguished from focused at-
tention using EEG activity during performance of a continuous visuomotor tracking task? In
Chapter 6, I investigatewhether conscious focused attention canbe distinguished frommind
wandering during performance of continuous bodily action by means of electroencephalog-
raphy.

Chapter
2 3 4 5 6

RQ

1 ✓
2 ✓ ✓
3 ✓
4 ✓ ✓
5 ✓

Table 1.1: Thesis structure. This table indicates which chapters answer which research questions.

1.4 Overview

Inwhat follows, I provide a brief summary of the remainder of the dissertation. In this thesis,
I demonstrate that mind wandering can influence behavior by causing a partial breakdown
of the perception-action cycle. Perception of external stimuli is attenuated duringmindwan-
dering and, therefore, predictions and actions become more inaccurate or less efficient. In
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a literature overview (Chapter 2), I present evidence from studies measuring accuracy, re-
action times, eye tracking, motor behavior, and EEG, which supports this notion. In two
experimental studies, I focus on a particular measure, namely, fine motor movement, and
demonstrate how changes in motor behavior during execution of computer mouse move-
ments differ prior to reported states of mind wandering from reported states of focused
attention. From a methodological perspective, within the domains of attention, attention-
tracking, and human-computer interaction, mouse-tracking is a valuable tool that can be
used to trace the evolution of cognitive processes. However, it has not been previously inves-
tigated as a tool to detectmindwandering. As amouse is a primarymeans of interactingwith
computers in day-to-day tasks, measuring mouse movements as people mind wander can be
easily run as a background process in a non-intrusivemanner duringmouse-based tasks. Vari-
ousmeasures can be derived from the x- and y- coordinates across timewhich provide insight
into the dynamics of attentional processes during performance of a task.

InChapter 3, I usemouse-tracking as amethod to investigate howfinemotormovements
change prior to reports of mind wandering and to what extent they can be used to detect
mind wandering during an online, forced-choice working memory task. I found that prior
to reported episodes of mind wandering, participants took longer to initiate and to complete
a movement response. Moreover, participants flipped the cursor more often along the x- and
y-axes. More flips indicate that movements were more corrective prior to reported episodes
of mind wandering. I demonstrated for the first time that motor movements are sensitive to
changes in attentional focus and can be used to predict episodes of mind wandering. From
a theoretical perspective, previous research proposes that mind wandering is accompanied
by variations in arousal. Our findings suggest that these variations in arousal are reflected in
initially slower and more corrective hand movements.

In Chapter 4, I investigate how fine motor movements change prior to reports of mind
wandering during a visuomotor tracking task. Prior to reported episodes ofmindwandering,
motor movements were more erratic and less variable, indicative of reduced attentiveness to
the continuous demands of the external task. In addition, I directly demonstrate for the first
time that, the deeper the reported episodes of mind wandering, the more salient the differ-
ences in motor behavior, indicating that perceptual decoupling takes place in a graded rather
than in an all or nothing fashion. I demonstrate here that not only ismouse tracking sensitive
to changes in attentional focus, but also to the extent to which participants are disengaged
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from a task.
Although mind wandering is ubiquitous in daily life, individuals also vary according to

their general tendencies to mind wander. It was therefore also my aim in Chapters 5 and 6
of this thesis to investigate to what extent trait measures of mind wandering converge with
reported episodes of mind wandering both behaviorally and neurophysiologically. Most psy-
chological constructs comprise dispositional components which are relatively stable across
situations and time, as well as state components which vary across situations and time (Hert-
zog & Nesselroade, 1987). Therefore, when assessing the occurrence of mind wandering as
a psychological construct, it is relevant to knowwhether mind wandering states are reflective
of individuals’general tendencies to mind wander or whether there are time and situation-
dependent deviations to these tendencies (Eid & Diener, 2004). The general assumption is
that individuals who are more predisposed to mind wander in daily life should also consis-
tently mind wander more in most situations (Rummel et al., 2021). Nevertheless, there may
be situations where traits do not translate into behaviors (Endler & Kocovski, 2001); for in-
stance, if the facet of trait mind wandering being assessed is incongruent with the situation
in which state mind wandering is being assessed. Indeed, our findings in chapters 5 and 6
demonstrate that there was a discrepancy between an individual disposition to mind wander
in daily life and actual mind wandering during a task. Firstly, there was no correlation be-
tween the extent to which individuals mind wander in daily life and the frequency of mind
wandering episodes during task performance. Second, lower trait level mind wandering was
associated with more varied thought content during the task. Finally, with regards to the
neurocorrelates of mind wandering, increases in power of low frequency signal seem to be
common to both trait and state mind wandering; however, the trends at higher frequencies
are less clear.

In Chapter 6, I present novel findings with regards to the neurocorrelates of state and
trait mind wandering during a motor task which resembles a naturalistic setting conducive
to mind wandering. By extracting ERP and time-frequency measures from EEG recordings
during the task, I found thatmindwandering episodeswere associatedwith an attenuation in
the P3, increased delta, theta, and alpha power and reduced beta power. Interestingly, attenu-
ation in beta powerwas limited to the right hemisphere, suggesting that there are hemispheric
differences associated with mind wandering during tasks that require continuous processing
of visuomotor input. Moreover, I investigated for the first time the neurocorrelates of trait
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mind wandering using EEG and found that trait mind wandering was associated with in-
creased delta and gamma power and a reduced theta-beta ratio. Our research builds upon
previous research conducted in different settings and indicates that a reduced P3, and in-
creased theta, delta and alpha seem to generalize across tasks. Moreover, it demonstrates for
the first time that there are distinct EEG correlates of both trait and state mind wandering.

In sum, I demonstrate in this thesis that the use of convergent behavioral, motor, and
neurophysiological (EEG) measures contribute to a more in-depth understanding of how
the perception-action cycle is disrupted during mind wandering experiences under different
tasks. The findings presented here indicate that mouse tracking is a promising method to
track continuousmotormovementswhich, in conjunctionwithmeasures fromothermodal-
ities such as EEG, can be used to detect an attenuation in sensory and perceptual processing
during mind wandering. With regards to individual differences in a tendency to mind wan-
der, self-reported, behavioral, and neurologicalmeasures of dispositionalmindwandering do
not entirely converge with measures of state mind wandering during performance of a task
and seem to depend on contextual and individual factors. Finally, I demonstrate through
both measures from motor movements and from EEG that perceptual decoupling is not an
all-or-nothing state, but rather takes place in a graded fashion.
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2
Literature Review

This chapter addressesResearch Question 1: How does mind wandering manifest in brain
and bodily signals across different tasks?
Adapted from: Dias da Silva-van Riel, M., Branco, D., Faber, M. & Postma, M. (2021).
Mind and body: The manifestation of mind wandering in bodily behaviors. In N. Dario, &
L. Tateo (Eds.),New Perspectives onMindWandering. Springer.
& Dias da Silva-van Riel, M., Postma, M., & Faber, M. (2021). Windows to the mind: Neu-
rophysiological indicators of mind wandering across tasks. In N. Dario, & L. Tateo (Eds.),
New Perspectives onMindWandering. Springer.
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On-task, focused behavior varies according to the type of task being performed—and
similarly, so does behavior associated withmind wandering. Evidence collected in past exper-
imental studies shows convincingly that mind wandering can be detected from various types
of physical behavior due to its disrupting effect on instrumental, goal-oriented behavior on
the one hand, and by its association with non-instrumental behaviors on the other hand. In
this chapter, we review multimodal behavioral and neurophysiological correlates of mind
wandering (eye gaze, body movements, EEG, and fMRI measures), and how they converge
(or diverge) across different types of tasks. Moreover, we discuss the value of integrating fea-
tures from different modalities for predicting mind wandering using machine learning and
modelling techniques in the context of learning and education.

2.1 Introduction

Mindwandering seems to be an essential human characteristicwhich enables us to remember
the past, to plan for the future (Baird et al., 2011;Mooneyham&Schooler, 2013; Smallwood
& Schooler, 2015), and to be creative (Baird et al., 2012). It also provides us with freedom
from immediacy (Smallwood&Andrews-Hanna, 2013) andmakes it possible for us to travel
through time as we daydream (Baird et al., 2011). In fact, mind wandering seems to allow us
to integrate our past and present selves with our future and imaginative experiences, serving
to consolidate ourmemories (Wamsley, 2018) and to create andmaintain a coherent sense of
self (Mooneyham & Schooler, 2013; Ottaviani et al., 2013; Smallwood & Andrews-Hanna,
2013; Tulving, 1987). Some researchers assume that mind wandering can be linked to the
default state of the human brain (Mills et al., 2018). In this default state, thoughts ceaselessly
move from one topic to the next, with heightened variability over time. This flow and vari-
ability might serve to improve episodic memory efficiency (Faber, 2020). This seems to be
supported by studies both in laboratory settings (Wamsley& Summer, 2020) and in daily life
(Smith et al., 2018).

Despite its various benefits, mind wandering has been found to be detrimental in a wide
variety of contexts, including both non-demanding and challenging tasks. It has been associ-
ated with decreased text comprehension (Krawietz et al., 2012; Smallwood, McSpadden, &
Schooler, 2008) aswell as increasednumber of errors inmemory (Riby et al., 2008), including
working memory (Banks & Boals, 2017; Mrazek, Smallwood, Franklin, et al., 2012) and vigi-
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lance tasks (Stawarczyk et al., 2011;McVay&Kane, 2012). In daily life, mind wandering has
been related to lower performance in general aptitude tests (Mrazek, Smallwood, Franklin, et
al., 2012), and learning and performance in academic contexts (Wammes et al., 2018). It has
even been used to explain differences in the Socioeconomic Status Academic Achievement
Gap (Gearin et al., 2018).

The ebb and flow of mind wandering thoughts is dependent on a variety of factors. As
such, the extent to which mind wandering is detrimental (or conversely, beneficial), varies
largely according to the context in which it takes place. Across a variety of experience sam-
pling studies, students1 report mind wandering during around 30% of their daily lives (Kane
et al., 2007; McVay et al., 2009). Unsworth &Mcmillan (2012) found that three quarters of
thesemindwandering reports take place in the classroom. Mindwandering is thereforemore
likely to take place during classroom-related activities than in every-day life. However, mind
wandering rates vary according to the type of activity being performed in the classroom. For
example, Schoen (1970) note that students report being focused approximately 67% of the
time during lectures, 75% of the time during discussions, and 83% of the timewhen problem
solving. Not surprisingly, less mind wandering takes place in more interactive and engaging
activities in the classroom. More recently, Wammes et al. (2016) found mind wandering in
the classroom to be related to both short term (quizzes) and long term (exams) performance
decrements2.

As educational activities require considerably more sustained attentional focus than ev-
eryday activities, it is not surprising that more mind wandering takes place in classroom set-
tings. In line with this, the negative consequences of mind wandering in tasks requiring sus-
tained attention – such as attending a lecture, reading an article, or studying for an exam– are
also greater than in largely automatized day-to-day tasks, such as having breakfast, checking
e-mail, or scrolling through social media feed (Szpunar et al., 2013). Relatedly, mind wan-
dering frequency generally decreases with task difficulty. However, once a task becomes too
difficult (Smallwood & Andrews-Hanna, 2013; Smallwood, 2013), mind wandering rates
increase again. Whenever a task is easy, there are sufficient attentional resources for both
task performance and for mind wandering. Once a task becomes exceedingly difficult, either

1Apparently, this seems to be true not only for students, but also for the general population (Smallwood &
Schooler, 2015).

2In the study, intentional mind wandering was associated with poorer quiz results and unintentional mind
wandering was associated with poorer exam results.
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because of lack of knowledge or resource depletion, attention is decoupled from the task at
hand and mind wandering ensues (Smallwood &Andrews-Hanna, 2013; Smallwood, 2013;
Randall et al., 2014).

Given theprevalence and the detrimental effects ofmindwandering in classroom settings,
it would be helpful if educators could be provided with tools to detect when these episodes
take place. Such informationmight also be particularly useful for intelligent tutoring systems.
In what follows, we discuss different subjective and objective measures of mind wandering.
We then discuss the relationship between cognition, bodily behaviors and neurophysiologi-
cal markers. We argue for the value of integrating multimodal markers of mind wandering
into computational models in order to further our understanding of mind wandering in the
context of perception and action.

2.2 Measuring mindwandering

2.2.1 Subjective measures

Perhaps the most straightforward method for measuring mind wandering is to directly ask
people about the content andunfoldingof their thoughts. This canbe accomplished through
questionnaires, online self-reports, and offline self-reports. Questionnaires includemeasures
that either tap intomindwandering as a trait (e.g., overall self-generated thought tendencies),
or as a state (e.g., howmuch aperson thinks theymindwandered in a specific situation). Trait-
level measures, such as the Imaginal Process Inventory (IPI; Singer & Antrobus, 1972), the
Mind Wandering-Deliberate and Mind Wandering-Spontaneous questionnaire (Seli, Risko,
& Smilek, 2016), or the Mind Wandering Inventory (Gonçalves et al., 2020), capture sta-
ble self-generated thought tendencies. However, trait-level measures are not always reliable
predictors of task-related behavior: previous work has shown a discrepancy between mind-
wandering proneness scores (trait-level) and self-reported online mind wandering measures
and eye-gaze basedmeasures during reading (Faber et al., 2017). It is possible that this lack of
convergence is due to inaccurate self-appraisal or other biases. However, it could also reflect
a meaningful distinction, such as a discrepancy between the experience of mind wandering
during everyday life and during a cognitively demanding task, or a distinction between be-
ing able to report a gist-level measure of mind wandering versus having awareness of and/or
access to individual mind wandering thoughts (Dias da Silva et al., 2020).
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There are several measures that aim to tap into state-level processes. Retrospective ques-
tionnaires typically are designed to have participants characterize the average content (Seib-
ert & Ellis, 1991) or frequency (Matthews et al., 1999; Smallwood, O’Connor, et al., 2004)
of thought during a preceding period, but are prone to memory-related errors or omissions
(Ellamil et al., 2016). Online reports involve intermittently asking individuals about the con-
tents of their thought in real-time. These questions, referred to as probes, are used to track
the contents of thought during resting state, during performance of an experiment, or in
everyday life using smartphone applications for example. An alternative to probing partici-
pants during a task is to ask individuals to report whenever they catch their minds wandering
(Smallwood & Schooler, 2015). However, most individuals’ ability to catch their mind in
flight and to report on the mental processes and dynamics that give rise to thought content
is generally considered to be poor (Ellamil et al., 2016). There are some individuals, however,
such as experienced meditators, who have high-levels of meta-awareness. These individuals
are capable of catching their mind wandering episodes in flight with high temporal preci-
sion. Therefore, an alternative experience sampling approach to tapping into the dynamics
ofmindwandering is to collect self-reports from these individuals while they undergo a brain
scan (e.g., fMRI), a method called neurophenomenology (Ellamil et al., 2016).

Online reports appear to be the best method to date. Moreover, they are less prone to
memory and self-serving biases, which could influence both retrospective and trait question-
naire reports. In addition, they can yield the richest data, as they enable a large number of dis-
tinctive thought reports that can reveal corresponding distinctive neural, physiological and
behavioral correlates. Nevertheless, experience sampling approaches alone cannot capture
moment-to-moment fluctuations between states of mind wandering and focused attention.
Therefore, it is important to triangulate different direct measures of mind wandering with
indirect behavioral measures such as accuracy and neurophysiological measures across tasks
(Smallwood & Schooler, 2015).

2.2.2 Objective measures

As outlined above, the phenomenonofmindwandering has been studied extensively over the
last decade. However, most studies suffer from inherent limitations imposed by their reliance
on subjective measures of mind wandering. These subjective self-reports are critically depen-
dent on meta-awareness, which is the explicit awareness of the content of thought (Small-
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wood & Schooler, 2006; Schooler et al., 2011). To alleviate these issues, attempts have been
made tomeasuremindwanderingby triangulating self-reports, behavioralmeasures, andneu-
rocognitive measures (e.g., Faber et al., 2017; Mittner et al., 2014; Smallwood & Schooler,
2015).

2.3 Behavioral and neurophyisiological findings

During most of our waking moments, we are engaged in some sort of movement, often well
practiced and automatized, such as reaching for objects, walking, and speaking. We do not
need to actively think about these well practiced actions – we simply perform them as we
engage in goal oriented behavior, with little to no demands on our attention (or conscious
input). There are, however, bodily movements that do not serve a clear purpose in the out-
side world – such as fidgeting, tapping one’s fingers or feet, rubbing the chin, or twirling the
hair while paying attention to an unrelated external stimulus. Arguably, these types of behav-
iors are indicative of mind wandering and thus represent physical expressions of our mental
state, i.e., its embodiment. In the following sections, we first address the manifestation of
mind wandering in a sensory-motor decoupling resulting from a partial breakdown of the
perception-action cycle during executions of bodily behaviors associated with goal-oriented,
attentive actions. More specifically, we discuss a variety of behavioral and neurophysiologi-
cal correlates of mindwandering, including findings from eyemovements, handmovements,
and EEG (electoencephalogram. We then discuss the links between mind wandering and
non-instrumental bodily behaviors.

2.3.1 Sensory-motor decoupling

There is a bidirectional relationship between attention and correlated bodymovements such
that regions in the brain associated with motor-planning influence attention (Moore et al.,
2003; Armstrong & Moore, 2007; Knudsen, 2007), and in turn attention influences senso-
rimotor brain areas (Rosenkranz & Rothwell, 2004) as well as sensorimotor integration (Ve-
lasques et al., 2013). When themind wanders, there is an attenuation of processing in neural
systems that are often engagedwith the external sensory-motor environment inorder to guide
behavior (Kam & Handy, 2013; Smallwood & Andrews-Hanna, 2013). Various studies in-
dicate that there is a decrease in alertness and sensory processing during mind wandering. In
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support of this claim, experimental studies consistently report higher variability in reaction
times (e.g., McVay & Kane, 2009; van Vugt & Broers, 2016) and reduced accuracy in a va-
riety of tasks (e.g., Smallwood & Schooler, 2015) during mind wandering states. Although
it is not yet clear at what point behavior starts to waver, previous work has shown that in a
metronome task, behavioral variability is significantly higher across the five trials prior to a
mind wandering report than before an on-task response (Seli, Cheyne, & Smilek, 2013). In-
deed, there is evidence to suggest that the response time variability in the four to eight trials
preceding a positive mind wandering probe is a robust predictor of mind wandering (e.g.,
Bastian & Sackur, 2013).

Although the increase in behavioral variability has been firmly established in the litera-
ture, there are conflicting findings with regard to whether responses speed up or slow down
duringmindwandering across a variety of tasks. While some studies have shown that faster re-
sponses are associatedwithmindwandering (e.g., SART;McVay et al., 2009;McVay&Kane,
2012, collapsed across four trials preceding a report), others have demonstrated that response
times linearly decrease duringmindwandering episodes (Bastian&Sackur, 2013; Smallwood,
McSpadden, Luus, & Schooler, 2008). When further investigating the time course of re-
sponses prior to a mind wandering report, there is evidence to suggest that response times
are in fact faster in the five to two trials before a mind wandering report, followed by a sharp
decrease in the trial just before the report (Henríquez et al., 2016). Despite methodological
differences across the cited studies, these findings appear to suggest that the variability asso-
ciated with mind wandering is not simply a result of linearly slowing down, but potentially
speeding up and then slowing down. Further research that scrutinizes the time course of on-
and off-task behavior across larger time scales might shed light on these time-dependent rela-
tionships. Taken together, and irrespective of the direction of the relationship, these findings
point towards the idea that bodily behavior (in this case, response time) deviates fromon-task
behavior duringmindwandering, suggesting that there is a degree of decoupling between the
perception of the external environment and the bodily action.

Hand movements

Behavioral measures such as reaction times provide valuable insight with regards to the rela-
tion between mind wandering and task performance. However, these measures are unable
to capture the fine-grained dynamics of movement leading up to the crucial moment during
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whichperformance ismeasured (usually a click or a buttonpress). As embodied cognizers, we
adaptivelymonitor andminutely adjust ourmovements in response to external demands on a
moment-to-momentbasis in our daily lives. Therefore, it is likely that the effects ofmindwan-
dering on behavioral control involve more than just speed and accuracy of responses (Kam
et al., 2012). Dynamic measures across time obtained from process tracing methods are a
promising method that allows for collecting more detailed information about this process.

Mindwandering during a forced-choice reaching task. In the study reported inChapter 3,
we trackedparticipants’ finemotormovements andmeasuredmindwanderingunder ahighly
engaging and cognitively demanding task3. During this task, participants were instructed to
memorize a series of letters while at the same time performing mathematical operations for
approximately 20 minutes. After each set of letter recall and math operations, participants
could have selected one out of three probe responses: 1) I was focused on the task, 2) I was
concerned aboutmyperformanceon the task, or 3) Iwas thinking about somethingunrelated
to the task; where the third alternative indicated mind wandering (operationalized as task-
unrelated thought). We extracted various mouse tracking measures from x- y- coordinates
recorded across time. Using these measures as features in several machine learning models,
we were able to predict mind wandering above chance level. We found that computer mouse
movements become more complex (operationalized by more direction changes along the x-
and y-axes), less direct, and slower during mind wandering than during moments of focused
attention. Upon closer observation of the speed of the movements, we found that not only
weremovements slower in general, but also the first phase of the reachingmovement towards
a response was slower. More specifically, this means that individuals took longer to commit
to a response whenever they were mind wandering.

Mind wandering during a visuomotor tracking task. In the study reported in Chapter 4,
we investigated the relationship between finemotormovements during amonotonous track-
ing task, lasting approximately one hour. Participants were instructed to trace the path of a
moving ball on a screen, while intermittently reporting whether or not they were focused on
the task. Whenever they were mind wandering, participants indicated to what extent their
attention was decoupled from the environment, to what extent they imagined being some-

3Operation Span task (Unsworth et al., 2005).
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where else, and to what extent the content of their thoughts varied. We found that whenever
participantsweremindwandering, their handmovements deviatedmore from thepathof the
ball and were less variable. Moreover, the deeper the reported episodes of mind wandering,
the more erratic and less variable their hand movements.

In line with previous work (Kam et al., 2012), we found that fine motor movements
change in relation to one’s attentional state. During both a reaching task and during a track-
ing task, the action-perception loop appears to be disrupted by the mind wandering process
resulting in less efficient hand movements.

Eye movements

One particularly promising avenue is the use of eyemovement to detectmindwandering: eye
tracking is cheap, non-invasive, minimally intrusive, and scalable to naturalistic settings such
as classrooms (Bixler & D’Mello, 2016). Eye movement recordings tap into what is known
as the “eye-mind link” (Just &Carpenter, 1976), namely that gaze reflects the deployment of
cognitive resources to the external world. Accordingly, as reviewed below, studies have found
that a number of gaze parameters are linked to mind wandering, and are broadly thought to
reflect the decoupling of attention from processing external stimuli that occur during mind
wandering (Smallwood & Schooler, 2006). The first notion of studying eye movements to
understand mind wandering stems from the 1960s when researchers found that eye move-
ments and blinks weremore frequent when participants were actively engaged in thinking or
suppressing a daydream than when they were mind wandering (Antrobus et al., 1964). Sub-
sequent studies have attempted to identify the eyemovement correlates ofmindwandering—
mostly in the domain of reading—but findings have been mixed. Below, we will first discuss
what normal reading behavior looks like, followed by a discussion of studies that have looked
into how gaze behavior changes during mind wandering during reading and other tasks.

During attentive reading, eye movements typically follow a regular pattern (i.e., from
word to word), and fixation durations—the period of time when gaze remains relatively still
and new information is acquired—vary as a function of the length, frequency, and process-
ing difficulty of the words in the text (Foulsham et al., 2013; Reichle et al., 2010). That is,
more difficult words are associated with longer fixation durations on words, a pattern that is
thought to reflect greater lexical and linguistic processing for that word. Moreover, roughly
10-15 percent of saccades—the period of time when the eyes are in motion—regress (back-
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ward eye movements) to previous words (Rayner et al., 2006), and become more frequent
during difficult parts of the text where comprehension requires greater processing. Left-to-
right saccades also typically become shorter, as measured by the angular distance of the sac-
cade (saccade amplitude), within more difficult texts, so that each word is carefully fixated,
processed, and understood (Rayner, 1998). Considered collectively, the gaze patterns ob-
served during normal reading are thought to reflect systematically the real-time lexical and
linguistic processing demands for the given text.

Studies investigating mind wandering during reading (i.e., mindless reading), however,
have identified deviations in gaze patterns from focused reading, which, when considered col-
lectively, suggest a decoupling between gaze and text features (D’Mello et al., 2013; Faber et
al., 2017; Loboda, 2014; Schad et al., 2012). As one illustrative example, Reichle et al. (2010)
recorded eye movements as participants read an entire novel over the course of several days.
Periodically, participants self-reported whether they were attentively reading or mind wan-
dering in a givenmoment. Results showed that self-reportedmindwandering was associated
with longer fixation durations, with observable differences up to 120s prior to the self-report.
Furthermore, the variability in fixation durations associated with mindless reading was un-
related to word length or frequency, unlike fixation durations during normal reading. This
finding in particular suggests that the link between eye movements and linguistic character-
istics (e.g., longer fixation on longer, low frequency words) breaks down during mindless
reading.

Subsequent studies have focused on establishing the relationship betweenmindless read-
ing and fixation parameters, such as the number of fixations, their duration, and dispersion
(Bixler &D’Mello, 2014; Bixler et al., 2015; Faber et al., 2017; Frank et al., 2015; Uzzaman&
Joordens, 2011), but results are mixed in terms of direction and significance of the observed
effects (e.g., Foulsham et al., 2013; Steindorf & Rummel, 2020). Moreover, there are also in-
consistent findings regarding other gaze parameters, such as saccades. For instance, mindless
reading has been associated with changes in left-to-right reading behavior, with some studies
showing smaller (Bixler & D’Mello, 2014), longer (Bixler et al., 2015), and fewer saccades
(Faber et al., 2017) during mindless reading, and others showing the opposite effects (Foul-
sham et al., 2013). Some studies indicate that mindless reading is also associated with fewer
regressions (Reichle et al., 2010; Foulsham et al., 2013; Uzzaman & Joordens, 2011), but
others have shown that this effect interacts with age (Frank et al., 2015). The collective con-
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clusion from these investigations suggests that eye movements do change during mindless
reading—which likely reflects a change in the cognitive processes that support comprehen-
sive reading, such as lexical and linguistic processing—but the direct relationship between
eye movements and mind wandering during reading remains underspecified. Moreover, it
remains unclear what gaze behaviors are reflective of mind wandering more broadly—such
as contexts with limited visual information (e.g., listening to an audio book) or stimuli that
strongly direct visual attention (e.g., watching narrative films; Loschky et al., 2015)—which
would provide further insight into how visual and cognitive processes operate under varying
states of attention.

Indeed, relatively few studies have explored the gaze correlates of mindwandering in con-
texts other than reading, and those that did displayed some heterogeneity in their observed
associations. To illustrate, during narrative film comprehension, mind wandering is accom-
panied by a decrease in smooth pursuit of salient objects (Mills et al., 2016). When watching
a lecture on the other hand, gaze parameters that capitalize on these local relationships (e.g.,
pursuit of salient objects) did not contribute much to the identification of mind wandering
over and above the characteristics of fixations and saccades (Hutt et al., 2017). However, re-
cent work has shown that viewers fixate more on the lecturer whenmind wandering, and fix-
ations in the lecture slides become longer and less dispersed (H. Zhang et al., 2020). For learn-
ers interacting with an intelligent tutoring system, mind wandering could be predicted from
context-independent (global) gaze parameters such as fewer fixations and saccades, more dis-
persed fixations, and longer and slower saccades (Hutt et al., 2016, 2017). Likewise, when ex-
ploring a visual scene for a latermemory task, fewer, longer, andmore dispersed fixationswere
associatedwithmindwandering (Krasich et al., 2018). In the context of driving, however,He
et al. (2011) found that participants made fewer horizontal saccades when mind wandering,
which suggests smaller fixation dispersion and a reduced propensity to broadly scan the road.
Although there is some consistency across these findings, collectively they suggest that task af-
fordances might determine which gaze parameters are predictive of mind wandering in each
context.

To address this issue, recent work has systematically investigated the gaze correlates of
mind wandering across tasks (Faber et al., 2020). Specifically, seven brief tasks were used
that vary in terms of spatial allocation demands, visual processing demands, and discourse
processing demands. The tasks consisted of a sustained attention to response task (SART),
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listening to an audio book, reading a narrative story, studying a visual scene, studying an il-
lustrated text, watching a recorded lecture, and watching a narrative film. Mind wandering
during tasks that require extensive sampling of the visual field, such as reading, studying a
scene, and studying a diagram, was associated with a decrease in fixations, and in some cases,
with longer or more dispersed fixations. Taken together, these findings suggest that visual
sampling becomes sparser across the board, although the specific gaze correlates might vary
slightly across tasks. This sparsity supports the idea that self-generated thoughts are priori-
tized over the processing of external information during mind wandering, suggesting that a
decrease in eye movements represents a global dampening in visual information processing.
As discussed below, this account is supported by previous findings from neuroimaging re-
search (e.g., Baird et al., 2014; Barron et al., 2011; Kam et al., 2011; Smallwood,McSpadden,
& Schooler, 2008).

In contrast, for tasks in which participants normally focus on a central fixation point,
such as a SART, listening to an audio book, and watching a lecture, mind wandering was
associated with shorter fixations, more dispersed fixations, and larger saccades, suggesting
more exploratory eye movement behavior. However, these relationships were found to be
less generalizable, suggesting that eye movement behaviors might not be robust behavioral
signatures of mind wandering in these contexts. In addition, these fixation parameters were
found to not be predictive of mind wandering during narrative film watching. The process-
ing demands of narrative films differ from those of other stimulus contexts in that narrative
films are heavily edited to guide attention (see Zacks, 2015) and therefore, gaze (Loschky et
al., 2015) and mind wandering (Faber et al., 2018), such that mind wandering is less likely
to occur during periods in which there are more changes in the depicted events (e.g., change
in scene, shift in time). Eye movements might be more strongly predicted by whether the
eyes follow the salient characters and/or objects rather than by a global dampening in visual
processing (Mills et al., 2016).

The idea that attentional decoupling during mind wandering might increase the likeli-
hood that the eyes also “wander away” has previously been phrased in terms of an exploration-
exploitation tradeoff (Jepma & Nieuwenhuis, 2011). Previous work has shown that mind
wandering during a stop-signal paradigm (which is similar to a SART in terms of visual pre-
sentation) is related to an increase in exploratory behavior (Mittner et al., 2014). This be-
havior is thought to be modulated by the locus coeruleus-norepinephrine (LC-NE) system,
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and has previously been linked to changes in pupil diameter (Jepma & Nieuwenhuis, 2011)
that are thought to index cognitive load (Granholm et al., 1996). A number of studies have
shown (often conflicting) associations betweenmind wandering and pupil size and response
using tasks with a central fixation point (Mittner et al., 2014; Franklin et al., 2013; Konishi
et al., 2017; Grandchamp et al., 2014; Unsworth & Robison, 2016b). However, pupillom-
etry is not necessarily suitable for all tasks: for tasks that require extensive sampling of the
visual field, each fixation would be accompanied by a difference in luminance and other
low-level visual properties that can impact pupil diameter independently from the cognitive
state of the observer. Moreover, in free viewing tasks, measurements of pupil diameter can
be confounded due to changes in eye orientation when looking at the edges of the screen
(Hayes&Petrov, 2016). Still, the (albeit not entirely understood) relationship betweenmind
wandering and pupil diameter supports the idea that mind wandering is associated with an
exploration-exploitation tradeoff in tasks that afford fixations focused on a small area of the
visual field.

Taken together, the findings reviewed above suggest that there are patterns of eye move-
ment deviations that are predictive of mind wandering, but it is likely that idiosyncrasies
across tasks hinder the identification of one set of eye movement behaviors that generalize
across all potential situations.

EEG findings

Studies using Electroencephalography (EEG) are becoming increasingly popular in the study
of mind wandering across a variety of fields, ranging from psychology to brain computer in-
terface research. In comparison to eye-tracking and other forms of behavioral tracking (key
presses, mouse tracking), EEG measurements are more expensive, more intrusive, and less
scalable4 to naturalistic settings such as classrooms (D’Mello et al., 2016). EEG is useful for
measuring brain activity time-locked to stimuli under controlled situations, but is difficult
to interpret in more complex tasks that rely on naturalistic variation, such as reading a book
or watching a movie, as the design of an EEG experiment critically relies on a comparison
between conditions and/or against a baseline. In addition, EEG has a poor spatial resolution,
as it is only capable of measuring electrical activity at the surface of the cortex, making it diffi-

4There are cheaper, more scalable EEG sensors, but their signal quality tends to be inferior (Jeunet et al.,
2019) and often unreliable.
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cult to localize signals which originate deeper in the brain (Sturzbecher & De Araujo, 2012).
However, EEGhas very high temporal precision, capable of recording from 250 to over 2000
samples of electrical brain activity per second. As such, it provides valuable insight into the
evolution of cognitive processes during mind wandering across time. Moreover, when trian-
gulated with findings from other modalities, it helps to paint a fuller picture of the dynamics
associated withmind wandering. Results from these studies contribute to increasing our un-
derstanding of the cognitive processes underlying mind wandering states. In what follows,
we give an overview of brain signatures typical of focused attention towards a task, followed
by an overview of studies that have looked into howEEGmeasures change duringmindwan-
dering. We first discuss findings related to Event Related Potentials, and we subsequently
focus on oscillatory findings. We then attempt to reconcile seemingly disparate findings by
proposing that there is no “one-size-fits-all” neural signature of mind wandering, but that in-
stead, this signature varies according to the type of task being performed as well as individual
differences.

Neural activity has been often investigated during sustained attention tasks, such as un-
der different variations of the oddball task, in which participants are requested to respond
to rare stimuli, or of the sustained attention to response task (SART), where they withhold
responses to rare stimuli. These are generally monotonous tasks which require participants
to respond to stimuli over extended periods of time. Focused, on-task behavior during these
tasks is accompanied by early event-related potentials (ERPs) elicited by early attention con-
trol mechanisms in occipital regions of the brain (Hillyard et al., 1998). The P100, which
occurs within approximately 100 milliseconds of stimulus onset is evoked in response to vi-
sual stimuli. The N100, which occurs in this same time frame, is elicited by auditory stimuli.
These early components are thought to be related to alerting attentional mechanisms (Hill-
yard et al., 1998). In addition, to early sensory responses, focused behavior is also associated
with a later component, namely, the P300 ERP, in parietal and occipital regions of the brain
(Polich, 2007). This response is presumed to be driven by the activation of orienting net-
works and working memory updating and is indicative of cortical processing of stimuli or
events (Dehaene & Changeux, 2011; Mashour et al., 2020).

Moreover, patterns of oscillatory activities have also been investigated in relation to fo-
cused attention. Oscillatory activity in the beta (13-30 Hz) frequency band has been asso-
ciated with task-related, visual attention (Gola et al., 2013; Laufs et al., 2006). Activity in
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the gamma (30-100 Hz) frequency band has been associated with executive attention, work-
ing memory, and long term memory activation (Jensen et al., 2007). Theta (4–7 Hz) and
alpha (8–13 Hz) frequencies have been associated with top–down processes and working
memory (Sauseng et al., 2005; Baird et al., 2014). In addition, a reduction in alpha band
power has been commonly observed when attention is oriented towards an external visual
task (Klimesch, 2012; Mann et al., 1996; Pfurtscheller et al., 1996).

Studies investigating mind wandering during sustained attention tasks report changes
in both ERP responses and in oscillatory patterns characteristic of focused attention. With
regards to ERP responses, there appears to be an attenuation in both early and later com-
ponents during mind wandering. Several studies consistently describe an attenuation of the
P300, indicating a decoupling of top-down attentional processes (e.g., Smallwood, Beach,
et al., 2008; Barron et al., 2011; Kam et al., 2011). Other studies also report an attenua-
tion in the P100 and N100 components (Baird et al., 2014; Kam et al., 2011), indicative
of sensory-motor decoupling in the visual and auditory domains, respectively. The fact that
some studies have found differences in early sensory components and others have not can
be explained by differences in the types of tasks being performed. Studies that fail to find
changes in sensory ERPs tend to present visual stimuli at fixation (i.e., standard versions of
the SART). However, studies in which responses to parafoveal stimuli have been measured
report attenuations in both the P100 and P300 (Kam et al., 2011) during mind wandering.
Moreover, an attenuation in the N100 component has been found in tasks requiring partici-
pants to respond to auditory stimuli (Kam et al., 2011; Braboszcz & Delorme, 2011).

With regard to oscillatory activity, variations in alpha rhythm play an important part in
bothperception and attention (Klimesch, 2012). Increases in alphahave been associatedwith
internal processing (Benedek et al., 2014), supporting the notion of a decoupling from the
environment during mind wandering. In a Rapid Serial Visual Presentation (RSVP) task,
pre-stimulus alpha was found to increase over parieto-occipital sites (Macdonald et al., 2011).
Similarly, Compton et al. (2019)5 found increases in alpha powermeasured up to 10 seconds
prior to reports of mind wandering over frontal, central, parietal and occipital scalp areas
during a Stroop Task – with higher alpha towards posterior sections of the scalp. Under
a more ecological experiment consisting of a driving simulation, Baldwin et al. (2017) also

5Interestingly, greater differences in alpha power between attentional states was associated with better per-
formance on the Stroop task.

33



found alpha to increase in posterior scalp areas.
In contrast, Baird et al. (2014) found a reduction in event-related alpha (9–11 Hz) and

beta (15–30 Hz) spectral power over frontal6, central and parietal7 scalp regions after stimu-
lus onset during an undemanding vigilance task8. Moreover, they found a decrease in theta
band (4–7Hz) cortical phase-locking over parietal regions of the brain. Lutz et al. (2008) pro-
pose that increase inphase-locking is related to a reduced tendency to engage in task-unrelated
thoughts (see Cahn et al., 2013).

During a breath counting task with a passive auditory protocol (which participants per-
formed with their eyes closed), Braboszcz & Delorme (2011) found decreases in alpha and
beta activity in occipital and frontro-lateral areas, respectively, prior to self-caught episodes
ofmindwandering. Moreover, they found increases in theta bandoscillations over all scalp re-
gions to be associated with mind wandering, which were particularly more pronounced over
occipital and parietal areas. Similarly, van Son et al. (2019) found a greater theta/beta ratio
in frontal scalp areas during mind wandering. Increased theta oscillations are typically asso-
ciated with decreases in sustained task-related attention and during transitional stages from
wakefulness to sleep (Klimesch, 1999;Braboszcz&Delorme, 2011),while a higher theta/beta
ratio has been often related to lower attentional control (van Son et al., 2019).

While some studies indicate that increases in alpha (Baldwin et al., 2017; Benedek et al.,
2014;Macdonald et al., 2011;Compton et al., 2019)—particularly over parietal and occipital
scalp areas, are a distinct neural signature of mind wandering – others propose increases in
theta and decreases in alpha instead (Braboszcz & Delorme, 2011; Baird et al., 2014). What
we notice is that alpha seems to increase during mind wandering in tasks requiring sustained
visual attention to the external environment. As such, it seems to be more indicative of a vi-
sual sensory-motor decoupling during mind wandering. During tasks which do not require
visual attention, but attention to auditory stimuli (or internal states) instead, alpha increase
seems to be actually related to increased processing (Cartocci et al., 2018; Wisniewski et al.,
2017), while decreased alphahas been shown tobe related to low levels of vigilance (Braboszcz
&Delorme, 2011). Meanwhile theta seems to increase prior tomindwandering reports in sit-
uations which do not require attentiveness to external stimuli; that is, in tasks with low to no

6Spectral power reductions over frontal scalp areas were found for both the alpha and beta bands.
7There were spectral power reductions for only the beta band in central and parietal sites.
8Participants completed a 0-back vigilance task, in which they were required to respond to infrequent tar-

gets.
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visual perceptual acuity. For example, in the breath counting task in Braboszcz & Delorme
(2011)’s study, performance did not require any responses to external stimuli, but rather at-
tentiveness to internal states. As such, it is possible that theta increases reflected the ability to
be aware and attentive to one’s own internal state, which was essential for catching the mind
wandering.

Recent work has shown that theta band connectivity (that is, the frequency-locked syn-
chrony between two brain areas or networks) between the Default Mode Network (DMN)
and a sub-system of the frontoparietal control network that is associated with abstract think-
ing, emotional processing, episodic and prospective memory, and the mental simulation of
events (Dixon et al., 2018) increases when attention is directed inward (Kam et al., 2019).
This observation is in line with a wealth of studies that have previously shown that DMN
activity is linked to cognitive processes that require internally-focused attention9 (vs external
attention), including mind wandering10. Simultaneous EEG and fMRI has shown associa-
tions between theta activity and the BOLD response in the DMN during resting state (i.e. a
state without a task), suggesting that indeed, theta activity might be an EEGmarker of mind
wandering (Scheeringa et al., 2008). Paralleling these findings, Kirschner et al. (2012) found
increased connectivity also in the alpha, beta, and gamma frequency bands across regions of
the DMN preceding mind wandering reports, suggesting convergence across different neu-
roimaging markers.

Evidence from resting-state (i.e. task-free) and task-fMRI has also revealed that individ-
ual variations in mind wandering propensity can be linked to variations in static DMN func-
tional connectivity, whereas ongoing mind wandering episodes are reflected in time-varying
DMN functional connectivity (Kucyi & Davis, 2014), suggesting that both trait- and state-
levels of mind wandering can be measured using fMRI. This opens up the opportunity to
study mind wandering and its unfolding during tasks that are difficult to study using EEG,
such as reading orwatching a film, due to the fact that the analysis of EEGdata critically relies
on a comparison between different conditions, or against a baseline. Although the field of
detecting mind wandering using fMRI is still in its infancy, recent work has shown that it is
indeed possible to usemultivariate pattern classification of fMRI data to distinguish between
distinct experiential axes ofmindwandering (Wang et al., 2018). It is likely that thesemethod-

9See Buckner & DiNicola (2019) for a recent overview.
10See e.g., Fox et al. (2015) for an overview.
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ological advanceswill enablemore in-depth characterizations of theneural signatures ofmind
wandering. Despite the fact that fMRImight never be scalable to classroom situations, these
insights are nevertheless important for understanding the cognitive processes that underlie
the neurophysiological features that we canmeasure using other sensing technologies during
learning. In particular, they can shed light on the question whether the observed patterns of
task(-cluster)-specific neurophysiological features (e.g., eye movements, motor movements,
ERP signals) are associated with distinct up- and down-regulations of brain networks that
vary across those tasks/clusters in a principled manner, and whether there are differences
and/or similarities between tasks that are not reflected in other sensing modalities.

2.3.2 Noninstrumental behavior

As discussed earlier, many of our goal-related actions are expressed through bodily move-
ments. For instance, the eyes might move across the screen to sample visual information,
the head might move to get a better viewing angle, one might lean in to take a closer look, or
onemight operate a computermouse or touch-screen using their hand to navigate the screen
(Witchel et al., 2014). However, not all movements are associated with goal-oriented actions.
For example, fidgeting is a common, but non-instrumental behavior we exhibit. Other exam-
ples include changes in posture that are not instrumental to the task, such as leaning back as
a sign of disengagement, hand movements that are non-instrumental, such as touching the
face, rubbing the eyes, or scratching, and facial expressions (Witchel et al., 2014). Relatedly,
recent evidence also suggests thatwhatwas previously thought to be “non-essential” behavior
plays an invaluable role in shaping the neural activity in expertmice performing tasks (Mathis,
2019). There are, however, mixed findings with regards to the relationship between mind
wandering and non-instrumental movement. Sometimes non-instrumental movement (e.g.,
tapping fingers along with the rhythm of a song) is associated with attention or engagement
towards a task, while others are associated with disengagement or mind wandering (e.g., rest-
less foot or leg movement). Witchel et al. (2014) reconciles such discrepancies by suggesting
that the attentional state can be distinguished by whether or not movements are entrained –
that is, whethermovements are timed to the rhythmof an external stimulus. Wepropose here
that mind wanderingmay be reflected in such types of non-instrumental movements, which
are not entrained to stimuli, suggesting that non-instrumental movement could be seen as an
“embodied” manifestation of mind wandering.
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In support of this notion, studies have shown fidgeting to significantly increase during
unintentionalmindwandering (Seli et al., 2014;Carriere et al., 2013). In a first questionnaire
study, Carriere et al. (2013) found that participants who report mind wandering more (both
deliberately and spontaneously) also report more fidgeting. In a study assessing fidgeting be-
havior (as coded by external observers) while students watched an online lecture, Farley et al.
(2013) found both macro fidgeting behavior (operationalized as a complete spatial displace-
ment of a body part relative to a starting position, such as moving the arm to a completely
new location), andmindwandering to be related to one another and to increase with time on
task. Moreover, Seli et al. (2014) found particularly deep levels of mind wandering to be as-
sociated with fidgeting (operationalized as the total amount of movement detected by a Wii
Balance Board) during a Metronome Response Task. Finally, Witchel et al. (2018) found
that while reading an interesting novel, students fidgeted less than when reading a boring
novel. Similarly, doodling or humming a tune (a vocal movement) during performance of
a monotonous task could also be an indicator of mind wandering (Farley et al., 2013; Small-
wood & O’Connor, 2011). These findings may suggest that non-instrumental movements,
reflective of mind wandering, may be a way to cope with boredom during a task (Elpidorou,
2018).

Facial features

Facial expressions are another non-instrumental behavior commonly found to accompany
attentional states during task performance. Various studies have found that facial features
can be used to detect engagement and attentional focus (or a lack thereof) during comput-
erized tasks (Monkaresi et al., 2017; Whitehill et al., 2014). In a recent study by Benedek et
al. (2018), participants were asked to determine the locus of attention of people in various
videos. The videos showed the faces of people who were either focusing their attention ex-
ternally on a task, or who were focused internally while performing the task in their mind’s
eye. People in the video were asked to perform the following four tasks: solve an anagram
in the computer screen (demanding external condition), solve an anagram in their mind’s
eye (demanding internal condition), count the number of journeys made by the tractor in
a video on the screen (easy external condition), and imagine themselves on a beach and ex-
ploring this environment (easy internal condition). Participants who evaluated the videos
found that the eye region was the most important determining factor for their judgements.
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They found a different pattern (e.g.: directed eye movements in external attention vs. empty
gaze during internal attention) and speed of eye movements to be discriminative of internal
and external focused attention. Overall, participants were able to determine people’s locus of
attention at above chance levels from the videos, but had difficulty distinguishing between
internal and external attention during more demanding tasks. This is not surprising, con-
sidering the fact that solving an anagram in the mind’s eye is equally difficult, if not more
difficult, than on a screen. Working memory and executive resources are engaged in both of
these tasks, resulting inmore tense11 facial expressions for both conditions. Moreover,mental
imagery under this demanding task likely resulted in similar eyemovements to those from ac-
tual perception of stimuli on the screen (Johnson &Whisman, 2013). Taken together, these
findings indicate that there are overt indicators of attention which enable us to detect others’
attentional states from facial expressions. Other studies have instead used machine learning
techniques in combination with self-reported measures of mind wandering, demonstrating
initial evidence for automatic mind wandering detectors outperforming human observers in
determining other’s attentional states (Bosch, 2016). For example, both Stewart et al. (2017)
and Bosch (2016) used facial and upper body features extracted from video recordings both
in the lab and in the classroom settings to detect student’s self-reported attentional states
above chance levels. Stewart et al. (2017) found that lip tightening and jaw dropping facial
action units seemed to be able to generalize across task contexts (reading a scientific text and
watching a narrative film). Bosch (2016) found that texture features, which indicate changes
in facial expressions, were the strongest predictors of mind wandering during reading and
interacting with an intelligent tutoring system.

2.3.3 Non-instrumental behavior as an exploratory state

An interesting line of research indicates that non-instrumental behavior in the form of doo-
dlingwhile performing a boring task actually enhances performance on the primary task (An-
drade, 2010). Such “non-essential” behavior (fidgeting, doodling, humming) potentially en-
hances arousal to levels associated with optimal task performance (Risko et al., 2013; Farley
et al., 2013). A similar account of mind wandering has been proposed in the context of At-
tentional Blink studies, where inducing participants to mind wander actually improved par-

11More tense facial expressions, e.g. furrowing of the eyes and brows, are generally associatedwith high levels
of visual engagement (Benedek et al., 2018; Whitehill et al., 2014).
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ticipant performance. If non-instrumental behavior could be indicative of mind wandering,
it seems counter-intuitive then that performance would be enhanced, especially considering
the substantial amount of literature that demonstrates that mind wandering is actually detri-
mental to performance (Smallwood & Schooler, 2015). In the context of the Attentional
Blink, it has been proposed that mind wandering actually helps distribute attention more
broadly in the environment (Forster & Lavie, 2014), reflecting an adaptive cognitive style
intended to maximize the efficient processing of events (MacLean et al., 2012). Relatedly,
it could be that non-instrumental behavior associated with mind wandering is indicative of
exploratory off-task states described by Mittner et al. (2016). During such off-task states, at-
tention is dispersed as we broadly scan both our external and internal environments in order
to determine if on-task goal directed thinking or mind wandering should be the next state to
be exploited. Consequently, we are able tomaintain reasonable levels of performancewhile at
the same time mind wandering. Farley et al. (2013) propose that non-instrumental behavior
could potentially reflect an attempt to combat waning attention. It could be that fidgeting,
doodling, or humming, for example, stabilizes arousal (to optimal levels) in order to facili-
tate performance on a primary task (Andrade, 2010; Farley et al., 2013; Risko et al., 2013).
Alternatively, such behaviors could reflect the transition into a state of inattention and in
turn, mindwandering. In both of these explanations, non-instrumental behavior is linked to
the presence of inattention, either in order to redirect attention to the task at hand, or as the
marker of internally directed attention (Farley et al., 2013).

2.4 Mindwandering detection

Clearly, there is a rich body of literature relatingmindwandering to various bodily andneuro-
phyisological behaviors. It seems thatmindwandering,whendefined as a decouplingof atten-
tion from the external environment, is associatedwith an attenuation inbodily behaviors that
are instrumental. Additionally, it could be that more exploratory forms of mind wandering
manifest as non-instrumental behaviors which are not entrained to external stimuli, such as
fidgeting, doodling or humming. In the context of education, a triangulation of neurophys-
iological and behavioral (or bodily) features with self-reports can be helpful for identifying
indirect measures of mindwandering that are generalizable across different learning contexts.
If successful, this could lead to the development of “attention-aware” learning tools, such as
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software that helps the learner get back on track when they go off-task (D’Mello et al., 2016).
For these strategies to be successful, it is necessary to identify which constellations of features
aremost likely to signal mindwandering during a variety of learning activities. In the remain-
der of this chapter, we will discuss machine learning studies that have attempted to predict
mind wandering from neurophysiological and bodily features in the context of learning. In
particular, we focus on how successful these methods are at detectingmindwandering in the
context of an intelligent tutoring system–a computerized system that encompasses several
learning activities including e.g., reading, exercises, lectures, and animations–in the lab and
in the classroom.

In the past decade, applied research onmindwandering in the context of intelligent tutor-
ing systems has been greatly facilitated by the advances in predictive modelling by means of
machine learning. The main advantage of using data-driven techniques for mind wandering
detection over traditional behavioral statistics is that the machine learning models are evalu-
ated on the basis of their fit on unseen data, thereby preventing overfitting and the resulting
lack of generalizability. The general goal of these approaches is to use detectable behavioral
and psychophysiological cues, such as upper bodymovement (Stewart et al., 2017) including
head pose (Bosch&D’Mello, 2019), facial features (Stewart et al., 2017), gaze patterns (Blan-
chard et al., 2014; Bixler &D’Mello, 2016; Faber et al., 2017;Hutt et al., 2016, 2017; Zhao et
al., 2017; Brishtel et al., 2020), electrodermal features (Brishtel et al., 2020), EEG (Hosseini&
Guo, 2019; Jin et al., 2019) and heart rate changes (Pham&Wang, 2015) to predict upcom-
ing episodes ofmindwandering during a learning task. The negative impact of zoning out of
the task could then be potentially alleviated by a reactive intervention or an alert, e.g., a sound
or a visual stimulus, possibly representing detected levels of attention in real time (Mills et al.,
2021). The alerting mechanism would draw the learner’s attention back to the task at hand
or would provide more engaging and relevant input. Next to that, a time-referenced analysis
of the mind wandering data can be used post hoc to improve the educational tool itself, as in
the case of the AttentiveLearner (Pham&Wang, 2015).

The most frequently used algorithms for predictive modelling of mind wandering by
means of supervised learning include different kinds of logistic regression (Pham & Wang,
2015; Stewart et al., 2017; Bixler & D’Mello, 2014; Hutt et al., 2016; Zhao et al., 2017), ran-
dom forests (Stewart et al., 2017; Bixler & D’Mello, 2014; Hutt et al., 2016; Brishtel et al.,
2020) and support vector machines (Pham & Wang, 2015; Bixler & D’Mello, 2014; Hutt
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et al., 2016; Zhao et al., 2017; Hosseini & Guo, 2019; Bosch & D’Mello, 2019; Jin et al.,
2019, 2020). Given that episodes of reported mind wandering tend to occur less frequently
than on-task instances, the datasets on which the algorithms applied are often first prepro-
cessed by class balancing techniques such as SMOTE – Synthetic Minority Over-sampling
Technique (Stewart et al., 2017). The technique, applied on the training set, oversamples the
minority class, i.e., it synthesizes data points in the mind-wandering class based on the val-
ues of available instances in the same class. The classifiers are typically trained and evaluated
by means of the leave-one-participant-out or leave-several-participants-out cross-validation
method (i.e., the data from a single user or multiple users are only included in the training
set or in the test set, but not in both) to ensure that they are robust enough to perform inde-
pendently of the user. The reported performance of the best classifiers is currently around
70% of accuracy for the user independent models with binary classification using machine
learningmodels (Pham&Wang, 2015; Bixler &D’Mello, 2014). In addition to the standard
performance metrics, some studies report the predictive validity of the model by correlating
the predicted (rather than actual) rates of mind wandering to learner performance (Bixler &
D’Mello, 2014). An issue reported in several studies concerns the prevalence of false positives
(recall greater than precision). As noted by Stewart et al. (2017), this is relevant for the imple-
mentation of the mind wandering algorithms in real world applications, since an overuse of
alerts and interventions might have a demotivating effect on the learner.

Most recently, several studies on mind wandering detection make use of the deep learn-
ing architectures such as convolutional neural nets (CNNs) and feed-forward deep neural
networks (DNNs). The performance of deep learning models, which are increasingly being
used to analyze EEG signals, appears to exceed that of traditional machine learners for brain
activity measures. For example, Hosseini & Guo (2019) reported an accuracy of 91.78% us-
ing a channel-wise deep CNNmodel. An additional advantage of the approach was that no
feature extraction was necessary in the preprocessing stage. However, the study employed a
data set collected from only two participants; it thus remains to be seen to what extent the re-
sultingmodel is applicable for other users. Next to EEGdata, the deep learning approachwas
also tried out on in combinationwith automatic computer visionmethods. Using two larger
datasets of participants with data collected in a lab setting and a classroom setting, Bosch &
D’Mello (2019) tested a DNNmodel for combination of features extracted from the upper
bodymovement and facial expressions. Based on the F1 andAUCmetrics, their DNNclassi-
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fiers were able to perform somewhat above chance level but worse than a support vector ma-
chine (SVM) classifier, possibly due to the dataset size. Since human observer performance
on the same dataset was rather poor, the modest performance of the two types of classifiers
in general was likely due to the difficulty of the task suggesting that observable high-level
features such as facial action units and upper body movement may not be the most reliable
indicators of mind wandering episodes.

In an attempt to classifymindwandering episodes fromEEGmeasures inmore naturalis-
tic settings, Conrad (2019) implemented various machine learning classifiers while students
attended an online lecture. While watching a 50 minute lecture, participants were asked to
click on a button whenever they caught themselves mind wandering. A linear discriminant
analysis revealed that mind wandering could be distinguished from on-task states with an ac-
curacy of 74% using both ERPs and frequency band oscillations. In addition, Dhindsa et al.
(2019) recorded EEG activity fromparticipants during a live lecture and intermittently asked
participantswhether theyweremindwandering. Non-linear SVMswere able to classifymind
wandering episodes in individuals based onEEG features derived throughdata-driven feature
learning (common spatial patterns) with accuracies over 80%. In addition to lecture settings,
Hutt et al. (2016) implemented a mind wandering detector which classified student’s mind
wandering episodes during interactionwith an intelligent tutoring system from gaze features
considerably above chance levels.

2.5 Conclusion

In the course of this chapter, we have highlighted the impact of mind wandering on the tight
link between perception and action. Our overview of existing findings shows that mindwan-
dering may manifest as an attenuation in sensory-motor responses to the environment (e.g.,
more variable response times, more complex and less efficient hand movements). Moreover,
it may be “embodied” through non-instrumental behavior, such as fidgeting and facial ex-
pressions, which could be reflective on an exploratory off-task state, serving to determine the
next attentional state (“on-task” or “mind wander”).

In recent years, research has aimed to triangulate subject self-reports with indirect behav-
ioral and neurophysiological measures to provide a more comprehensive measure of mind
wandering. In this chapter, we show that the main challenge for detecting mind wandering
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from behavioral and neurophysiological features across tasks lies in the fact that groups of
tasks appear to vary in terms of the clusters of features predictive of mind wandering. As we
have shown, this is the case for eye movements and hand movements, where there are clear
discrepancies between tasks with different visual and motor affordances. Similarly, changes
in frequencies of neural activity asmeasuredwith EEG vary across tasks, with specific task de-
mands being related towhether activity is higher or lower for a specific frequency band. EEG
hasmainly been applied in the context of visual attention tasks, such as SART and other vigi-
lance tasks. The success rates of severalmachine learning attempts suggest that EEG signals—
potentially in combination with other measures such as eye and hand movements –as mind
wandering correlatesmight be one of themost promisingways forward in terms ofmeasuring
mind wandering from neurophysiological data.
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3
Using computer mouse tracking to predict
mind wandering during a working memory

task

This chapter addresses Research Question 2: How do motor movements during reported
episodes of mind wandering differ frommotor movements during focused attention?
Based on: Dias da Silva, M. R., & Postma, M. (2019). Wandering minds, wandering mice:
Computer mouse tracking as a method to detect mind wandering. Computers in Human
Behavior, 112, 1-12. doi: 10.1016/j.chb.2020.106453
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Mind wandering affects performance in many tasks requiring focused attention, includ-
ing online learning. Previous studies have focused primarily on investigating mind wander-
ing in contexts which are conducive to mind wandering, that is, for highly repetitive and
monotonous tasks or during tasks with very low attentional demands. However, mind wan-
dering also occurs during highly engaging and demanding tasks. In this Chapter, we examine
whethermouse tracking can be used to predictmindwandering in an engaging task involving
classical computer interfaces. Assuming thatmouse trajectories towards a particular response
on the screen are continuously updated by time-dependent and temporally-dynamic cogni-
tive processes, as a behavioral methodology, mouse tracking can provide unique insights into
attentional processes. In our experiment, a total of 272 students completed a mouse-based
operation span task, during which their thoughts were probed and their mouse movements
recorded. Naive Bayes, Linear Discriminant Analyses, K-Nearest Neighbors, Tree Bag, and
Random Forest classifiers were able to predict mind wandering with F1-scores of up to 15%
above a random-chancebaseline. The results show that hand reachmovements canbe tracked
to detect mind wandering in a user-independent manner in online tasks, thus providing a vi-
able alternative to self-report methods and (neuro)physiological measures. Our finding has
relevant implications for a variety of user interfaceswhich require hand andfingermovements
for the purposes of human–computer interactions.

3.1 Introduction

There is an ever-going conflict between pieces of information that compete for our critical
attentional resources. While navigating the world around us, we must allocate attentional
resources to both our external environment and to our internal thoughts and feelings (Small-
wood, 2013; Smallwood & Schooler, 2015) as we seek out meaning from the stimuli around
and within us. Indeed, an essential part of our human interaction with the world involves
the constant interplay between externally-oriented attention and internally-oriented atten-
tion, commonly referred to as mind wandering (Smallwood&Andrews-Hanna, 2013;Mills
et al., 2018). Often conceptualized as a decoupling of attention from the here and now to-
wards internal thoughts and feelings (Smallwood & Schooler, 2015), mind wandering has
proven to be important for planning and goal-setting (Klinger, 2013), creating an integrated
sense of identity (Smallwood &Andrews-Hanna, 2013) and fostering creativity (Baird et al.,
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2012). However, it can also be detrimental to performance in a wide variety of contexts.
From a population point of view, the inability to regulate adaptively both the frequency

and content ofmindwandering thoughts under different contexts has been associatedwith a
variety of disorders (Watkins, 2008; Andrews-Hanna et al., 2014). Such disorders of content
tend to have negative consequences for cognitive functioning and well‐being in both clini-
cal and non-clinical populations. Excessive negative thoughts are characteristic of depression
(Marchetti et al., 2014), while excessively grandiose and positive thoughts may be character-
istic of mania (Watkins, 2008). Forms of thinking that are too focal could be indicative of
autism, while forms of thought that are too scattered could be reflective of AttentionDeficit
Disorder (Franklin et al., 2014).

With respect to the activities during which mind wandering episodes may occur, they
seem to be particularly frequent during tasks that require sustained attention and engage
workingmemory (Mrazek, Smallwood, Franklin, et al., 2012; Randall et al., 2014; Unsworth
& Robison, 2016a). Individual differences in working memory have been found to predict
performance on a wide range of measures, from low-level attention tasks to higher level rea-
soning (Cowan et al., 2005). A distinction is made between resource limited tasks- in which
using focused attentional resources is necessary for performance, versus data- limited tasks, in
which investment of attentional resources is irrelevant for performance (Randall et al., 2014).
Very easy or very difficult1, aswell as highly practiced, well learned taskswould be data-limited
and leave more room for mind wandering than resource-limited tasks do. According to this
view, individuals with higher workingmemory capacity would be better able to regulate their
attentional resources, such that inmore demanding, complex tasks, theywouldmindwander
less; while in easier tasks, they would mind wander more (Smallwood, 2013; Randall et al.,
2014). As such, there is a U-shaped relationship betweenmindwandering and task demands,
such that mindwandering occurs more frequently in low-demand and in high-demand tasks
than inmoderately demanding tasks, with higher levels of workingmemory being associated
with a reduced likelihood to mind wander as task demands increase. Intuitively, mind wan-
dering is more harmful to performance of high- relative to low-demand tasks, and more so
for individuals with lower working memory capacity.

The negative association between mind wandering and performance, particularly on de-
manding tasks, warrants the need to develop technologies that are able help individuals to

1Such that the level of difficulty is beyond one’s ability to complete a task
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down-regulate the content and frequency of their thoughts whenever necessary (Faber et al.,
2017). In order to reduce the negative effects of mind wandering, it is important to be able
to identify when individuals are mind wandering. The challenge in studying mind wander-
ing, however, stems from the fact that it cannot easily be induced in laboratory settings (Mc-
Vay & Kane, 2013; Dias da Silva et al., 2018). Moreover, its detection relies on self-reports,
by means of experience sampling methods such as thought probes and retrospective mea-
sures, which are inherently subjective (Smallwood& Schooler, 2015). Compared to thought
probes, retrospectivemeasures are useful in that they do not interrupt the natural flow of the
task. However, retrospective measures are only able to make general estimations about the
total frequency of mind wandering on a task, while thought probes are better at pinpointing
specific instances of mind wandering within a task. Past studies show that to a certain de-
gree, both are subject to incorrect estimations from participants (Seli, Carriere, et al., 2013;
Smallwood & Schooler, 2006). Because of this, additional behavioral measures such as re-
action times (McVay & Kane, 2009), reading speed (Mills et al., 2015), fidgeting (Carriere
et al., 2013; Seli et al., 2014), and (neuro)physiological responses such as brain activity and
eye movements (Faber et al., 2017; Franklin et al., 2013; Mittner et al., 2014; Smallwood et
al., 2011), have been explored to distinguish periods of focused attention (FA) from periods
of mind wandering (MW). These neuro(physiological) approaches, however, interfere with
the natural performance on a primary task (Grimes & Valacich, 2015) in that they require
additional measuring instruments, which introduce a certain level of discomfort for the par-
ticipant. In this paper, we examined mouse movement behavior as a method that could be
used to predict the occurrence of mind wandering unobtrusively.

3.1.1 Mouse movements as a behavioral measure of mindwandering

It has been shown that in relation to various domains, including decision making, attention,
and learning (Freeman et al., 2011; Grimes & Valacich, 2015; Papesh & Goldinger, 2012;
Lins & Schöner, 2019), computer mouse tracking effectively traces the evolution of inter-
nal cognitive processes through action execution. As a natural and practiced visuo-motor
response, various populations, from young children (Hermens, 2018) to older adults (Seelye
et al., 2015) can easily perform mouse-based tasks. In a typical mouse tracking paradigm,
alternative choices can be represented in front of a participant, and the evolution of reach
trajectories towards a target can be visualized as a representation of how competing cognitive
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states are resolved over time (Song & Nakayama, 2009). A mouse is a primary means of in-
teracting with computers in everyday tasks, ranging from writing email to navigating a page
while reading an article. As almost all computers are equipped with mice, measuring mouse
movements is affordable and widely accessible, and can be effectively run as a background
process during mouse-based tasks.

Can computer mouse movements predict the occurrence of mind wandering? Previous
research was able to predict engagement - a concept often contrasted with mind wandering
- from mouse features in an unsupervised manner (Arapakis et al., 2014). There is also evi-
dence of a direct link between changes in handmovement behaviour duringmindwandering.
Kam et al. (2012) found increased tracking errors during periods of mind wandering relative
to periods of focused attention in a simple visuomotor ball tracking task. They describe such
errors to be a consequence of attenuated sensory processing. Alternatively, changes in hand
movements during mind wandering may be explained by embodied cognition theory, which
suggests a variety of cognitive activities are reflected in bodily states, such as posture, arm and
hand movements (Barsalou, 2008). In particular, the situated action view of embodied cog-
nition assumes a close coupling of perception and action during goal achievement (Barsalou,
2008). It posits that the way we move our body, how we are standing, or what we are touch-
ing or holding can both provide information about and also influence the way that we feel,
think about or evaluate a situation. Thus, from an embodied cognition perspective, bodily
movements can be viewed as extensions of cognitive and attentional processes. As such,mind
wandering can be described as an embodied experience which is shaped by movements.

As extensions of attentional processes, it is plausible that hand reach movements with a
computer mouse may be able to reflect episodes of mind wandering. Research onmind wan-
dering and attention indicates that periods of off-task thought are associated with changes in
arousal (Unsworth & Robison, 2017; Robison &Unsworth, 2019), that is, changes in phys-
iological activation which indicates responsiveness to sensory stimulation (Eysenck, 1982).
More specifically, both high or low levels of arousal are related to lower attentional con-
trol, more lapses in attention, and consequently, a greater susceptibility to mind wandering.
Meanwhile moderate levels of arousal are associated with optimal task engagement and task
performance (Cohen et al., 2004; Kahneman, 1973; Lenartowicz et al., 2013; Mittner et al.,
2016; Yerkes & Dodson, 1908). Differences in the arousal associated with mind wandering
and the accompanying physiological signature likely reflect distinct stages of the experience.
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For example, mind wandering may begin during an underarousing, monotonous circum-
stance. As we try extricate ourselves from this, arousal levels rise, reaching a peak when our
efforts to engage in stimulating activities fail, accompanied by feelings of restlessness (Danck-
ert et al., 2018). In linewith this, pupillarymeasures suggestmindwandering to be associated
with changes in arousal states (Unsworth & Robison, 2017, 2018).

Interestingly, high arousal has been associated with decreased fine motor control and in-
creases in neuromotor noise during hand reach movements (Grimes et al., 2013), while low
arousal has been associated with automatism (Morsella et al., 2010; Kahneman, 1973). Con-
sidering the relationship between mind wandering and arousal, and the influence of arousal
on motor control, we could expect that mind wandering episodes would be associated with
changes in motor behavior necessary to move the computer mouse. We consider twomodels
in order to describe changes inmotor controlwith computermousemovements duringmind
wandering: the stochastic optimized submovement (SOS) model and the response activation
model. According to the SOS model (Meyer et al., 1988, 1990) mouse movements towards
a target are described as having two parts - an initial high-velocity phase, which although
fast, tends to be imprecise, and a subsequent deceleration phase, which is corrective in na-
ture, where speed decreases, but accuracy increases (Graham&MacKenzie, 1996; Grimes &
Valacich, 2015). When a target is approached, a tradeoff in speed is necessary to increase pre-
cision of movement, as there is limited information capacity for motor control (Fitts, 1954).
The mind attempts to minimize the total movement by optimizing the velocity and number
of submovements towards the target; however, as neuromotor noise (i.e., from high arousal)
is introduced into the model, there are fewer resources available for the intended corrective
movements, leading to slower and less precisemovements (Meyer et al., 1990, 1988; vanBeers,
2004).

Complementary to the SOSmodel, the response activationmodel describeswhat happens
to motor movements as additional alternative targets are introduced. It proposes that mo-
tor movements represent an aggregation of all potential movements that could arise from all
potentially actionable cognitions (Welsh & Elliott, 2004). When competing cognitions are
introduced, motor movements become less precise and response times slower, reflecting dis-
ruptions in fine motor control as necessary cognitive resources are consumed (Hick, 1952).

While the SOSmodel describes what happens during movements towards one particular
target, the response activationmodel also takes into account the influence of competing cogni-
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tions (for instance, debating whether to choose between two or more answers to a question).
Both the predictions concerning the speed-accuracy trade off and arousal introduced by the
SOS model and predictions concerning competing cognitions introduced by the response ac-
tivation model are relevant for predicting changes in motor control during mind wandering.
As competing cognitions are introducedbymindwandering,mousemovementswould likely
change depending on the state ofmindwandering. They could reflect an underaroused state,
or alternatively, a restless state. As such, consequent changes in arousal likely increase the
amount of noise and uncertainty during a task, potentially leading to slower, less precise,
more complex and more variable computer mouse movements.

To sum up, the challenge in studying mind wandering arises both from the over-reliance
on self-reports as well as in intrusive neuro(physiological) measures which interfere with the
natural performance of a task. As such, it is important to find objective measures for the
detecting mind wandering that corroborate self-reports and do not interrupt the flow of a
task. Used to continuously track a variety of cognitive processes, mouse-tracking seems to be
a promising candidate for objectively detecting mind wandering.

3.1.2 Current Study

The focus of the current study is to explore if mind wandering during a complex cognitive
task (a working memory test, i.e., an operation span task) can be detected frommouse move-
ments. Due to their ability to capture cognitive processes in real time, computermousemove-
mentsmay actually provide valuable insight into the temporal cognitive dynamics underlying
mind wandering. Research has shown that the adverse consequences of mind wandering are
greater in tasks with higher cognitive demand (e.g.working memory tasks; McVay & Kane,
2012; Mrazek, Smallwood, Franklin, et al., 2012; Rummel & Boywitt, 2014; Smallwood &
Andrews-Hanna, 2013). During the task (Figure 1), participants need to shift between an
unrelated processing task while updating contents of working memory (A. R. Conway et
al., 2002; Engle et al., 1999; Unsworth & Engle, 2005; Unsworth et al., 2010). Specifically,
the evolution of mouse trajectories can be traced during the processing portion of the oper-
ation span task. Consolidating previous research on mind wandering and arousal, as well as
fine motor movements and arousal, we will explore whether various mouse movement mea-
sures can be indicators of mind wandering. In this paper, we will examine how computer
mouse movement features are related to distracted thought. We will train various classifiers
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to predict differences in participants’ locus of attention. Previous mind wandering studies
have distinguished between focused attention (FA), task-unrelated thought (TUT), and task-
related interference (TRI). During task-unrelated thought, thought content is irrelevant to
the task at hand. During task-related interference, thought content involves a preoccupa-
tion with performance on the task at hand (Matthews et al., 1999). The latter two categories
reflect different types of self-generated thought and involve a decoupling of attention from
the external environment towards internal thoughts and feelings. Assuming that mouse tra-
jectories towards a particular response on the screen are continuously updated by cognitive
processes, we expect that mind wandering will be evident in computer mouse movements
during a working memory task. Building on the SOSmodel, we propose mind wandering to
be a source of neuromotor noise, leading to slower and less precise corrective mouse move-
ments. According to the response activation model, computer mouse movements should be-
come slower and more erratic as more choices are introduced into the model. Building on
this, we would expect that duringmindwandering, additional internally oriented cognitions
would also compete with external choices. Changes in arousal and consequent disruptions
in motor control would lead to slower, less precise, more complex and more variable hand
reach movements.

3.2 Methods

3.2.1 Participants

In total, 274 participants, recruited from the university student pool, 180 female, 17 to 41
years of age (M = 22.09, SD = 3.25)2, took part in this experiment in exchange for course
credit. The sample size was selected on the basis of sample sizes reported in previous studies
(Mrazek, Smallwood, Franklin, et al., 2012; Yamauchi &Xiao, 2017). Two participants were
excluded because the experimental environment crashed, leaving 272 remaining participants
in our analyses. All subjects were native Dutch speakers who could use a computer mouse.
The study was approved by the Tilburg University Ethics Committee (identification code:
REC#2017/06), and informed consent was obtained from each participant at the beginning
of the experimental session. After signing the consent form, participants filled out a question-
naire collecting their demographics and completed the Operation Span Task, which took on

2Mean age for females= 21.60, SD = 3.26 , and mean age for males= 23, SD = 3.03.

52



Figure 3.1: Operation span task.

average 20 minutes to complete. Standard procedure was followed for the Operation Span
(OSPAN) (see Fig. 3.1) task (A. R. A. Conway et al., 2005).

3.2.2 Material

The task required participants to maintain access to memory items (letters) while complet-
ing an unrelated processing task (math equations) with an individualized response deadline
(M+ 2.5SD), calculated during 15 processing-task-only items (Unsworth et al., 2005). This
allowed each participant to set their own pace and ensured that they did not rehearse the
to-be-recalled letters by limiting the amount of time they had to solve the math operations.
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Participants viewed a compound math equation on the computer screen, and once they had
solved it, they were instructed to click on the start button. If participants took longer than
their average time + 2.5SD to click on the start button, the trial was marked as an error. On
the center of the next screen, they saw a number, as well as a TRUE and FALSE box on the
top left corner and top right corner of the screen, respectively. If the number they saw corre-
sponded to the correct answer to the math equation, participants were instructed to click on
the TRUE button, and if not, on the FALSE button. A capital letter appeared for 1000 ms
after the math operation. After 3-7 compound equations-letter pairs, all 12 letters appeared
on the screen and participants were required to identify (by clicking) the letters that were
presented in the trial in serial order. Each set length (3-7) was presented 3 times, randomly
ordered for each participant, for a total of 75 trials (15 sets). Mindwandering was assessed by
thought probes embedded throughout the task after each set (Mrazek, Smallwood, Franklin,
et al., 2012). In order to prevent participants from devoting all their processing time to re-
membering the letters, they were instructed to aim for an accuracy of at least 85% on the
math operations3, so that letter recall would not come at the expense of performance on the
math operations. The program calculated the sum of all correctly recalled set sizes (OSPAN
score), the total number of letters recalled in the correct position, and the total number of
math errors (Unsworth et al., 2005). At the end of the task, participants received feedback
concerning their performance.

3.2.3 Instrumentation

The Operation Span Task was programmed on Opensesame (Mathôt et al., 2012), version
3.1.6, using a modified version of the script provided by Eoin Travers 4. The experiment was
run in full screen mode on a P2210 Dell monitor, 22 inch (55.88cm), with a resolution of
1366 by 768 pixels on a Windows 7 operating system. The desktop computer was placed
on a table so that enough space was available to move the mouse around without hitting the
keyboard or the edge of the table. Mouse settingswere left at their default values (acceleration
on and medium speed). A Dell USB 3 Button Scrollwheel wired Optical Mouse was used to

3In the standard operation span task, participants who do not answer at least 85% of all math questions
correctly are excluded from analysis. Although we still instructed participants to aim to achieve at least 85%
accuracy, the exclusion criterion was irrelevant for the purposes of this study, and we thus kept all participants
for analysis.

4https://github.com/EoinTravers/QuickstartMousetracking
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record cursor coordinates for the math verification portion of the experiment. There was
enough space available for participants to move the mouse without hitting the keyboard or
the edge of the table.

Mouse movements were recorded during the math verification part of the task towards
one of two alternatives (TRUEor FALSE, on the uppermost right and left sides of the screen).
Upon clicking on the start button, mouse movements started to be recorded. The dimen-
sions of the TRUE and FALSE buttons were of 279 by 157 pixels, and dimensions of the
start buttonwere of 80 x 80 pixels. Cursor coordinates were recorded every 30ms. To ensure
that any effects were not due to the direction of movement, we reversed the positions of the
TRUE and FALSE buttons for 885 (out of 272) participants6.

In the instructions, participants were informed that after each set, they would be asked
a question about their thoughts during the previous set. They were also informed that it is
normal for people’s minds to wander off task or to thoughts about their performance on the
task. After each set, participants were asked,What were you thinking about during the previ-
ous set?, and had to choose from 3 alternatives, namely, 1) I was focused on the task, 2) I was
focused on my performance on the task, and 3) I was thinking about something unrelated to the
task. Alternative 1 denoted all instances in which participants were focused on the task; alter-
native 2 denoted all instances inwhich participants experienced task-related interference; and
alternative 3 denoted all instances in which participants experienced task-unrelated thought
(Stawarczyk et al., 2011; Robison et al., 2019).

3.2.4 Data Processing

Individual raw data files were merged and read into R version 3.4.1 (R Core Team, 2013).
Because of the individualized response times during the processing part of the OSPAN task,
trials in which participants took longer than their average time to click on the start button
were discarded. If participants took longer than their average time to complete the math re-
sponse, the experiment would issue an error message andmove on to the following trial (429

5Originally 90 (out of 274), but two participants were excluded due to a procedural error.
6We designed our experiment according to original implementation of the OSPAN, in which TRUE is

displayed on the left of the screen and FALSE on the right side. However, after collecting data from 184 partic-
ipants, we deemed it necessary to collect more data with the location of the FALSE button now on the left and
the location of the TRUE button on the right to ensure that any mouse movement effects found were not due
to the location of the response buttons.
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trials out of 20400 trials). As the end coordinates of such trials were not comparable to the
rest of the trials, we did not include them in our analyses. Mouse tracking data were then
imported and processed using the library “mousetrap” (Kieslich et al., 2019) on R. Trajec-
tories were measured from the moment the start button was pressed to the moment either
the TRUE or FALSE response was clicked on. If participants took longer than 10 seconds
to select an alternative, mouse coordinates were not recorded. This happened 3 times. All
trajectories aligned to a common starting position and were remapped onto one side, and
various measures were computed for each trajectory.

3.2.5 Class imbalance

In order to observe the distribution of answers to the mind wandering probes, we calculated
the percentage of probes in which participants responded to be focused, to be having task-
related interference, and to be having task-unrelated thought. Proportions of focused atten-
tion (FA), task-related interference (TRI) and task-unrelated thought (TUT)were 0.69, 0.23,
and 0.09, respectively (Figure 3.2).
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Figure 3.2: Distribution of mind wandering scores.
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3.2.6 Extracting features

We extracted 27 mouse features (Kieslich &Henninger, 2017) from the x and y-coordinates
recorded for each participant. As sets after which thought probes were placed varied from
3 (easiest) to 7 trials (hardest) in size, we also included set size as a contextual feature in our
analyses (Mrazek, Smallwood, Franklin, et al., 2012). Descriptive statistics of features are
presented in Table 3.1. Features were first aggregated per participant before calculation of
the mean and standard deviation. MAD refers to the signed maximum absolute deviation
connecting the direct path between the start and end point of the trajectory (straight line)
(Figure 3.3). If theMADoccurs above thedirect path, it has apositive value; if it occurs below,
then anegative value.MADtime refers to the time atwhich themaximumabsolute deviation
was first reached. MDabove andMDbelow refer to themaximumdeviation above and below
the the direct path, respectively, whileMD above time andMD below time refer to the time
at which the maximum deviation above and below was reached first, respectively. AD refers
to the average deviation from the direct path. AUC (Figure 3.3) refers to the geometric area
between the actual trajectory and the direct path (where areas below the direct path have
been subtracted). x- and y-pos flips refer to the number of directional changes along x- and
y-axis, respectively. x- and y-pos reversals refer to the number of crossings of the x- and y-axis,
respectively.

All features were aggregated per set (15 sets per participant, varying in size from 3 to 7
trials), yielding a total of 4080 instances.

Table 3.1: Unstandardized means and standard deviations of mouse tracking features and set
size for each class (FA – focused attention, TRI – task‐related interference, TUT – task‐unrelated
thought).

Features* FA TRI TUT

Mean SD Mean SD Mean SD

x-pos max 135.30 70.29 138.36 73.08 151.79 92.36
x-pos min -531.58 20.64 -533.09 24.28 -539.14 27.67
y-pos max 655.10 14.45 655.30 16.06 654.00 16.66
y-pos min -0.44 1.23 -0.36 1.09 -0.42 1.23
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Table 3.1 continued from previous page

Features* FA TRI TUT

Mean SD Mean SD Mean SD
MAD 280.24 112.25 282.32 112.41 300.91 141.95
MAD time 559.81 146.36 597.51 183.51 628.99 202.97
MD above 290.52 108.20 292.21 108.62 312.15 133.81
MD above time 537.05 140.07 577.84 179.27 604.97 210.59
MD below -19.90 11.48 -19.25 13.48 -22.21 16.95
MD below time 445.83 150.33 481.89 239.95 521.80 252.19
AD 82.71 40.25 83.68 41.22 88.37 46.32
AUCa x 103 109.00 39.00 111.00 42.00 117.00 51.00
x-pos flips 1.48 0.48 1.50 0.55 1.54 0.66
y-pos flips 0.90 0.45 0.92 0.52 0.97 0.84
x-pos reversals 0.84 0.27 0.84 0.31 0.89 0.41
y-pos reversals 0.06 0.11 0.06 0.14 0.07 0.17
RT 1104.96 273.81 1174.78 322.65 1224.99 412.23
initiation time 195.39 91.76 206.08 107.33 221.85 107.90
idle time 380.30 212.13 432.66 251.67 459.71 320.02
total dist 1218.71 203.69 1223.86 195.08 1267.82 260.48
vel max 6.43 1.01 6.45 1.14 6.47 1.18
vel max time 587.86 167.52 630.69 205.12 656.09 221.68
acc max 0.10 0.02 0.10 0.02 0.10 0.03
acc max time 545.63 163.04 590.49 207.60 621.96 234.80
acc min -0.10 0.02 -0.10 0.02 -0.10 0.03
acc min time 635.16 163.01 677.91 203.20 710.68 221.35
sample entropy 0.10 0.03 0.10 0.03 0.10 0.03
set size 4.82 0.35 5.33 0.89 5.46 1.08

* All time related values are presented in milliseconds (ms), all position related values are pre-
sented in pixels (px), area (AUC) is displayed in px2, and all speed related variables are presented
in pixels/ms.
a Exact values for AUC Mean and SD for each class are displayed respectively. (FA)Mean:
109,243.80 px2, SD: 38,620.08 px2, (TRI) Mean: 110,536.80 px2, SD: 41,572.50 px2, and
(TUT)Mean: 117,172.10 px2, and SD: 50,747.45 px2.58



Figure 3.3: Visual representation of trajectory measures.

3.2.7 Dimensionality reduction

Pearson’s correlations (Figure 3.4) between the mouse-tracking features indicate that some
featuresmay bemeasuring nearly identical underlying constructs (e.g. MAD andMDabove,
r = 0.99, vel-max time and acc-min time, r = 0.96, total dist and x-pos max r = 0.90).

Therefore, PCA (Figure 3.5)was used to reduce the dimensionality of the data, removing
anymulticollinearity. Four componentswereused that cumulatively accounted for 26%, 49%,
61%, and 68% of the variance in the mouse-tracking data, respectively.

Analysis of the components on the basis of the pattern matrix (Table 3.2) indicates that
the first component (spatial) concerns the space and path covered, indicating deviations from
the optimal trajectory, the second (time-related) consists primarily of variables that have to
do with the temporal occurrence of cursor movements, the third (speed-related) consists of
velocity and acceleration ofmovements, and finally, the fourth component (y-positions) con-
sists of primarily y-position related features.
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Figure 3.4: Correlations between mouse tracking variables.

Table 3.2: PCA pattern matrix with values for the highest loading component, with ultimate cutoff
point of 0.35

variables PC1 PC2 PC3 PC4
MAD 0.94
MD above 0.92
AD 0.92
AUC 0.88
x-pos max 0.87
total dist 0.75
sample entropy 0.70
x-pos reversals 0.65
MD below 0.48
y-pos flips 0.48
MAD time 0.92
vel max time 0.90
acc max time 0.89
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Table 3.2 continued from previous page

variables PC1 PC2 PC3 PC4
acc min time 0.88
MD above time 0.88
RT 0.86
idle time 0.80
initiation time 0.61
MD below time 0.58
vel max 0.84
acc min -0.81
acc max 0.77
x-pos min -0.67
y-pos max 0.35
y-pos reversals 0.79
y-pos min -0.76
x-pos flips 0.38

3.2.8 Training and testing

We used a leave-one-participant-out cross-validation procedure, where eighty percent of par-
ticipants were in the training/validation set, and 20% of participants in the test set. A leave-
one participant-out cross-validationprocedure is used to train classifiers in a user-independent
manner (Yatani & Truong, 2012) and has been previously applied for predicting mind wan-
dering (Pham &Wang, 2015). Each model was trained onN − 1 participants, and one par-
ticipant was held out for validation, for N folds, where N is the number of participants in
the training/validation set. This was then compared to a corresponding random chance base-
line7 for all three classes (FA – focused attention, TRI – task-related interference and TUT –
task-unrelated thought) separately.

7A random chance baseline was computed by randomly sampling classes from the test set.
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Figure 3.5: Plot of variables contributing to PCA components. Positively correlated variables point
to the same direction in the plot. Negatively correlated variables point to opposite directions in the
plot.

3.2.9 Model building

Several studies have been able to predictmindwanderingwithmachine learning classification
methods in a user-independent fashion from behavioral and (neuro)physiological data. Us-
ing eye movement features, Bixler & D’Mello (2016) trained 20 different machine learning
algorithms andwere able to predictmindwandering best using aNaive Bayes classifier. Pham
&Wang (2015) also used various classifiers to detect mindwandering in online lectures from
heart rate features and found the k-nearest neighbor classifier to perform best. Y. Zhang &
Kumada (2017) trained 6machine learning algorithms and found LinearDiscriminant Anal-
ysis and AdaBoost to predict mind wandering best using driving behaviour information as
features. Although various classifiers have been used to predict mind wandering from differ-
ent behavioral andphysiological features and in different contexts, there is not yet a consensus
concerning which one is best. Therefore, we trained 5 classifiers which have been previously
used in predicting mind wandering (NB – Naive Bayes, KNN – K-Nearest Neighbor, LDA
– Linear Discriminant Analysis, TB – Tree Bag, and RF – Random Forest) on the recorded
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features in order to predict whether participants were focused on the task at hand (FA), were
having task-related interference (TRI), or were having task-unrelated thought (TUT). We
consider these different classifiers because we have no a priori prediction about the type of
model that is best suited for this classification task. Weuse both the standardizedmouse track-
ing features (z-score standardized after aggregating per participant) as well as PCA-reduced
features as input for different models (Y. Zhang & Kumada, 2017).

3.2.10 Data preparation

Participants reported being focused on 69% of trials, to be having task-related interference
on 23% of trials and to be focused on 9% of trials. Considering the level of demand and
engagement required to complete the operation span task, it is not surprising that partici-
pants spent the majority of the time focused on the task. Because of this, we observed a bias
towards predictions of the majority class with all classifiers (Table 3.3). In addition to the
class imbalance, there was also a considerable difference in the amount of participants who
reported having task-unrelated thought (TUT) or task-related interference (TRI). Out of
the 272 participants, only 107 responded at least once to all three mind wandering probes.
In order to remove the imbalance in responses across participants present in the full data set,
we performed further analyses on the 107 participants who had variation in responses for all
3 classes. Furthermore, we randomly undersampled the majority class(es) to match the in-
stances in the theminority class, leaving one observation for each class (3 per participant), for
a total of overall 321 observations (3 x 107). We used a nested cross-validation procedure for
the balanced data, where an innerCV loopwas used for training/validation and an outer loop
to compute a generalized estimate of performance. Eighty percent of participants were in the
training/validation set (inner loop), and 20% of participants in the test set. We performed
a leave-one-participant-out cross validation on the training/validation set (inner loop). Each
model was trained on N − 1 participants, and one participant was held out for validation,
forN folds. Model performance was then assessed on the test data. In order to estimate how
well each model generalizes, we repeated the cross-validation process 15 times with random8

training/validation and test split. We then obtained an average accuracy over the 15 iterations
8Weused random splits of the data because of the relatively few observations after removing class imbalance.

Note that there was some overlap between the test sets in each of the 15 iterations (Mean overlap of 19% (SD =
7%).
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(outer loop). This was then compared to a corresponding random chance baseline9.

3.3 Results

We report the classification performance in terms of overall accuracy of all classes (Acc.), fol-
lowed by the F1 score (balanced average of precision and recall), Sensitivity (true positive rate,
also known as recall), Specificity (true negative rate), and the Balanced Accuracy (representing
an average between Sensitivity and Specificity) for each class.

Results from the leave-one-participant-out cross validation procedure on the imbalanced
data (Ntotal = 4080, FA = 2805, TRI = 923, TUT = 352) are displayed in Table 3.3.
When testing the models on unseen data, we observe above chance overall accuracies for all
models. As expected, all classifiers were able to predict FA above a random chance baseline,
indicating a clear bias towards prediction of the majority class, as high Sensitivities are ac-
companied by low Specificities. We also found that the F1 and Sensitivity scores for most
classifiers predicting task-unrelated thought (TUT) and task-related interference (TRI) fall
below a random chance baseline, with Specificities above chance. Only the Naive Bayes (NB)
classifier was able to predict task-unrelated thought (TUT) above a random chance baseline
(F1 = 0.14, Sensitivity = 0.11), while no classifiers were able to predict task-related interfer-
ence (TRI) above chance levels. We found nearly identical predictions formodels using PCA
components as features. As such, we do not display them here.

3.3.1 Removing class imbalance

Once removing the influence of class imbalance, we see a considerable improvement in perfor-
mance measures. More specifically, results from the nested cross-validation on the matched
data (N = 321) indicate that K-Nearest Neighbors (KNN) and Random Forest (RF) were
able to predict task-unrelated thought (TUT) best (F1 = 0.41, Sensitivity = 0.44 for KNN;
F1 = 0.37, Sensitivity = 0.39 for RF). All classifiers predicted focused attention (FA) above
chance level (F1 and Sensitivity > 0.30). However, no classifiers were able to predict task-
related interference (TRI) well (see F1 and Sensitivity scores for TRI in Table 3.4).

9A random chance baseline was obtained by randomly sampling classes from the test set. This was also
averaged over 15 iterations.
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Table 3.3: Performance of multiple models on matched data using 27 mouse tracking features and
set size for each class (task‐unrelated thought (TUT), task‐related interference (TRI), and focused
attention (FA); N = 4080). Above chance performance is presented in bold font.

Acc. F1 Sensitivity Specificity Balanced Acc.

TUT TRI FA TUT TRI FA TUT TRI FA TUT TRI FA
Random .54 .07 .22 .69 .07 .22 .69 .92 .78 .31 .50 .50 .50
NB .63 .14 .14 .78 .11 .10 .89 .95 .93 .19 .53 .51 .54
LDA .66 .02 .01 .79 .01 .01 .99 1.00 .99 .01 .51 .50 .50
KNN .64 .00 .14 .78 .00 .10 .94 1.00 .93 .11 .50 .51 .52
TB .64 .00 .13 .78 .00 .08 .93 1.00 .93 .08 .50 .51 .51
RF .66 .00 .01 .79 .00 .01 .99 1.00 .99 .00 .50 .50 .49

Table 3.4: Performance of multiple models on matched data using 27 mouse tracking measures and
set size as features (N = 321). Above chance performance is presented in bold font.

Acc F1 Sensitivity Specificity Balanced Acc.

TUT TRI FA TUT TRI FA TUT TRI FA TUT TRI FA
Random .32 .32 .33 .30 .32 .33 .30 .66 .66 .65 .49 .50 .47
NB .38 .34 .35 .42 .30 .34 .50 .78 .69 .60 .54 .52 .55
LDA .34 .33 .29 .40 .32 .28 .43 .69 .70 .63 .51 .49 .53
KNN .37 .41 .31 .39 .44 .30 .39 .66 .71 .69 .55 .50 .54
TB .34 .33 .32 .36 .32 .32 .37 .68 .64 .68 .50 .48 .53
RF .35 .37 .31 .37 .39 .29 .38 .65 .71 .68 .52 .50 .53

When using PCA components as features, all models performed above a random chance
accuracy baseline (Table 3.5). We also see a particular improvement in the Balanced Accura-
cies, indicating an improvement in both Sensitivity and Specificity for all classes, such that all
values were above chance (except for LDA – Linear Discriminant Analysis when predicting
TRI – task-related interference). NB –Naive Bayes, TB – Tree Bag, and RF – Random For-
est were the best classifiers, with overall accuracies (Acc.) of 0.47, 0.42, 0.40, respectively. F1
scores (for each model per class) are displayed in Figure 3.6.

The F1 scores for these top 3 classifiers (Naive Bayes, Tree Bag, Random Forest) for each
class (TUT – task-unrelated thought, TRI – task-related interference, and focused atten-
tion) were as follows: TUT (0.47, 0.46, 0.39), TRI (0.44, 0.39, 0.42), and FA (0.48, 0.41,
0.37), respectively. Baseline F1 scores for task-unrelated thought, task-related interference
and focused attention were 0.32,0.33, and 0.30, respectively. Both the Linear Discriminant
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Table 3.5: Performance of multiple models on matched data using 4 PCA components and set size
as features (N = 321). Above chance performance is presented in bold font.

Acc F1 Sensitivity Specificity Balanced Acc.
TUT TRI FA TUT TRI FA TUT TRI FA TUT TRI FA

Random 0.32 .32 .33 .30 .32 .33 .30 .66 .66 .65 .49 .50 .47
NB 0.47 .47 .44 .48 .50 .41 .48 .69 .77 .73 .60 .59 .61
LDA 0.37 .40 .18 .45 .42 .14 .54 .65 .82 .58 .54 .48 .56
KNN 0.38 .39 .35 .39 .40 .33 .40 .68 .74 .65 .54 .54 .53
TB 0.42 .46 .39 .41 .47 .39 .40 .71 .71 .71 .59 .55 .56
RF 0.40 .39 .42 .37 .38 .44 .38 .74 .67 .69 .56 .56 .53
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Figure 3.6: Performance of different models with PCA components as predictors.

Analysis and K-Nearest Neighbors classifiers predicted task-related thought and focused at-
tention well, but not task-related interference. Specifically, the Linear Discriminant Analysis
classifier predicted task-related interference below chance level, while K-Nearest Neighbors
predicted task-related interference just at chance level.

When comparing the performance of models with standardized mouse tracking features
to models with PCA components (Figure 3.7), we observe that reducing the dimensional-
ity of the data leads to improvements in F1 performance, especially for Naive Bayes (NB),
Random Forest (RF), and Tree Bag (TB).
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Figure 3.7: Comparison of performance of models with standardized mouse tracking features versus
with PCA components.

3.3.2 Importance of features

We explore the importance of features in predictingmindwandering on the balanced data us-
ing the Random Forest algorithm, which is suitable for selecting a large number of features
with fewobservations (Yamauchi, 2013). RandomForest performs ensemble learning, as 500
or more decision trees are formed by randomly selecting observations and variables. It then
estimates likelihoods of the dependent variable with the importance scores of features. We
repeat this procedure across the 15 training/validation sets and average the importance of fea-
tures across the different folds. Results from this procedure (Table 3.6) indicate that the top
five features pertain primarily to task difficulty (set size), followed by velmax time,MDbelow
time, RT, and MD above time. Out of these top ten features, we observe that 7 pertain to
the time to reachmaximumvelocity, maximum (andminimum) acceleration, andmaximum
deviation (both above and below). Time to reach maximum velocity provides information
about the onset of cognitive processes involved in committing towards a response (Hehman
et al., 2015). Time to reach maximum deviation reflects the time to reach the greatest dis-
tance from the ideal trajectory and is positively correlated with the time to reach maximum
velocity and acceleration (r = .89). Therefore, these features provide valuable information
concerning the influence of mind wandering on selection of an alternative during the math
processing part of the OSPAN task. The remaining last 2 features (total distance and x-pos
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reversals) of the top ten pertain to the space and distance covered by trajectories. These fea-
tures provide important information concerning how mind wandering may influence the
complexity of mouse movements, as demonstrated by differences in trajectory paths.

Table 3.6: Importance of features

Overall ranking of features Ranking of features per class

TUT TRI FA
set size 60.39 set size 99.16 RT 63.08 y-pos flips 45.45
vel max time 54.19 x-pos flips 68.32 vel max time 63.01 set size 44.90
MD below time 53.69 MD above time 64.82 MAD time 55.29 total dist 44.47
RT 51.52 acc min time 64.27 acc max time 52.92 MD above 43.16
MD above time 50.76 RT 55.30 acc min time 52.73 MD below time 42.49
acc max time 50.42 MD below time 54.13 MD below time 48.28 x-pos reversals 42.44
acc min time 47.81 y-pos flips 53.94 set size 48.13 MAD 41.28
MAD time 46.01 acc max time 53.78 MD above time 40.37 x-pos flips 39.22
x-pos reversals 44.09 initiation time 49.83 idle time 36.01 x-pos max 37.23
total dist 41.12 vel max time 49.31 AD 34.99 acc max time 37.19

When exploring the direction of features in predicting task-unrelated thought (Figure
3.8), we observe more x-position flips, longer time to reach maximum deviation and maxi-
mum acceleration, longer RTs, more y-position flips, longer time to reach maximum accelera-
tion and velocity, and longer initiation times during task-unrelated thoughts (see Figure 3.8).
If we compare the difference in means in Figure 3.8 to the means of features in Table 3.1, we
notice consistency betweenmean values for the entire dataset and values in the downsampled
data. The top mouse tracking feature for predicting task unrelated thought, x-position flips,
were the number of times participants moved the mouse cursor along the x-axis (Dale et al.,
2008). More x-position flips represent increased complexity of movement along the decision
axis, indicating more changes of mind. Next in importance were time to reach maximum
deviation and time to reach minimum acceleration, indicating the time it takes to commit to-
wards a response (Duran et al., 2010). Greater values indicate a delay in this commitment
during task-unrelated thoughts.

3.4 Discussion

This study explores an objectivemethod for inferringmindwandering. This is of importance
for future research usingmouse trackingmethods formonitoring participant’s attention dur-
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Figure 3.8: Z‐score standardized means of top ten features for predicting task‐unrelated thoughts.

ing an online task beyond the laboratory. Such research is attractive in terms of its low costs,
scalability, and ecological validity. Importantly, our findings provide support for a dynamic
and embodied view of cognition, in which mind wandering and hand reach movements are
seen as functionally interdependent (Freeman et al., 2011). In a typical mouse-tracking task,
additional competing choice options are presented as additional buttons on the screen - here
they were internal cognitions. As such, mouse-tracking measures that typically reflect re-
sponse conflict between choice buttons (i.e. MAD and AUC) were not strongly affected
by mind wandering. Instead, we build on the response activation model to explain howmind
wandering can be a source of competing cognitions which lead to slower, less precise and
more complex mouse movements.

The importance of set size in predicting mind wandering indicates that task difficulty
plays a role in predicting task-unrelated thought. This is supported by the context-regulation
hypothesis (Smallwood &Andrews-Hanna, 2013), for which there is ample evidence demon-
strating thatmoremindwandering occurs under low task demands, and lessmindwandering
occurs under high task demands. Yet, once task demands become too high, conditions facil-
itate mind wandering once again (Adam & Vogel, 2017). Closely following set size, mouse
tracking features containing information about the lengthof the initial phase of a trajectory as
well as information regarding changes ofmindweremost important in predictingmindwan-
dering. Temporal features such as time to reach maximum deviation and time to reach maxi-
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mumacceleration give us insight into the influence ofmindwandering on the amount of time
required for making a decision for (or against) a particular response. Knowing this, we build
on the SOSmodel to explain howmindwanderingmay actually lead to changes in arousal and
consequent disruptions inmotor control, leading to a slower initial (high-velocity) phase of a
trajectory. In addition to temporal features, features relating to the complexity of trajectories,
x- and y-position flips, are most important for predicting mind wandering. More flips along
the horizontal and vertical axes indicate that more corrective movements took place during
trajectories where participants were having task-unrelated thoughts. Taken together, these
findings support our expectations in that mind wandering led to slower, more erratic, and
more complex trajectories.

Our goal in this studywas to explorewhetherwe could find objective differences between
all three attentional states: focused attention, task-related interferences, and task-unrelated
thought. Although we describe task-related interferences to be a paarticular type of mind
wandering, it is important to note that task-related interferences have been often found to be
an ambiguous state to interpret (both by researchers and participants), falling somewhere
in between task focus and task-unrelated thought, but being neither here nor there (Mc-
Vay & Kane, 2009). Conceptually, it makes sense to distinguish task-related interferences
from task-unrelated thought. However, in practice, this is still a challenge. In a study com-
paring how often participants attributed task-related interference to on-task thoughts and
mind-wandering, respectively, they estimated about 1/3 of task-related interference to be at-
tributed to mind-wandering, and about 2/3 to be attributed to on-task thoughts (Robison
et al., 2019). Because of this ambiguity, task-related interferences have been excluded from
analysis in previous research (McVay&Kane, 2009, 2012; Unsworth&Mcmillan, 2012; Ro-
bison et al., 2019). It may also be that because of their ambiguity, task-related interferences
were most poorly predicted by our algorithms (often below or just at chance level).

Some research demonstrates that participants have a tendency to respond more slowly
after making an error either because of a depletion in cognitive resources or because of a
strategic increase in response caution (Ceccarini & Castiello, 2018). However, participants
were encouraged to respond as accurately as possible to the math operations in this task ac-
cording to their average response time, making the amount of math errors across conditions
negligible (4.03% for focused attention, 5.69% for task-related interference, and 7.51% for
task-unrelated thought). Moreover, such post-error slowing has been investigated primarily
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in speeded-RT tasks which consist of button or key presses. In contrast, the operation span
task used in this study was mouse-based, which is by nature slower than button or key-based
tasks. As we were interested in observing the evolution of responses over time during mind
wandering, it was important that we keep all trials in our analyses, irrespective of potential
post-error slowing. As such, we found that the most important mouse features in predicting
mind wandering involve time features related to the initial high-velocity phase of a trajectory.

3.4.1 Relation to previous research

Although this study is the first to use mouse movements to predict mind wandering, it is
not the first to attempt to predict mind wandering during a working memory task. Recent
research has used eye tracking features and task performance in order to predict mind wan-
dering during a similar task - namely, during a spatial complex working memory span task
(Huijser et al., 2017). They found task performance (working memory span score) to be the
strongest predictor of distracted thought and found a considerable drop in classification ac-
curacy when excluding task performance, with Accuracy falling just above chance level, and
Sensitivitydropping considerably belowchance level. In our study, task performancewas also
the strongest predictor of mind wandering; however our primary interest was investigating
the predictive power of mouse movements independently of task performance. Moreover,
whileHuijser et al. (2017) only included eyemovement features extracted from a 2 second in-
terval before each probe (after participants had already completed a set), we recorded mouse
movements while participants completed the processing portion of the operation span task.
As such, we extracted a much larger amount of data during the sets preceding each thought
probe, which is seemingly able to provide insight into the continuous temporal dynamics of
attention and mind wandering during a task.

3.4.2 Limitations

A possible caveat in our study is the fact that our probes were placed at the end of each set,
which varied in level of difficulty (3 to 7 items per set). Participants’ answers to the probe
were extrapolated to the entire set of varying difficulty, while mouse movements were only
measured during the processing portion of the task but not during letter recall (immediately
before the probe). A possible solution would be to embed probes during the processing por-
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tion of the task (before letter recall). However, this would radically change the nature of the
task, because doing sowould disrupt the flowof this task and consequently, one’s ability to re-
call the letters in serial order. Alternatively, mouse movements could also rather be recorded
during letter recall, or during breaks between sets, but this would leadmousemovements not
to be comparable across trials, as start and end positions would differ considerably.

Secondly, the class imbalance both between and within participants made this classifi-
cation task a particularly difficult one. More instances of the minority class(es) would have
likely facilitated our predictions. However, aswe already collected data from274participants,
it is unlikely that an increase in sample size would lead to more balanced classes. As our task
was both demanding and engaging, in line with the context-regulation hypothesis, it makes
sense that under high task demands,mindwanderingwould beminimal. Prior researchusing
the operation span task (Mrazek, Smallwood, Franklin, et al., 2012) found mind wandering
rates close to 25%. Note that in their study, thought probes were not categorical but rather
required participants to indicate to what extent their attention was either on-task or on task-
unrelated concerns using a 5-point scale. Similarly, in visual workingmemory tasks, Adam&
Vogel (2017) foundmind wandering rates of approximately 27%. In the current study mind
wandering rates were only 9%. This discrepancy between this number and previous studies’
mindwandering ratesmaybe due to several reasons: First, the intermittent probes during our
task were retrospective, supposedly reflecting thought content during the entire previous set.
The categorical probes forced participants to make a choice about their preceding states of
mind, although theymay have neither been fullymind-wandering nor fully focused. Instead,
a continuous probe may have allowed participants to quantify the degree to which they had
been mind wandering, as demonstrated by Mrazek, Smallwood, Franklin, et al. (2012). Sec-
ond, as attentional resourceswere likely consumedby the engagement demands of the task for
the majority of people in most of the sets, there were likely few resources left either for meta-
awareness of mind wandering or for mind wandering itself. Third, it may be that providing
feedback with regards to performance after every set may have biased participants to either
respond that they were focused (Awh&Vogel, 2015) or that they were concerned with their
performance on the task10. Finally, probing participants after every set may have induced
participants to be more alert and to focus on their performance more intently (Seli, Cheyne,

10Note that inMrazek, Smallwood, Franklin, et al. (2012)’s findings, feedback was provided, while in Adam
&Vogel (2017)’s study, no feedback was provided after each set
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& Smilek, 2013). In Mrazek, Smallwood, Franklin, et al. (2012)’s study, mind wandering
was probed only after 25% of sets while in Adam & Vogel (2017)’s study, mind wandering
was probed only after 20% of sets. Given the low mind wandering rates in this study, future
research should replicate and extend the ideas presented here with different tasks that likely
result in higher rates of mind wandering. In order to reduce the class imbalance while main-
taining the ecological validity of the study, recommendations for future studies would be to
increase the number of trials each individual must complete, reduce the number of probes
per participants, and investigate the difference between continuous and categorical probes.

3.5 Conclusion

Taken together, our findings demonstrate that mouse movements have information that can
be used to detect mind wandering. The fact that we had imbalanced classes made this a
difficult classification task. Not only that, we attempted to predict mind wandering in a
participant-independent manner, which makes classification even more challenging due to
individual differences in hand movements. When accounting for class imbalance by down-
sampling instances of the majority class(es) to match instances of the minority class, we were
able to predict mindwandering above chance level in a participant-independentmanner. We
observed a considerable improvement in predictions of task-unrelated thoughtwhile focused
attentionwas predicted consistently above chance level by all classifiers. After reducing the di-
mensionality of features, performance improved for all classes, such that accuracy was above
chance for all classifiers.

Mind wandering is an important aspect of the human condition; that is, the ability to
decouple from the present environment and represent situations and thoughts that are unre-
lated to the here and now enable planning, goal orientation, and creativity. There are, how-
ever, situations in which mind wandering is detrimental to performance and successful nav-
igation through some of our day-to-day activities. Therefore, identifying cues to mind wan-
dering may enable us to catch it before it does any harm. The fact that we were able to trace
mind wandering by means of computer mouse movements is a further step in understand-
ing how cognition leaks into action. This study demonstrates that mouse tracking features
are a promising objective measure for predicting mind wandering from hand movements in
online user-interfaces.
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4
The impact of mind wandering on fine

motor movements

This chapter addresses Research Question 2: How do motor movements during reported
episodes of mind wandering differ from motor movements during focused attention? andRe-
search Question 3: Are deeper reported episodes of mind wandering associated with greater
differences in motor movements?

Based on: Dias da Silva, M. R., & Postma, M. (2021). Straying off course: the negative
impact of mind wandering on finemotor movements. Journal ofMotor Behavior, 54(2) 186-
202.doi: 10.1080/00222895.2021.1937032
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The goal of this chapter was to examine how various degrees of perceptual decoupling
during mind wandering affect fine motor control. We hypothesized that while under nor-
mal circumstances attention ensures an optimal control strategy that leads to accurate motor
performance, during mind wandering the process becomes disrupted. In this study, we con-
ducted a computer-based experiment with a tracking task. During mind wandering, motor
movements weremore erratic and less variable, indicative of reduced attentiveness to the con-
tinuous demands of the external task. Importantly, the deeper the reportedmindwandering,
the less accurate and less variable were the mouse movements, suggesting that perceptual de-
coupling may take place in a graded rather than in an all or nothing manner. Greater move-
ment intermittency was associated with higher tracking accuracy, suggesting that more cor-
rective movements towards a moving target were functional to task performance. Moreover,
greater variance in velocity was negatively correlated with tracking accuracy. These findings
suggest that periods of inattention to the task have a negative impact on fine motor move-
ment control by making behavior unpredictable, providing support for the idea that there is
a decoupling of sensory-motor processes during mind wandering.

4.1 Introduction

Both gross and more fine-grained movements are necessary for most activities in daily life.
Gross motor skills concern the coordination and movement of larger body parts, such as
arms and legs (Khalaj & Amri, 2014), contributing to static and dynamic balance (Pitcher et
al., 2003; Valentini et al., 2014), while fine motor skills refer to smaller movements of hands,
wrists, and fingers, requiring close eye-hand coordination and contributing to manual dex-
terity (Suggate et al., 2018; Pitcher et al., 2003; Valentini et al., 2014). Fine motor skills are
arguably most used nowadays in online interfaces, from school age children who learn and
playwith their tablets toworking age adults who spend themajority of their days in front of a
computer. This ever-growing interaction betweenhumans and computer interfaces across all
ages highlights the increasing importance of investigating the dynamics of fine motor move-
ments in online tasks (e.g., Hocherman et al., 2004; Mathew et al., 2020).

Various factors influence – and often impair – motor control. These may be physical
(e.g., breaking a limb), neurological (e.g., Parkinson’s disease), or age related. During child-
hood, motor abilities evolve from being purely involuntary reflexes to being intentional ac-
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tions upon the environment. As people age, they also experience a deterioration in their mo-
tor control abilities (Lee et al., 2013; Stirling et al., 2013; Michimata et al., 2008), which is
exacerbated by cognitive decline (Kluger et al., 1997). However, the most important factor
which influences motor control is attention, as it regulates movements in individuals across
all ages.

Past research demonstrates that individuals with attention disorders often have impair-
ments in both fine and gross motor abilities (Kaiser et al., 2015; Pitcher et al., 2003). Par-
ticularly, with regards to fine motor skills, various studies have reported that children with
ADHD have less precise, less stable, more corrective and jerkier movements during tracking
tasks (for a review, see Kaiser et al., 2015). Similarly, Tucha & Lange (2001) found the hand-
writing of boys with ADHD to be less legible. In addition to themotor control impairments
associated with attention deficit disorders, it has been found that focusing attention on an-
other cognitive task while performing a movement leads to impairments in motor learning
(Song, 2019; Taylor &Thoroughman, 2008). Moreover, there appears to be an advantage in
motor performance when focusing externally on the task rather than focusing internally on
body motions and mechanics (Lohse et al., 2014; Wulf, 2013; Wulf et al., 1998).

In the current study, we examine fluctuations in attention caused by mind wandering,
a state in which attention decouples from external perceptual input. Mind wandering has
been found to occur between 30 to 50% of the time across a wide variety of tasks, both in and
outside of laboratory settings (Smallwood & Schooler, 2015). A commonly used method to
investigate mind wandering involves directly asking individuals about the content of their
thoughts (whether they are focused on the external task at hand or mind wandering) in real
time. For the most part, individuals tend to be able to reliably identify and report the con-
tents of their thoughts, as indicated by high correlations between subjective self reports of
mind wandering and objective behavioural and neurophysiological measures (Smallwood &
Schooler, 2015). As attention decouples from perception, there is often a decrease in alert-
ness and sensory-motor processing of the external environment (Kam&Handy, 2013; Small-
wood & Andrews-Hanna, 2013). This is demonstrated, for example, by systematic differ-
ences in oculomotor movements during reading prior to reports of mind wandering. For
example, fixations during mindless reading have been found to be longer and less sensitive to
lexical and linguistic features than during normal reading (e.g., Reichle et al., 2010; Foulsham
et al., 2013). This observation is in line with studies reporting changes in both accuracy and
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reaction times during button presses or mouse clicks in vigilance tasks. For these tasks, re-
duced accuracy either because of failing to respond or failing to inhibit an incorrect response
(e.g., Smallwood, Davies, et al., 2004), as well as generally more variable reaction times (e.g.,
McVay&Kane, 2009; vanVugt&Broers, 2016), have been reported duringmindwandering
states.

According to Baddeley’s model of workingmemory (Baddeley &Hitch, 1974; Baddeley,
2003), the visuo-spatial sketchpad is responsible for storing information of a visual or spatial
nature for a short period of time. Meanwhile, visuo-spatialworkingmemory resourceswould
be associated with visuomotor control processes (Repov & Baddeley, 2006). In support of
this claim, Spiegel et al. (2013) demonstrate that motor movement planning and execution
impacted performance in working memory tasks. Conversely, Bathurst & Kee (1994) found
that having participants perform a verbal task while finger tapping significantly changed tap-
ping rates. According to the attentional-resource hypothesis ofmindwandering (Smallwood
& Schooler, 2006), both task-related attention and mind wandering compete for limited ex-
ecutive resources. As attentional resources are decoupled from perception and redirected to
internal trains of thought during mind wandering, it is possible that motor control of move-
ments also becomes impaired (Kam&Handy, 2013).

An exploration of changes in motor movements allows for a more fine grained measure-
ment of the temporally dynamic processes which take place during mind wandering as we
monitor and adjust of ourmovements in response to external demands. For example, during
a visuomotor tracking task, Kam et al. (2012) found increased tracking errors during peri-
ods of mind wandering relative to periods of focused attention. More recently, we found
that movements during a reaching task towards a target became initially slower and overall
more complex during periods of mind wandering (Chapter 3). These types of tasks gener-
ate a rich set of continuous measures collected across time as individuals follow the path of
a target on a screen with either a mouse, joystick, or similar tracking device. There is some
evidence indicating that as attention decouples from perception during mind wandering in
a graded fashion, sensory and motor processes may become attenuated to different degrees,
ranging from becoming partially attenuated, only reducing stimulus processing to an extent,
to becoming completely attenuated (Kam&Handy, 2013; Schad et al., 2012). It is therefore
likely that the impact of mind wandering on fine motor measures varies with the degree of
perceptual decoupling.
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In sum, it seems that as attention directs itself inwards, a decoupling of sensory and mo-
tor systems from the environment becomes manifest in wavering behaviors, ranging from
oculomotor movements, to finger movements during button presses or clicks, to more dy-
namic movements during reaching and tracking tasks. In what follows, we first provide an
overview of findings regarding mind wandering during different task conditions. We subse-
quently describe the methods used to measure motor movement execution, in particular the
movement of the computer mouse during online tasks.

4.1.1 Mindwandering under different task conditions

As we adjust our movements in response to demands of the external environment, our ex-
pected responses vary according to the type of task being performed. Given that mind wan-
dering can occur during tasks with varying levels of complexity, the consequences of mind
wandering vary as attention decouples from the external environment depending on the ac-
tivity being performed. As very easy tasks demand minimal resources, the mind can wander
without hurting performance of the primary task. However, mind wandering tends to be
more detrimental to performance on tasks that require more resources (Randall et al., 2014,
2019; Smallwood, 2013). For example, during a relatively predictable task such as driving on
an empty highway, the driver can both drive a car and think about the next vacation destina-
tion. Driving with no GPS on a busy road, on the other hand, may require the involvement
of working memory to retrieve the directions to one’s destination and an episode of mind
wandering would likely be highly disruptive to the driver’s performance (Lin et al., 2016).
However, a variety of factors, including task difficulty (Seli, Konishi, et al., 2018), previous
knowledge, level of expertise (Smallwood&Andrews-Hanna, 2013; Simonsohn, 2015), time
on task (Thomson et al., 2014), working memory capacity (Randall et al., 2019; Smallwood,
2013), drowsiness (Stawarczyk et al., 2020), and fatigue (Walker & Trick, 2018) – to name a
few – can affect this relationship.

Mind wandering has been investigated in tasks with varying levels of complexity. Vigi-
lance tasks (e.g., go/no-go tasks, SART, or oddball), choice reaction time tasks, and low-load
visual tasks, are characterized as having low complexity (Randall et al., 2014) and typically re-
quire relatively few attentional resources. On the other hand, tasks involving reading compre-
hension, assessments of complex cognitive abilities (e.g., working memory) and visual search
tasks with a high-load or with competing stimuli are characterized as having high complex-
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ity (Randall et al., 2014) and typically require more attentional resources. In general, mind
wandering is more likely to take place under lower tasks demands, as they require fewer at-
tentional resources in order to be completed, and as task demands increase, mind wandering
decreases (Smallwood & Schooler, 2006; McVay & Kane, 2010). However, under too high
task demandswhich require resources beyond an individuals’ capacity, mindwandering rates
increase again (Randall et al., 2014).

Next to complexity, another factor that has been shown to influence mind wandering is
time on task. Various studies have found that mind wandering increases with time on task
(McVay & Kane, 2009, 2012; Smallwood et al., 2006) for generally unfamiliar and repeti-
tive assignments. Previous studies indicate that typical sustained-attention tasks are both ex-
perienced as boring and monotonous, as indicated by reduced heart and respiration rates
(Pattyn et al., 2008), and effortful, as indicated by subjective reports of task workload and
stress (Grier et al., 2003). One possibility is that initially, participants must get used to the
unfamiliar, novel task. As time goes by, practice leads to a habituation to the task and poten-
tially, automation of task performance. This allows for executive resources to be freed up for
mind wandering (Risko et al., 2012). Mind wandering then potentially increases because of
understimulation, leading to low levels of arousal as a consequence of the task’s monotony
(Brosowsky et al., 2021).

Alternatively, as sustaining attention towards a monotonous task is effortful, this leads
to a depletion in executive control as the task progresses, which in turn, leads to increases
in mind wandering (McVay & Kane, 2010). According to the first account, performance
decrements over time are a result of executive resources devoted to mind wandering rather
than to the task, while according to the second account, performance decrements are a result
of cognitive depletion. According to both of these accounts, increasing task demands should
lead to greater performance decrements over time (Thomson et al., 2015).

In terms of motor movements, some tasks require relatively rudimentary levels of mo-
tor control (pressing a button), while others require slightly higher (reaching for a stationary
target), or even more fine-grained levels of motor control (tracking a moving target). In vi-
suomotor tracking tasks, movements are guided by sustained visual attention to a moving
target in a fine-grained manner. When tracking a target, movements tend to be intermit-
tent (step and hold-like), with discrete positional corrections towards a target (Craik, 1947;
Russell & Sternad, 2001; Weir et al., 1989). However, the amount of intermittency is sub-
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ject to both individual variability and task variability (Mathew et al., 2020; Russell & Sternad,
2001). More complex finemotor tasks, for example, are associatedwith greater intermittency
and reduced smoothness of movements (Weir et al., 1989). When tracking nonpredictable
pseudo-random targets, movements tend to be more intermittent and less smooth, as “par-
ticipants must react to unexpected changes with a delay” (Russell & Sternad, 2001, p.330).
In contrast, when tracking repetitive targets such as sinusoidal waves, participants’ responses
are smoother (Mial, 2003; Russell & Sternad, 2001). In addition, practice or removal of on-
line visual feedback are associatedwith a reduction ofmovement intermittency and increased
smoothness of movements (Russell & Sternad, 2001). An exploration of the effects of mind
wandering during different kinds of motor tasks may provide insight into how dynamicmea-
sures associated with task complexity change according to an individual’s locus of attention.

Visuomotor tracking tasks are particularly suitable for investigating the moment-to-
moment dynamics of wavering behavior associated with mind wandering during guided
movements. The underlying dynamics of motor control present in these tasks are relevant
for activities we perform in our daily lives, such as interacting with online interfaces, as well
as other activities requiring eye-hand coordination such as driving, writing, or cooking. Con-
sidering the ubiquity of mind wandering in our daily lives (Killingsworth & Gilbert, 2010;
Smallwood & Schooler, 2015), and the fact that complexity in terms of motor control has
been largely overlooked in the literature, there is a need to investigate further the effect of
mind wandering on movements under such tasks in laboratory settings.

During tasks assessing continuous movement performance, it seems that increased be-
havioral variability is associated with an external focus of attention. According to the con-
strained actionhypothesis (McNevin et al., 2003), an external focus of attentionon the effects
of a movement allows for automatic control associated with improved motor performance.
Meanwhile an internal focus of attention on movement patterns themselves engages execu-
tive resources and disrupts these automatic control processes, resulting in poorer motor per-
formance. An abundance of research suggests that more variable movements are associated
with an external focus of attention irrespective of howwell-learned a task is (Lohse et al., 2014;
Wulf, 2013). Although mind wandering and an internal focus of attention towards move-
ment dynamics cannot be equated, both require executive resources and seemingly disrupt
automatic control processes engaged during motor performance. Variability in movement,
therefore, should also decrease during episodes of mind wandering as opposed to maintain-
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ing an external focus of attention.
In addition to reducedmovement variability, previous research has found that smoother

movements – reflected as less intermittent or jerky movements– are also associated with an
external focus of attention (Kal et al., 2013). As such, internally oriented attention during
periods of mind wandering should conversely be associated with less smooth, more intermit-
tent movements.

In sum, mind wandering is generally more likely to take place under low demand tasks
and less likely as task demands increase (Smallwood & Schooler, 2006). Moreover, mind
wandering is also likely to increase duringmonotonous activities, either because of low atten-
tional demands required or because of cognitive depletion resulting from effortful processing
required for continuous performance. With time on task increasing, participants become ha-
bituated to these tasks, and mind wandering becomes more likely as a result of low levels of
arousal. In tasks assessing continuous movements, mind wandering seems to be related to
poorer tracking accuracy andmore complex reaching, indicative of changes in arousal. More
intermittent and less variablemotormovements, previously found to be related to an internal
focus of attention, could also potentially be indicative of mind wandering.

4.1.2 Predicting mindwandering frommovements

In recent years, a considerable amount of attention has been paid to automatic detection of
mind wandering in educational and other contexts (Hutt et al., 2016; Bosch, 2016; Y. Zhang
& Kumada, 2017; Jin et al., 2019). In particular, a variety of bodily behaviors ranging from
eye movements to head movements and posture have been used as features for predictive
modelling of off-task states. Indeed, process tracing methods such as mouse tracking have
demonstrated to be a promising avenue of research in the tracking of off-task behavior in
tasks with varying characteristics, under both laboratory and naturalistic settings. For exam-
ple, in a visuomotor tracing task, participants were required to track the sinusoidal path of a
ball on a screenwith a joystick (Kamet al., 2012). During episodes ofmindwandering, partic-
ipants made greater tracking errors compared to reports of being focused on the task at hand.
In amore perceptually and cognitively demanding task, we found that differentmousemove-
ment features are predictive of mind wandering during performance of an Operation Span
Task (Chapter 3). More complexmovements (more x- and y-flips) likely indicated changes in
arousal prior to reports of mind wandering. In addition, we found that time to reach maxi-
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mum deviation was longer, indicating that participants took longer to commit to a response
prior to mind wandering probes.

In the study of Cetintas, Si, Xin, & Hord (2010), mouse tracking features have been
used to detect students’ off-task behavior during interaction with an intelligent tutoring sys-
tem. Three features were extracted from students’mousemovements. The first indicated the
largest time interval in which themousewas not used to solve a problem. The second and the
third features included both the average x- and average y- movement every 200 milliseconds,
respectively. Both the amount of time the mouse was idle as well as the amount of the total
distance travelled by the mouse (computed from the x- and y- movements) were important
predictors of off-task behavior during interactionwith an intelligent tutoring system. In com-
parison tomodels using only time and performance features, models usingmousemovement
features improved predictive accuracy from approximately 60% to 90%.

In user engagement research, mouse movements have been employed to track user atten-
tion to online web pages. Arapakis & Leiva (2016) engineered a wide set of mouse cursor fea-
tures for data collected from users exploring information in proxy search engine result pages.
By feeding these features to a random forest classifier, the authors were able to predict user
attention with an accuracy of 76% and an AUC (balanced measure of accuracy taking into
account both the true positive and the true negative rate) of 86%. As feature engineering can
be extremely time consuming and requires domain expertise, in another study, Arapakis &
Leiva (2020) instead used raw mouse-cursor data from user interactions with search engine
result pages for both convolutional and recurrent neural networks to predict user attention,
achieving up to 70% in F1-scores and in AUC scores.

Basedon thefindings reported above, it can thusbe concluded thatmeasures fromcontin-
uous handmovements contain valuable information about the locus of attention (external vs.
internal). These measures have been used to infer off-task states and mind wandering states,
both self-reported or coded by an observer, or inferred from user responses. In general, more
tracking errors, more complex movements, initially slower movements, more idle time, and
overall mouse cursor distance seem to be important features for predicting inattentive states.

4.1.3 Current Study

The goal of the present research is to examine differences between dynamic measures from
tracking fine motor movements prior to states of mind wandering and focused attention.
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Measuringmovements in a task in which participants must track a moving target on a screen
with amouse allows us to explore howmovements are adjusted in real time using ongoing sen-
sory information under different degrees of perceptual decoupling during mind wandering.
Suchmovement patterns provide insight into the underlying dynamics of eye-hand coordina-
tionwhichwe use on a daily-basis, for example, when interactingwith a computer, writing or
driving a car. In the current visuomotor tracking task, attentionmust be focused both on the
semi-predictable movements of the target itself and on the cursor controlled by the subject.
Whenever the target becomes red (the so-called ‘oddball’), participants are instructed to click
on it as quickly as possible. Performing this task thus requires both continuous monitoring
of the visual target, as well as selection of the appropriate motor response in terms of the po-
sition and timing of themouse in response to the stimulus (i.e., keeping themouse inside the
target). As such, attention must be focused both on the target and on the mouse cursor. We
expect that whenever participants report to have been mind wandering:

• H1) The responses to the oddball will be less accurate (McVay & Kane, 2012) and
slower (Chapter 3).

• H2) Tracking movements will be less accurate in terms of the position of the mouse
within the ball (the distance between the mouse and the ball will greater, Kam et al.,
2012).

• H3a)Given that the task chosen for the study ismonotonous and relatively long, we ex-
pect that self-reportedmindwandering rates will increase over time (Farley et al., 2013;
Risko et al., 2013; Thomson et al., 2014) and that H3b) tracking performance will de-
crease (Randall et al., 2014), as a result of reduced vigilance and habituatedmovements
to monotonous, repetitive stimuli (Peiris et al., 2006; Thomson et al., 2014).

• H4) We expect that movements will be more intermittent whenever participants re-
port to be mind wandering, in that less smooth, more corrective movements towards
the ball are necessary for accurate tracking per trial (Kal et al., 2013; Mathew et al.,
2020).

• H5) As movement variance has been found to be indicative of an internal focus of
attention (Lohse et al., 2014; Wulf, 2013), we expect the variability of cursor speed to
be lower during self-reported mind wandering states.
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• H6) Greater degree of disengagement from the task during self-reported mind wan-
dering episodes will predict poorer tracking accuracy, more intermittent movements,
and less variable velocities.

If mind wandering affects tracking performance, and retrospective self-reports of mind-
wandering and focused attention is valid, then it should be possible to identify episodes of
mindwandering from signatures in themotor tracking performance. To this end, we applied
machine learning methods to model the tracking data.

4.2 Methods

4.2.1 Participants and procedure

This study was approved by the university’s Institutional Review Board (REDC #2019/98).
In total, 45 participants between 18 and 33 years of age (M = 22.53, SD = 3.36,N = 43),
28 female, participated in the experiment in return for course credit. Two participants were
excluded from the analysis because they fell asleep during the study and did not follow the
instructions. In order to participate in the experiment, participants had to be right-handed
and have 20/20 vision or corrected vision. Upon arriving at the experimental session, partic-
ipants signed a consent form and answered questions about their demographics1 and mind
wandering experiences in daily life (reported in Chapter 5). Next, after a training session in
which participants familiarized themselves with the task and with the mouse cursor, they be-
gan the visuomotor tracking oddball task (Figure 4.1), during which they were interrupted
with thought probes assessing whether they were focused on the task or mind wandering.
Participants were instructed to track the path of a black ball that “bounced” along a white
computer screen as closely as possible, while also responding to rare targets (1 target to 9 non-
targets), also denoted as ‘oddballs’. That is, whenever the ball turned red, participants had to
click on it as quickly as possible. The task consisted of 5 blocks, each lasting approximately 10
minutes. There were 60 targets per block (300 targets total). Pseudorandomly throughout
the task, participants were asked to answer the following question: “Were you focused on the
task just before this question?”. They could have answered either ‘yes’, indicating they were

1Participants were asked the questions 1) “What is your Gender”, and could respond either ‘Male’ or ‘Fe-
male’, and 2) “What is your age.”
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focused on the task, or ‘no,’ indicating they were mind wandering. If they answered ‘no’,
they were presented with further questions, assessing the quality of their thoughts. More
specifically, we asked participants to indicate on a scale from 1 to 10, to what degree 1) their
attention was disengaged from their surroundings [perceptual decoupling], 2) they imagined
being somewhere else [mental navigation], and 3) the content of their thoughts varied [con-
tent variation]2. During the experiment, EEG data was collected (analysis not included in
this report). The experiment lasted about 90 minutes (30 minutes for EEG preparation and
filling out questionnaires and 1 hour for performing the visuomotor task).

Figure 4.1: Illustration of the trial sequence in the visuomotor task. Participants tracked the path
of a black ball (with a 50 pixels radius, moving with a speed of 5 pixels per 16 milliseconds) that
“bounced” around a 1366 cm wide by 768 cm long screen. Whenever the ball reached either the
top, bottom, left or right corners of the screen, this was marked as a trial, and it would bounce back
towards the opposite direction. Neither the ball nor participants’ movements left a trail. In 1 out of
10 trials, the ball would turn red (e.g., bottom middle panel) and remain still for one second. During
this time, participants had to click on the red “oddball” as quickly and accurately as possible.

2These questions were inspired by items in the MindWandering Inventory (Gonçalves et al., 2020).
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4.2.2 Instrumentation

The experiment ran on a 22-inch Dell desktop, with a 1366 by 768 resolution. Participants
sat approximately 70 centimeters in front of the screen. Stimulus material was presented
with a display refresh rate of 60Hz on a white background. Reaction time and correct target
detection for each participant were recorded. A Dell USB 3 Button Scrollwheel wired Op-
tical Mouse was used to record cursor coordinates during the task. Mouse coordinates were
sampled at 60 Hz.

4.2.3 Labelling data: Mindwandering responses

Participants reported to be focused on the task 60% of the time (SD = 19%) and mind
wandering 40% of the time (SD = 19%). The interval between probes was on average 39.58
trials (SD = 22.81), i.e., from the moment when the ball left one side of the screen and
reached the other side, see fig. 4.1), lasting in totalM = 33.18 seconds (SD = 18.07). Based
on the participants’ answers to each probe question, we labelled trials preceding the probe as
either ‘MindWandering’ or ‘Focused’.

4.2.4 Mouse tracking measures

Trajectories were measured per trial from the moment the ball left one side of the screen
(whether it be left, right, top, or bottom) to themoment it reached another side of the screen.
We determined the average tracking accuracy, trajectory intermittency, and variance in veloc-
ity per trial. In addition, we extracted 17 mouse features3 with the R package Mousetrap
(Kieslich & Henninger, 2017) from the x- and y-coordinates recorded for each participant
per trial. All trajectorieswere aligned to a common starting position andwere remapped onto
one side of the screen, before computing these additional measures (see Table 4.2). Further
descriptions of features can be found under Results.

3Note that in the forced-choice reaching task we include 1 additional feature assessing the time it took for
participants to startmoving theirmouse towards the target per trial and9 additional features of spatial attraction
towards (competing) targets, which are irrelevant for the purposes of this tracking task.
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4.2.5 Machine learning

We trained 5 different algorithms - Naive Bayes (NB), Linear Discriminant Analysis (LDA),
K-Nearest Neighbors (KNN), Treebag (TB), andRandom Forest (RF) to predict mindwan-
dering from 17 mouse tracking features (features from Table 4.2) along with tracking accu-
racy per trial. To minimize the chance of overfitting, eighty percent of the participant data
were in the training/validation set, and 20% were held out for testing. We used a leave-one-
participant-out cross-validationprocedure to trainour classifiers in aparticipant-independent
manner (Yatani & Truong, 2012; Pham&Wang, 2015; Dias da Silva & Postma, 2020), such
that each model was trained on N − 1 participants, and one participant was held out for
validation, forN folds, whereN is the number of participants in the training/validation set.
Trained models were then tested on the hold-out set and were compared to a corresponding
chance baseline computed by randomly sampling classes from the test set.

4.3 Results

4.3.1 Oddball detection

Overall, participants clicked on the oddball correctly on 92% of trials (SD = .08). Errors
were determined as either not clicking within the red ball (target) or not responding. Probes
were presented pseudo-randomly during the task – for a total of 75 probes (15 per block) –
after either two, four, or six oddballs. Oddballs preceding probe questions were labelled as
either ‘MindWandering’ or ‘Focused’ based on the participants’ answers to each probe ques-
tion. As responses to the oddball stimulus were negatively skewed, we performed a paired
Wilcoxon’s singed-ranks test in order to examine whether the difference in accuracy between
oddball trials in which participants were mind wandering and trials in which they were fo-
cused was significant. In support of H1, results indicated that responses during mind wan-
dering (Mdn = .94) were significantly less accurate than responses during focused attention
(Mdn = .96,Z = −3.42, p < .001). Moreover, reaction times for correct responses during
focused attention (M = 622.05, SD = 82.04) were faster than reaction times during mind
wandering (M = 652.21, SD = 87.49). Reaction times during mind wandering and focus
trials were normally distributed. Paired t-tests indicated that this difference was significant
(t = −6.15, df = 42, p < .001).
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4.3.2 Tracking performance

In line with a previous study by Kam et al. (2012), the Root Mean Squared Error (RMSE),
was calculated as,

RMSE =

√
1
nΣ

n
i=1

(
xi−Ti
σi

)2

where xi = the participant’smouse position across time,Ti = target position4 across time, and
ni = the number of samples for the participant’s trajectory array. In support of H2, after con-
ducting a Wilcoxon signed-rank test due to non-normal distribution of the variable in ques-
tion, we found that the RMSEwas larger during states of mind wandering (Mdn = 124.79)
than during states of focus (Mdn = 114.45), Z = −3.92, p < 0.001. Conversely, an in-
dependent samples t-test indicated that the average tracking accuracy (normally distributed),
calculated as the percentage of points in which the mouse was within the ball was higher
whenever participants reported having been focused (M = .58, SD = .19) thanwhen partic-
ipants reported having beenmindwandering (M = .54, SD = .21, t(42) = 4.12, p < .001).
See Figure 4.2 for a sample snippet of a participant’s movements while tracking the trajectory
of the ball.

4.3.3 Mindwandering over time

Partially in linewithH3a, inwhichmindwandering rateswere expected to increase over time,
we found that participants reportedmoremindwandering after Block 1 (see Figure 4.3); how-
ever,mindwandering rates remained approximately stable fromBlocks 2 through5 (40-44%),
indicating that there is a ceiling on the amount of timeparticipants engage inmindwandering
thought within the present task. We conducted a Repeated Measures Analysis of Variance
(ANOVA) that treated Block (1, 2, 3, 4, 5) as a within subject factor. Results indicated that
the effect of Block on the proportion of mind wandering responses to the thought probes
was significant, F(2.64, 110.88) = 3.67, p = .018, n2p = .08. Post-hoc analyses with Bon-
feronni corrections for multiple comparisons indicate that only mean differences between
Block 1 and 2 (p = .016), and between Blocks 1 and 3 (p = .025) were significant.

4The target position was determined as the coordinates of the center of the ball at each time point.
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Figure 4.2: Sample trajectory of one participant across 3 trials. The straight, faded lines represent
the trajectory of the ball, while the uneven lines represents the trajectory of the participant.

Figure 4.3: Mind wandering rates (Mean + SD) across blocks

4.3.4 Tracking performance across time

As this task required a considerable amount of motor control for tracking the ball at a con-
stant speed during the span of about one hour, we were interested in whether the tracking
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accuracy declined across the 5 different blocks. We conducted a Repeated Measures Anal-
ysis of Variance (ANOVA) that treated Block (1, 2, 3, 4, 5) as a within subject factor. Re-
sults indicated that the effect of Block (as a proxy for time on task) on tracking accuracy was
only marginally significant, F(2.49, 104.76) = 2.81, p = .053, n2p = .06. Post-hoc com-
parisons with Bonferroni corrections indicate that mean differences between Blocks 1 and 2
(p = .043), 2 and 3 (p = .047), and between 2 and 4 (p = .021) were significant. From
Figure 4.4, we observe that tracking accuracy initially increases slightly from the first to the
second block, but then declines. H3b) was therefore not supported. We see that participants’
tracking of the ballwasmore accuratewhenever theywere focusedon the task thanwhen they
were mind wandering (see Figure 4.4).

Figure 4.4: Tracking accuracy per block and per Mental State (FA – Focused Attention, MW – Mind
Wandering, N = 37).

In order to control for the effect ofmindwandering on tracking performance across time,
we also conducted a Repeated Measures Analysis of Variance with both Block and Mental
State (mind wandering v. focused attention) as within-subject factors (N = 37)5. We found

5As some participants did not report either mind wandering or being focused in some blocks, they were
excluded.
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that there was indeed a significant main effect of mind wandering on tracking performance,
F(1, 36) = 13.30, p = .001, n2p = .27. However, the main effect of Block was not sig-
nificant, F(2.77, 99.59) = 1.87, p = .144, n2p = .05, nor was there an interaction effect
between mental state and block F(3.38, 121.59) = 1.42, p = .237, n2p = .04. Therefore,
when controlling for mind wandering, the effect of time on tracking accuracy was no longer
significant.

4.3.5 Intermittency and variability of movements

In order to estimate the amount of intermittency in trackingmovements between attentional
states (Mathew et al., 2020), we investigated how often mouse movements alternated be-
tween acceleration and deceleration phases (see Figure 4.5). Contrary to H4, by means of
a Wilcoxon signed-rank test, we found no significant differences between the intermittency
of movements under mind wandering (Mdn = 6.21) and focus conditions (Mdn = 6.14,
Z = −.17, p = .866). In addition to changes in acceleration, we computed the standard
deviation of velocity per trial (Mathew et al., 2020). After conducting Wilcoxon’s signed-
rank tests, we found that, in line with H5, variability of velocity per trial was lower during
mind wandering (Mdn = .49) than during focused attention (Mdn = .51, Z = −2.40,
p = .016).

For mind wandering intervals, we also assessed to what degree attention was disengaged
from the current task (perceptual decoupling), to what degree participants imagined being
somewhere else (mental navigation) and to what degree the content of their thoughts varied
(content variation). We thus conducted three separate linear mixed effect models6 using the
package lme4 (Bates et al., 2015) with degree of decoupling, mental navigation, and content
variation as fixed effects, and participants as random intercepts. As dependent variables, we
used tracking accuracy, intermittency, and velocity variability, respectively. P-values were
obtained from likelihood ratio tests of the full model with degree of decoupling, mental nav-
igation and content variation as fixed effects against the model with only participants as ran-
dom intercepts. We found that the model for predicting tracking accuracy was significant
(χ2(3) = 41.15, p < .001), such that only the decoupling significantly contributed to low-
ering tracking accuracy (see Table 4.1). However, the model for predicting movement in-

6Note that we took into account only the trials in which participants responded that they were not focused
on the task.
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Figure 4.5: Sample movement intermittency of one trajectory in terms of acceleration (pixels/ms2).
The dashed line represents the acceleration of the moving ball ‐ which at a constant velocity, was 0.

termittency was not significant (χ2(3) = 5.40, p < .145). Finally, the model predicting
velocity variability was significant (χ2(3) = 23.08, p < .001), such that only the effect of de-
coupling was significant in lowering velocity variability (see Table 4.1 ). In sum, we provide
support to H6) by observing that higher degrees of decoupling significantly contributed to
reduced tracking accuracy and variation in velocity whenever participants reported that they
were mind wandering.

Since tracking accuracy can be seen as a proxy for attentive performance on the task, we
also investigated the relationship between tracking accuracy, intermittency and variability in
velocity per participant. We found that intermittency of movements, measured as changes
in acceleration and deceleration phases per trajectory, was highly positively correlated with
tracking accuracy (N = 43, r = .87, p < .001). Meanwhile we found variability in velocity
to be negatively correlated with tracking accuracy (N = 43, r = −.49, p = .001)7. Partic-
ipants who performed more accurately on the task also had more intermittent movements,
with less variable velocities.

7We performed Spearman correlations on data aggregated per participant, as the data was non-normally
distributed.
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Table 4.1: Perceptual decoupling, mental navigation and content variation as predictors for tracking
accuracy, intermittency, and velocity variability.

B (SE B) df t p

Tracking Accuracy
Perceptual Decoupling -.13(.02) 1284.13 -6.35 <.001
Mental Navigation .008(.02) 1271.89 0.44 .664
Content Variation .03(.02) 1272.20 1.80 .073
Intermittency
Perceptual Decoupling .04(.03) 1299.71 -1.33 .185
Mental Navigation .04(.02) 1283.45 -1.59 .113
Content Variation .01(.02) 1284.28 .45 .656
Velocity Variability
Perceptual Decoupling -.14(.03) 1291.74 -4.30 <.001
Mental Navigation -.03(.03) 1297.79 -1.08 .280
Content Variation .003(.03) 1298.64 .11 .911

4.3.6 Exploratory analyses: Gender and age

Recent research has reported a male advantage in motor control during various tasks, and
particularly in visuomotor tracking (seeMathew et al., 2020). As such, we were interested in
exploringwhether this held true in our study andwhether gender played a role in the relation-
ship betweenmind wandering and tracking. As equal variances could not be assumed due to
unequal Male (N = 15) and Female (N = 28) sample sizes, and because variables were not
normally distributed, we report results for Mann-Whitney U tests. Confirming recent find-
ings (Mathew et al., 2020), we found than men had higher tracking accuracy (Mdn = .69)
than women (M = .53, Z = −2.32, p = .020). Moreover, men’s movements were
more intermittent (Mdn = 6.72) than women’s (Mdn = 5.92, Z = −2.83, p = .005).
Men’s velocity profiles (Mdn = .66) were slower than women’s (Mdn = .70, Z = 2.63,
p = .009; and, interestingly, women’s velocitiesweremore variable (Mdn = .58) thanmen’s
(M = .42, Z = 4.03, p < .001).

In order to explore whether there were any age differences with regards to motor control
in our sample of university students, we performed Spearman correlations between age, track-
ing accuracy, mean velocity, standard deviation of velocity, and mind wandering frequency.
We found that age was negatively correlated with accuracy (N = 43, r = −.32, p = .038),
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intermittency (N = 43, r = −.33, p = .033), and with mean velocity (N = 43, r = −.37,
p = .014).

4.3.7 Additional features

In addition to measures of error, intermittency and variance, we report the means and stan-
dard deviations of various different mouse-tracking features (Kieslich & Henninger, 2017)
used in a previous study to investigate mind wandering (Chapter 3). Features were aggre-
gated per participant and per mental state – mind wandering vs. focused (see Table 4.2) –
before computing means and standard deviations. Specifically, x- and y-pos min and x- and
y-pos max refer to the minimum and maximum x- and y-positions reached by the mouse, re-
spectively per trial. The x- and y-pos flips refer to the number of directional changes along
x- and y-axis, respectively. The x- and y-pos reversals refer to the number of crossings of the
x- and y-axis, respectively. Idle time refers to the amount of time the participant remained
without moving the mouse per trial. Total distance refers to the total amount of distance in
pixels covered by themouse per trial. Velmax, accmax, and accmin refer to the peak velocity,
peak acceleration, and minimum acceleration, respectively, per trial.Vel max time, acc max
time, and acc min time refer to the point in time at which peak velocity, peak acceleration,
and minimum acceleration were reached.

4.3.8 Machine learning results

We trained 5different algorithms topredictmindwandering from17mouse tracking features
(features from Table 4.2) along with tracking accuracy per trial. A leave-one participant-out
cross-validation procedure was performed on the training data over 35 folds with 2550 sam-
ples - where data from one participant (75 samples) was held out over each fold. Tuning
parameters were set at the caret package’s default (Kuhn, 2008), such that for LDA (Linear
Discriminant Analysis) and TB (Treebag), there were no parameters to be tuned. For NB
(Naive Bayes), LDA (Linear Discriminant Analysis), and RF (Random Forest), highest ac-
curacy was used to select the optimal model. For NB, the final values used for the optimal
model were laplace = 0, usekernel = TRUE and adjust = 1. For KNN, the final value used for
the model was k = 7. For RF, the number of trees to grow was 500 and the optimal param-
eter mtry used for the model was mtry = 2. After training the models on 80% of the partic-
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Table 4.2: Unstandardized means and standard deviations of mouse tracking features for each class
– Focused attention and Mind wandering (N = 43).

Focused Attention MindWandering
Measure Mean SD Mean SD

x-pos max** 6.42 2.98 5.87 2.65
x-pos min -277.51 40.30 -272.29 43.83
y-pos max* 266.43 49.99 258.61 56.70
y-pos min* -6.57 3.16 -5.90 2.62
x-pos flips** 0.33 0.11 0.30 0.08
y-pos flips 0.38 0.09 0.36 0.07
x-pos reversals** 0.20 0.05 0.19 0.04
y-pos reversals 0.28 0.08 0.27 0.08
idle time 62.26 70.20 69.02 77.13
total distance* 432.60 65.13 421.69 71.56
vel max* 2.06 0.45 2.00 0.42
vel max time 244.41 30.27 243.23 31.39
acc max** 0.05 0.01 0.05 0.01
acc max time 235.89 28.46 235.81 28.71
acc min* -0.04 0.01 -0.04 0.01
acc min time 259.10 30.85 257.45 31.30
sample entropy* 0.18 0.04 0.18 0.04

*Statistically significant differences in means at the .05 level.
**Statistically significant differences in means at the .01 level.
ipants, we tested them in the remaining 20%. Results can be found in Table 4.3. We report
the classification performances in terms of the F-1 score (balanced average of precision and
recall), followed by Sensitivity (true positive rate, i.e., recall), Specificity (true negative rate),
and Overall Accuracy of all classes. As can be seen,Accuracywas slightly above chance for all
models. AlthoughF-1 and Sensitivity scoreswere above chance forNB, Specificity scoreswere
not. KNNperformed above a randomchance baseline for all performancemetrics. LDA,TB
and RF had above chance Specificity scores, but not F-1 or Sensitivity scores.
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Table 4.3: Performance metrics for predicting mind wandering for multiple models on data using 17
mouse tracking features (Table 4.2) and tracking accuracy per trial. Above chance performance is
presented in bold font.

F-1 Sensitivity Specificity Accuracy

Random 0.38 0.38 0.50 0.45
NB 0.56 0.66 0.44 0.54
LDA 0.09 0.05 0.96 0.55
KNN 0.49 0.48 0.60 0.55
TB 0.39 0.33 0.71 0.54
RF 0.35 0.27 0.78 0.55

4.4 Discussion

The primary aim of this study was to investigate differences between fine-grained movement
dynamics during states of mindwandering and focused attention during a visuomotor track-
ing task. We obtained particular insights into the dynamics of eye-hand coordination that are
relevant both for interactionswith computers but also formovements in day-to-day life. Our
findings provide support for an attentional resources view ofmindwandering (Smallwood&
Schooler, 2006), in which resources necessary for visuomotor performance (Repov&Badde-
ley, 2006) are instead directed inwards towards mind wandering, and sensory and perceptual
processes become decoupled from the task at hand (Kam et al., 2012; Kam&Handy, 2013).

Confirming our expectations in H1, we found that whenever participants were mind
wandering, they both missed the oddball more frequently and had slower response times to
the oddball. In line with previous work (Kam et al., 2012; Cetintas et al., 2010; Arapakis &
Leiva, 2016, 2020; Dias da Silva & Postma, 2020) and confirming H2, we found that move-
ments change in relation to one’s attentional state. Notably, our findings provide further
support for a decoupling of sensory and motor processes as the mind wanders. More specif-
ically, and confirming Kam et al. (2012)’s findings, we found an increase in tracking error,
and conversely, reduced tracking accuracy, during periods of mind wandering compared to
periods of focused attention during the visuomotor tracking task. Ongoing monitoring of
the visual target as well as selection of the appropriatemotormovement (in terms of position
and timing of the mouse) in response to the stimulus are necessary for accurate task perfor-
mance. During mind wandering, attention no longer directs the motor system to control
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the task outcome. Responses that miss the stimulus altogether are related to poorer tracking
scores, reflective of reduced attention to and poorer monitoring of the target.

Based on previous studies (Thomson et al., 2014; Brosowsky et al., 2020), we expected
that mind wandering rates would increase (H3a) and tracking performance would decrease
over time (H3b). However, we found thatmindwandering rates increased only from the first
to the second block, remaining stable from the second block onwards, indicating that there
were ceiling effects for the amount of time spent mind wandering during this task. In terms
of tracking performance over time, we observed that tracking accuracy initially increases from
the first to the second block, but then declines. However, when controlling for mind wan-
dering, the differences in tracking accuracy across time were no longer significant. Previous
studies assessingfinemotor control have shown improvements in visuomotor trackingperfor-
mance across training sessions (Boyd & Winstein, 2004; Boyd & Linsdell, 2009). However,
task duration, instructions, and goals likely play a role in generating these learning effects.
In these studies, the task was repeated across three to five different days, with each session
lasting between 25-45 minutes each. Moreover, there was more diversity in the task patterns
that needed to be tracked, contributing to less task monotony (i.e., participants had to track
random and repeated sine-cosine waveform with a joystick on a screen).

Although the current taskwas challenging in terms of its finemotor demands, it could be
that it ismore similar to the typical sustained attention and vigilance tasks used to studymind
wandering than to the task used by Boyd & Winstein (2004) and Boyd & Linsdell (2009).
As such, the task’s monotony allowed little room for learning, as there was nothing to learn
beyond themonotonous tracking of the ball bouncing on the screen and clicking on it during
rare occasions when it became red (Brosowsky et al., 2021). Alternatively, it may be that
learningwould take place if this taskwas performed across various days as inBoyd&Winstein
(2004) and Boyd & Linsdell (2009). In addition, due to the task’s length (and the fact that
participants were aware that they would be performing such a repetitive task for about an
hour), it is likely that participants quickly became less motivated to focus on the task, and
engaged in mind wandering instead (Thomson et al., 2014; Brosowsky et al., 2020), which
in turn, led to no improvements in tracking performance. Recently, Brosowsky et al. (2020)
found that increased levels of motivation mitigate declines in performance caused by mind
wandering as time on task increases. Thereby, in future studies, it would be relevant to assess
levels of motivation while performing the task.
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In line with our predictions inH5, we did find differences – although small – in the stan-
dard deviation of velocity per trial, such that the variation in velocity duringmindwandering
was lower than during focused attention. This falls in line with previous research that has
found reduced variation in movement under conditions in which participants focused their
attention internally on one’s body motions rather than externally towards the task (Lohse
et al., 2014). It has been suggested that variability in movement velocity is actually func-
tional to task performance and a consequence of coordination toward the task. Meanwhile
a reduction in variability may reflect a loosening of processes that help maintain attentional
focus and motor control during performance of the task at hand (Wulf, 2013). At a first
glance, our findings seem to be at odds with this view, as reduced variability in velocity was
also associated with increased tracking accuracy. However, previous tasks reporting greater
variability of movement to be associated with improved task performance did not involve a
moment-to-moment measure of movement accuracy. Instead, they assess the relationship
between a series of movements which lead to a temporally distant outcome (i.e., expert ham-
mer swings, shooting a basketball, dart throwing, volleyball serves, etc., see Lohse et al., 2014;
Wulf, 2013).

In order to qualify the type of thoughts and quantify the depth of mind wandering
episodes, we also asked participants to what extent their thoughts were disengaged from the
current environment (perceptual decoupling), to what extent they imagined being some-
where else (mental navigation), and towhat extent the contents of their thoughts varied (con-
tent variation). ConfirmingH6, we found that higher degrees of perceptual decoupling, but
not of mental navigation or content variation, significantly contributed to reduced tracking
accuracy and variation in velocity. This falls in linewith previous research reporting that deep
levels of mind wandering, reflective of high degrees of decoupling, tend to lead to a greater
attenuation of external stimuli processing (Schad et al., 2012; Kam&Handy, 2013).

Contrary to our predictions in H4, we found no differences between mind wandering
and focused attention in the intermittency of movements. However, intermittency was ac-
tually highly strongly related to tracking accuracy, a proxy for focused attention on the task,
indicating that more corrective movements were also functional to task performance. More
complex tasks in terms of motor control are associated with more intermittent movements
(Weir et al., 1989; Russell & Sternad, 2001) being necessary for task performance. Thus, as
a proxy for mind wandering, poorer tracking accuracy was related to less intermittent move-
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ments, reflecting poorer adjustment to the complex task demands.
Moreover, even though we found mind wandering states to be associated with slightly

lower movement variability8, we found that poorer tracking accuracy was associated with
higher movement variability. If we assume that tracking accuracy could be a proxy for fo-
cused attention on the task, then poor tracking accuracy could also be a behavioral index of
mind wandering. There seems to be some discrepancy between participants’ binary reports
of mind wandering (yes vs. no) and poor tracking accuracy as a behavioral index of mind
wandering. While individuals are generally able to accurately report whether or not they
were mind wandering, they are unable to pinpoint the exact onset of their thoughts. There-
fore, we did not know when exactly a mind wandering episode began. In line with previous
research (see Jin et al., 2019; Stewart et al., 2017; Smallwood et al., 2007), we analyzed trials
up to approximately 30 seconds prior to reports of mind wandering (with varying degrees of
decoupling, mental navigation, and content variation) or focused attention. However, it is
likely that both in trials where participants responded that they were mind wandering and in
trials in which they responded that they were focused, there was a mix of attentional states.
Therefore, subjective reports to the probe experiences were a more general, but less precise
measure of mind wandering than moment-to-moment tracking accuracy. Nevertheless, we
can conclude that overall poorer tracking accuracy reflect conditions in which participants
were primarily mind wandering, but movement intermittency and variability likely reflect
more precise gradations in the level of mind wandering throughout the task.

4.4.1 Predicting mindwandering frommouse movements

Finally, we also investigated whether we could predict self-reported mind wandering states
frommouse movements. In addition to differences in tracking accuracy and movement vari-
ability prior tomindwandering reports, there also seemed to be differences in other variables
we explored, namely, in those reflecting movement complexity (i.e., x-position flips), max-
imum velocity, acceleration, and total distance travelled per trial during the tracking task.
However, this feature set did not distinguish between mind wandering and focused atten-
tion in our machine learning models very well.

8When observing only the trials in which participants reported mind wandering, higher degrees of percep-
tual decoupling seem to be driving this reduction in movement variability.
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In a previous study reported in Chapter 3, we used a similar mouse tracking feature set
to distinguish between three attentional states (focused attention, task-related interferences,
and task-unrelated thoughts) during a complexworkingmemory forced-choice reaching task.
Whereas task-unrelated thought refers to thoughts that are irrelevant to the current task, task-
related interference refers to thoughts involving a preoccupationwith performance of the cur-
rent task (i.e., “How longwill this task take?”, “I wonder howwell I am doing.”, “What is the
purpose of this task?”). Although distinct from one another, both task-unrelated thoughts
and task-related interferences involve a decoupling of attention from the external task to-
wards internal thoughts and feelings. Our predictive models were better at distinguishing
task-unrelated thought and focused attention, but worse at predicting task-related interfer-
ences (often below or just at chance level). We found that both features pertaining to trajec-
tory complexity (x- and y-position flips) features (i.e.: time to reach maximum deviation and
maximum velocity) pertaining to the time it took to make a commitment to a response were
most important for predicting task-unrelated thought. Participants took longer to commit
to a response and made more x- and y-position flips, indicating more complex trajectories,
whenever they were having task-unrelated thoughts.

Beyond the most evident difference in terms of reaching and tracking goals in the study
reported inChapter 3 and in the current study, the tasks differed in terms of their complexity,
in terms of the types of probes presented, and in terms of the period of time assessed prior to
each probe as a mind wandering episode. Notably,the tracking task was more more complex
in terms of motor control necessary as participants continuously monitored the position of
their mouse in relation to a target on the screen in a fine-grained manner for approximately
one hour. Sustaining attention over extended periods is challenging, especially when the task
is monotonous, but requires vigilance to rare targets (Thomson et al., 2015). The reaching
task, however, was more complex in terms of the attentional and cognitive load necessary to
complete the task (keeping items in working memory for later recall while at the same time
solving compound math equations and responding with reaching movements).

Moreover, during the tracking task, participants didnot receive feedback concerning their
performance nor were there any rewards for accurate performance. During the reaching task,
participants did receive feedback concerning their performance on the task, which potentially
contributed to interfering thoughts, leading participants to think about their performance
on the task, and consequently more pronounced differences in temporal aspects of reaching
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movements towards a target response. There are, however, both advantages and disadvan-
tages to providing feedback during a task. On the one hand, feedback can encourage more
accurate performance during a task, however, it can also be a source of interference, leading to
a bias in the types of mind wandering thoughts which arise. As such, it is valid to investigate
motor movements under both tasks which do provide feedback and under tasks that do not.
Further research could provide insight into the effect of feedback on modelling predictions
between mind wandering and attentive states in both tracking and reaching tasks.

As this reaching task and the current visuomotor tracking task reported in this paperwere
not matched in terms of their designs, it is not possible to make direct quantitative compar-
isons between both. However, it does does seem that variables reflective of movement com-
plexity (i.e., x- and y-position flips) are indicative of states of mind wandering across these
different types of motor tasks.

4.5 Conclusion

Our findings demonstrate that mouse movement features have valuable information for dis-
tinguishing between states of mind wandering and focused attention. In particular, during a
visuomotor tracking task, mindwandering was associated with poorer tracking performance
and less variable movements, indicative of less attentiveness towards the task. These find-
ings were exacerbated by degree of perceptual decoupling, such that whenever participants
reported higher levels of disengagement from the task during mind wandering, their move-
ments were less accurate and less variable. This suggests that perceptual decoupling is not
a binary state, but that attention decouples from perception in a graded fashion. Interest-
ingly, poorer tracking accuracy, a potential proxy for mind wandering, was associated with
less intermittent movements andwithmore variable velocities, possibly revealing a loosening
of control processes in response to a moving target.

During performance of finemotor tasks, external and internal stimuli compete for atten-
tional resources. The occurrence of mind wandering thoughts may lead to unpredictable
movements, which under particular circumstances may lead to mistakes, and sometimes fa-
tal outcomes. Therefore, continued investigation of fine motor behavior associated with
mind wandering, taking into consideration both task characteristics, individual differences
and depth of mind wandering episodes, can further our understanding of the coupling be-
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tween attention, perception and action and minimize the unwanted effects of deviations in
fine motor control whenever perceptual decoupling takes place.
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5
The relationship between trait and state

levels of mind wandering

This chapter addressesResearch Question 4: To what extent do trait measures of mind wan-
dering converge with state measures of mind wandering?
Based on: Dias da Silva, M., Gonçalves, Ó. F., & Postma, M. (2020). Assessing the relation-
ship between trait and state levels of mind wandering during a tracing task. In S. Denison,
M. Mack, Y. Xu, & B. C. Armstrong (Eds.), Proceedings of the 42nd Annual Meeting of the
Cognitive Science Society: Developing aMind: Learning inHumans, Animals, andMachines
(pp. 3289-3294). Cognitive Science Society.
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The aim of this chapter is to investigate whether trait differences in mind wandering can
also predict state differences in mind wandering. More specifically, we ask whether dimen-
sions of disengagement, improvisation, and navigation of mind wandering thoughts in daily
life also influence these dimensions ofmindwandering states during performance of a tracing
task. Previous findings concerning the relationship between trait and state mind wandering
are inconsistent. Although studies indicate a significant relationship between the two, the
correlates of trait mind wandering and state mind wandering are not always the same. Be-
cause of this, we expect to shed some light on these inconsistencies byusing ameasure ofmind
wandering which captures essential individual differences in the nature of the phenomenon.
Our results indicate that individual differences in trait mind wandering significantly predict
state differences in content variation of mind wandering and task performance, but not in
perceptual decoupling or in mental navigation. Implications of these findings are discussed.

5.1 Introduction

Previous research has shown thatmindwandering is a heterogeneous phenomenon. As such,
individuals vary according to the amount they mind wander as well as with regards to the na-
ture and dynamics of their mind wandering thoughts. More specifically, mind wandering
experience may vary in terms of degree of disengagement (perceptual decoupling), improvi-
sation (unconstrained thought flow), and navigation across space and time (Gonçalves et al.,
2020). Often it involves a navigation from one topic to another, back and forth between the
outside external world and internal thoughts and feelings.

Regular oscillations between engagement with the external environment and engage-
ment in internal thoughts are characteristic to our human existence (Smallwood& Schooler,
2015). However, the frequency and degree to which attention decouples from the environ-
ment towards internal thoughts and feelings are subject to individual differences (Schooler
et al., 2011; Smallwood & Andrews-Hanna, 2013; Schooler et al., 2011; Schad et al., 2012).

In addition to variations in the degree of perceptual decoupling during mind wandering,
thoughts frequently focus on events that occur in distinct periods in time, enabling a mental
navigation across space and time (Smallwood& Schooler, 2015). Suchmental time travel has
been associated with regions of the brain associated with episodic retrieval and construction
of mental simulations of the past, the future, or alternative realities and fantasies (Andrews-
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Hanna et al., 2010; Klinger, 2013).
Finally, next to individual differences in perceptual decoupling and mental navigation,

mind wandering varies with regards to its dynamics. The default variability hypothesis (Mills
et al., 2018) proposes that thoughts ceaselessly move from one topic to the next. Therefore,
mental improvisation (i.e. unconstrained flow of thought), which goes hand in hand with
content variation of thought, is another important dimension of mind wandering that is
prone to individual differences.

5.1.1 Mindwandering as a trait

As a dynamic state, seemingly inherent to human experience, can mind wandering also be
described as a trait? Is an individual’s stable tendency to mind wander in daily life also re-
flected in the manner in which the mind wanders during performance of a task? Previous
research demonstrates that trait levels of spontaneous and deliberate mind wandering seem
to generalize to state levels of spontaneous and deliberate mind wandering (Seli, Risko, &
Smilek, 2016). However different correlates have been observed for traitmindwandering and
state mind wandering. For example, recent work by Godwin et al. (2017) demonstrates that
trait mindwandering is not correlated to workingmemory capacity, as measured by different
span tasks. Meanwhile, Randall et al. (2014) review a variety of studies that have consistently
demonstrated state mind wandering measured both online and post-hoc to be negatively re-
lated to working memory. This discrepancy may be related to differences in the manner in
which individuals report the content of their mind wandering experiences immediately after
experiencing them as opposed to how they reflect about their generalmindwandering experi-
ences in daily life. While statemindwandering reflectsmoment-to-moment experiences, trait
mind wandering is more related to a person’s character, personality, and identity. Moreover,
the degree to which state mind wandering differs from state mind wandering likely differs
according to the type of task being performed. For example, although an individual may rate
himself as a high traitmindwanderer in daily life, under very engaging tasks, or under tasks in
which an individual is proficient at or interested in, they may actually remain highly focused.
Therefore, generalizations concerning the relationship between measures of trait mind wan-
dering and state mind wandering must be made with care.

Mindwandering has been studied primarily under tasks which are conducive to the expe-
rience. These tasks tend tobemonotonous and tedious, in order to encouragepeople tomind
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wander. With this in mind, we created a variation of the oddball paradigm, in which partic-
ipants have to trace the path of a ball which bounces diagonally across a screen. Although
monotonous, this task requires a certain degree of visual attention towards the external envi-
ronment for the accurate tracking of the ball and correct detection of targets during a period
of approximately one hour.

The goal of the present study is two-fold. First, we expect to replicate previous findings
with regards to mind wandering and the oddball paradigm, such that we expect to findmore
errors and slower response times during states of mind wandering. Second, we investigate
whether trait differences in mind wandering can also predict state differences in mind wan-
dering during performance of a task. In particular, we explore whether the degree of dis-
engagement, improvisation, and navigation of mind wandering thoughts both in daily life
and during performance of a tracking task. Previous findings concerning the relationship be-
tween trait and state mind wandering are inconsistent, such that the correlates of trait mind
wandering are not always the same as the correlates of state mind wandering. Because of this,
we expect to shed some light on these inconsistencies by using a novel measure of mind wan-
dering1, which captures essential individual differences in the nature of the phenomenon.

5.2 Methods

5.2.1 Participants and Procedure

In total, 45 participants between 18 and 33 years of age (M = 22.53, SD = 3.362), 28
female, performed this experiment and received course credit for their participation. Two
participants were excluded because they fell asleep during the study and did not follow
the instructions. The study was approved by the university’s Institutional Review Board
(REDC#2019/98)3. Before beginning the experiment, participants signed a consent form.
Participants then answered questions about their demographics andmind wandering experi-
ences in daily life. Next, they performed the bouncing ball task, inwhich theywere instructed
to trace the path of a bouncing ball on a screen as accurately as possible.

1This measure of mind wandering experiences in daily life was developed by Gonçalves et al. (2020).
2N = 43. The two participants who fell asleep were not considered in calculating mean values for age or

Gender.
3Mouse tracking and EEG data collected during this experiment are reported in chapters 4 and 6.
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5.2.2 Materials

MindWandering Inventory

The Mind Wandering Inventory (MWI; Cronbach α = .81), consisted of 10 items (see Ta-
ble 5.1) assessed on a 4-point Likert scale4 (4 = completely agree to 1 = completely disagree)
concerning mind wandering in daily life. The scale was intended to capture trait differences
in perceptual decoupling, mental navigation, and mental improvisation. The first 3 items
are intended to generally be associated with perceptual decoupling, while the subsequent 3
capture primarily mental navigation, and the final 4 capture primarily mental improvisation
and content variation (Gonçalves et al., 2020).

Table 5.1

Items from theMindWandering Inventory (MWI)

1. My mind often disconnects from what surrounds me
2. While performing a task, my mind is often thinking of other things
3. I am often absorbed with my own thoughts
4. My thoughts travel frequently through time (past or future)
5. I often imagine that I’m somewhere else
6. I often imagine what others are thinking or feeling
7. My thoughts seem to have a life of their own
8. My thoughts jump easily from one subject to another
9. The content of my thoughts is very diverse
10. I spend much of the time daydreaming

Bouncing ball task

The bouncing ball task was developed as a variation of the oddball paradigm, a commonly
used task for cognitive and attention measurement. Participants were placed approximately
70 centimeters in front of the screen. Stimulus material was presented with a display refresh
rate of 60 Hz on a white background. In this study, a black ball “bounced” along a white
computer screen. Participants were instructed to trace the path of the bouncing ball and to

4Due to a mistake in reverse coding in the original Conference Proceedings publication, results pertaining
to the MWI were adjusted in this chapter.
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click on it whenever it turned red. Further, the reaction time and correct target detection
for each participant were recorded. Errors were determined as either not clicking within the
red ball, or by not clicking at all. 10% of trials were targets and 90% were nontargets. As the
task consisted of 5 blocks, each lasting approximately 10 minutes, there were 60 targets and
540 nontargets per block (300 targets and 2700 nontargets in total). Total time spent on the
oddball task was approximately one hour.

Mindwandering probes

Intermittent thought probes assessing participant’s state of mind were presented during the
bouncing ball task. Mind wandering was calculated as the percentage of thought probes dur-
ing which participants responded that they were not focused on the task. Whenever partici-
pants responded that theywere not focused on the task, theywere asked to indicate the degree
to which their thoughts were disengaged from the task (perceptual decoupling), the degree
to which they imagined being somewhere else (mental navigation), and the degree to which
the content of their thoughts varies (content variation).

Instrumentation

The Mind Wandering Inventory was presented online via Qualtrics (Qualtrics, 2005). The
bouncing ball task was programmed in E-prime 3.0 (Psychology Software Tools). The exper-
iment was run on full screenmode, with a resolution of 1366 by 768 pixels on aWindows 10
operating system.

5.3 Results

Data were analyzed for 43 participants. Descriptives for the MWI, probes, reaction times,
and accuracy can be found in Table 5.2. We determined accuracy as the percentage of tri-
als in which participants correctly clicked on the oddball (target). As probes were presented
pseudo-randomlyduring the task, thenumberof oddballs preceding eachprobe varied. There
were either 2, 4, or 6 oddballs preceding each probe, for a total of 15 probes per block (5 after
2 oddballs, 5 after 4 oddballs, and 5 after 6 oddballs).

In order to determine the accuracy for trials inwhich participants were focused versus for
trials in which participants weremind wandering, we extrapolated answers to the probe to ei-
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Table 5.2: Descriptive statistics for Trait Mind Wandering (MWI), Mind wandering probes, accuracy,
and reaction times.

Measure Mean SD

Trait MW -MWI (1-4) 1.89 0.45
Mind wandering frequency(probes) 0.40 0.19
State MW - Perceptual decoupling (1-10) 4.85 2.19
State MW -Mental navigation(1-10) 4.52 2.09
State MW - Content variation(1-10) 5.49 1.78
% Correct overall 0.92 0.08
% Correct (focused attention) 0.94 0.08
% Correct (mind wandering) 0.90 0.12
RT(correct trials) 634.39 80.37
RT(focused attention) 622.05 82.04
RT(mind wandering) 652.21 87.49

Note: TheMWIwas reported on aLikert scale of 1-4. Mindwandering probeswere reported
on a scale of 1-10. RT is reported in milliseconds. RTs reported for mind wandering and
correct trials only pertain to correct responses (in which participants clicked on the oddball).
ther 2, 4 or 6 trials preceding theprobe. We found that irrespective of the amount of trials con-
sidered previous to the probe, accuracywas slightly better for trials inwhich participantswere
focused (M = 0.94, SD = 0.08) than in trials in which participants were mind wandering
(M = 0.90, SD = 0.12). Responses to the oddball stimulus were negatively skewed, as the
majority of participants responded accurately to the target. Therefore, a paired Wilcoxon’s
singed-ranks test was performed in order to examine whether the difference in accuracy be-
tween the mind wandering and focus conditions was significant. Results indicated that in-
deed responses during during mind wandering (Mdn = 0.94) were significantly less accu-
rate than responses during focus (Mdn = 0.96,Z = −3.42, p < 0.001). Similarly, reaction
times for correct trials during focused attention (M = 622.05, SD = 82.04)were faster than
reaction times for correct trials during mind wandering(M = 652.21, SD = 87.49). Paired
t-tests indicated that this difference to be highly significant(t = −6.02, df = 42, p < 0.001).
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5.3.1 Mindwandering across time

When observing mind wandering rates across the task, we found that initially in the first
block, mind wandering rates are relatively lower, but as the task proceeds, mind wandering
rates increase, remaining steadily higher from the second to the fifth blocks (36%, 46%, 46%,
44%, and 43% for blocks one through 5, respectively).

5.3.2 Trait mindwandering v. state mindwandering

MindWandering Inventory

In order to explore the factor structure of the MWI, we performed a Principal Components
Analysis with oblimin rotation. Three components were extracted (eigenvalues < 1) that
cumulatively accounted for 26%, 51%, and 64%, of the variance in the answers to the ques-
tionnaire (see Table 5.3).

The first component consists of higher loadings for questionnaire items pertaining to
mental navigation (e.g.,“My thoughts travel frequently through time (past or future)”). The
second component consists primarily of higher loadings for items related toperceptual decou-
pling (e.g.,“Mymindoftendisconnects fromwhat surroundsme”) andmental improvisation
(e.g.,“My thoughts jump easily from one subject to another”). Lastly, the third component
consists of higher loadings for items related to content variation (e.g.,“The content of my
thoughts is very diverse”).

Interestingly, although content variation is considered to be characteristic of the mental
improvisation dimension of the MWI, here it seems to load on a new factor (Table 5.3, rep-
resented by high positive loadings for Item 9 –“The content of my thoughts is very diverse,”
and high negative loadings for Item 3 –“I am often absorbed with my own thoughts”.

Correlations

In order to investigate the relationship between a general tendency to mind wander in daily
life andmindwandering during a task, we first observed correlations between theMWI (trait)
and state measures of mind wandering (see Figure 5.1). Correlations between the MWI and
state content variation (r = −0.41, p = 0.007), trait decoupling/ improvisation (Com-
ponent 2 of the MWI) and state content variation (r = −0.32, p = 0.038), as well as be-
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Table 5.3: Results from the Principal Components Factor Analysis with values for the highest load‐
ings for each component, with ultimate cutoff point of .35.

1 2 3

Item 1Mymind often disconnects from what surrounds me 0.79
Item 2While performing a task,
my mind is often thinking of other things 0.58 -0.35
Item 3 I am often absorbed with my own thoughts 0.35 -0.59
Item 4My thoughts travel frequently through time
(past or future) 0.81
Item 5 I often imagine that I’m somewhere else 0.80
Item 6 I often imagine what others are thinking or feeling 0.76 -0.31
Item 7My thoughts seem to have a life of their own 0.57
Item 8My thoughts jump easily from one subject to another 0.86
Item 9 The content of my thoughts is very diverse 0.86
Item 10 I spend much of the time daydreaming 0.57

tween trait navigation (Component 1 of the MWI) and state content variation (r = −0.32,
p = 0.038) were significant.

With regards to state measures, state mental navigation and state content variation were
significantly correlated to one another (r = 0.49, p < 0.001) while state navigation was
significantly correlated with state decoupling (r = 0.31, p = 0.041). However, state decou-
pling and content variation were not significantly correlated to one another.

Interestingly, reaction times during mind wandering were significantly negatively corre-
lated to probe responses for perceptual decoupling (r = −0.32, p = 0.035), indicating that
more impulsive, automatic responses were associated with a higher degree of disengagement
from the task. In addition, accuracy duringmindwandering trials was also significantly nega-
tively correlated to the reaction times during mind wandering trials (r = −0.51, p < 0.001),
such that higher accuracy in oddball trials during which participants reported to be mind
wandering was associated to quicker reaction times. Moreover, accuracy was also signifi-
cantly negatively associated to trait content variation (r = −0.31, p = 0.044), such that
lower accuracy during mind wandering trials was associated to greater content variation of
mind wandering thoughts in daily life.

In order to investigate whether trait levels of mind wandering predict differences in state
content variation of mind wandering, we performed a linear regression. As input for the re-
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Figure 5.1: Correlations between the MWI (Trait MW experiences), state mind wandering, reaction
time and accuracy during the oddball task. Here, reaction time and accuracy are only reported for
trials in which participants reported mind wandering.

gression, we included responses to the MWI, seeing that correlations between state content
variation and the entire questionnaire were stronger than correlations with individual com-
ponents of the MWI. Results of the regression indicate that state content variation in mind
wandering was significantly predicted by trait mind wandering experiences (R = −0.41,
adjusted-R2 = 0.15, F(1, 41) = 8.15, p = .007). Regression coefficients are shown in Table
5.4.

5.4 Discussion

In linewith previous literature (Smallwood&Schooler, 2015; Seli, Cheyne,& Smilek, 2013),
we foundmind wandering rates between 20 and 50% during the bouncing ball task. Despite
the high accuracy rates in the oddball task, we did find differences in accuracy and reaction
times in conditions during which participants were mind wandering. As expected, accuracy
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Table 5.4: Responses to the MWI as a predictor of state content variation in mind wandering.

B SE(B) t p

(Intercept) 8.50 1.08 7.84 <.001
MindWandering Inventory (MWI) -1.59 0.56 -2.86 .007

AdjustedR2 = 0.15, p = .007
was significantly higher during trials in which participants were focused thanwhen theywere
mindwandering. Moreover, longer reaction timeswere associatedwith periods ofmindwan-
dering than with periods of focused attention.

We also found that the nature of thoughts influenced the extent to which reaction times
were affected. Interestingly, and somewhat counter-intuitively, shorter reaction times were
particularly associated with a greater degree of perceptual decoupling. Although, in general,
reaction times were slower during mind wandering than during focused trials, when observ-
ing the trials in which participants were mind wandering, greater levels of disengagement
(perceptual decoupling) were associated with quicker response times. This increase in speed
may be a result of an increase in automatic movements (Morsella et al., 2010).

When exploring the factor structure of the Mind Wandering Inventory, we found that
three factors emerged that together account for [1] mental navigation, [2] perceptual de-
coupling together with mental improvisation, and [3] content variation of mind wandering
thoughts. Although content variation is considered to be an index of the mental improvi-
sation dimension of the Mind Wandering Inventory, here it seems to load on a new factor
pertaining to the variation of thought versus the quality of being absorbed in one’s thought.
The factor loading for the item pertaining to content variation is positive, while the loading
for the item pertaining to absorption in thought is negative. As such, content variation is in-
versely related to absorption, such that higher degrees of content variation likely correspond
with lower degrees of of absorption.

The quality of being absorbed in thought seems to be akin to what van Vugt & Broers
(2016) denote as “stickiness”, reflecting the difficultly to disengage from thought. Interest-
ingly, these authors van Vugt & Broers (2016) found that increased stickiness of thoughts
was associated with longer response times during a Sustained Attention to Response Task.
Relatedly, the content variation factor that emerged from the Mind Wandering Inventory
also seems to affect task performance, such that more content variation and less absorption
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in thoughts is related to reduced accuracy during trials in which participants reported mind
wandering.

With respect to state measures of mind wandering, we found that mental navigation and
content variation were strongly correlated to one other. As such, whenever participants re-
ported higher degrees of mental navigation (i.e.,“I imagined being somewhere else”), they
also reported higher degrees of content variation (i.e., “The contents of my thought varied”).
Moreover, mental navigation was moderately related to perceptual decoupling (i.e., “My at-
tention was disengaged from my surroundings”). However, perceptual decoupling was not
significantly correlated to content variation. As such, any change in the degree of content
variation was independent of any change in the degree of perceptual decoupling.

Lastly, we found that a tendency to mind wander in daily life does not predict the fre-
quency of mind wandering on a task. Importantly, however, we did find a negative signifi-
cant relationship between answers to the Mind Wandering Inventory and content variation
of thoughts during performance of the task. This indicates that participants with a greater
general disposition to mind wander in daily life actually had less varied thoughts during the
task. More specifically, individual trait differences in mind wandering thoughts as captured
by the MindWandering Inventory along with the first two emergent factors (which capture
variance in mental navigation, perceptual decoupling, and mental improvisation) generalize
to state level changes in content variation of mind wandering thoughts. In contrast, trait
differences in content variation (and absorption) do not generalize to any changes in state
dimensions of mind wandering, but are related to changes in accuracy during the task.

Taken together, our results indicate that individual differences in the tendency to mind
wander in daily life seem to generalize to state level variations inmindwandering content and
was associated to poorer accuracy during this task. In contrast, trait levels ofmindwandering
did not predict differences in state decoupling and mental navigation in this task.

5.5 Conclusion

The relationship between trait mind wandering and state mind wandering is not a straight-
forward one. It seems to depend considerably on the nature of the inner experience being
assessed. From our findings, responses to the Mind Wandering Inventory are able to nega-
tively predict content variation of thoughts during a monotonous task. However, why this
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relationship was negative and holds for this dimension ofmindwandering and not for others
is still an open question. Further investigation of different measures of mind wandering at
both trait and state levels under different tasks is needed for a better understanding of the
relationship betweenmindwandering as an inherent aspect of our personalities and as a state
that ebbs and flows during the course of our daily lives.
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6
Distinguishing between states of conscious
focused attention and mind wandering with

EEG

This chapter addressesResearch Question 4 : To what extent do trait measures of mind wan-
dering converge with state measures of mind wandering? as well asResearch Question 5: To
what extent can mind wandering be distinguished from focused attention using EEG activity
during performance of a continuous visuomotor tracking task?
Based on: Dias Da Silva, M., Gonçalves, Ó. F., & Postma, M. (2022). Revisiting conscious-
ness: Distinguishingbetween states of conscious focused attention andmindwanderingwith
EEG. Consciousness & Cognition, 101, 1-18.
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Fluctuating between external conscious processing and mind wandering is inherent to
the human condition. Past research showed that in tasks requiring sustained attention, mind
wandering episodes in which attention is directed internally constrain conscious processing
of external stimuli. Conversely, conscious processing of internal stimuli is enhanced during
mind wandering. To investigate this, we developed and administered a visuomotor tracking
task in which participants were instructed to track the path of a stimulus on a screen with a
mouse while responding to rare targets. Prior to reports ofmindwanderingwe found the fol-
lowing: The P3 event-related potential component for targets, indicative of conscious stim-
ulus processing, was attenuated at electrodes Cz and Pz. Moreover, alpha power, indicative
of internal mental states, increased globally. Theta power increased along the centroparietal
area, and beta decreased along right frontal and right centroparietal areas. Interestingly, trait
mindwanderingwas positively correlatedwith delta power and gammapower, but negatively
correlated with the theta-beta ratio. These results demonstrate that mind wandering is char-
acterized by distinct neural signatures at both a state and trait level.

6.1 Introduction

Conscious experience is arguably fundamental to our human existence, being perhaps both
the most familiar and most mysterious phenomenon in our daily life. The individual expe-
rience of being conscious, referred to as phenomenal consciousness, is particularly difficult
to capture in scientific terms due to its subjective nature. Access consciousness, on the other
hand, which involves information that “is accessible to numerous cognitive processors, such
as thosemediatingworkingmemory, verbal report, ormotor behavior” (Mashour et al., 2020,
p. 776) has been at the center of attention in neurocognitive research for a number of years.
A considerable amount of research has focused particularly on this type of consciousness as it
pertains to awareness of external stimuli, which can be directly reported or inferred from be-
havior. Various paradigms have been used to systematically investigate and control for levels
of conscious access to stimuli, including visual masking, binocular rivalry, and continuous
flash suppression (Ansorge et al., 2007; Kouider & Dehaene, 2007; Dehaene & Changeux,
2011). To illustrate, in a typical visual masking study, a target stimulus is briefly presented on
a screen and is either preceded (forwardmasking) or followed by amask (backwardmasking).
Duration of target presentation, mask presentation, and intertrial interval create conditions
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in which participants cannot report target identity above chance levels (Konishi & Small-
wood, 2016;Dehaene, 2010), indicating that stimulus processingdidnot enter consciousness.
The general assumption is thatmasking interfereswith visual processing of stimuli properties,
thus inhibiting them from entering conscious access (Ansorge et al., 2007). Hand in hand
with conscious experience goes the ability to reflect upon the content of conscious experience,
or metaconsciousness (Schooler, 2002), which enables individuals to report the content of
their experiences. Thus, if individuals are unable to report target identity, it is presumed that
the stimulus did not enter conscious awareness.

Although a substantial part of research has focused on consciousness in relation to vi-
sual perception, the continuous stream of consciousness involves an interplay between the
processing of stimuli in the external environment and internally generated, (external) stimu-
lus independent thought, which we refer to here as mind wandering. As attention decouples
from the external visual environment duringmindwandering, resources are redirected to the
processing of internal input. Therefore, in line with the perspective of Carvalho &Damasio
(2021), we argue that despite the overwhelming focus on perception of external stimuli in
consciousness literature, mind wandering represents an integral part of consciousness. Dur-
ing mind wandering episodes, awareness is directed to the cognitive structures that design,
govern and evaluate behavior supporting homeostasis of the organism. As such, the occur-
rence of mind wandering offers a unique opportunity to investigate the interaction between
conscious perception of external stimuli and the processing of internal thoughts and feelings.

Mindwandering is often investigated in the laboratorywhile individuals perform tasks re-
quiring sustained attention (Konuet al., 2021;Robertson et al., 1997; Smallwood&Schooler,
2015). Sustained attention refers to one’s ability to maintain focus on relevant stimuli that
are presented repeatedly for prolonged periods (e.g., 1 - 2 hours) and is associated with the re-
cruitment of top-down processes necessary for detection of target stimuli (Sarter et al., 2001).
Vigilance tasks are often used tomeasure sustained attention and involve the presentation of a
stimulus thatmust be infrequently responded to1 relative to the background stimuli (nontar-
gets) that are usually similar to the target (e.g., different letters, different spokenwords, differ-
ent colored objects; Williams & Saunders, 1997). Typically, accuracy and reaction times for
discrete responses to target stimuli are taken as measures of sustained attention in these tasks

1in the case of the Sustained Attention to Response Task (SART), individuals must respond to frequent
nontargets but withhold responses to infrequent targets (Robertson et al., 1997).
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(Williams & Saunders, 1997). Errors, slowing down, and speeding up of responses are all in-
dicative of lapses in sustained attention, and are arguably an “objective”measure ofmindwan-
dering (Smallwood & Schooler, 2015). Although such tasks serve as a useful tool for investi-
gating ongoing fluctuations between sustained attention (or a lack thereof) towards external
rare targets, responses towards frequent non-targets are not sensitive to changes in sustained
attention, as participants can respond to these stimuli with nearly 100% accuracy (Robert-
son et al., 1997). However, previous studies using EEG (electroencephalogram) demonstrate
that conscious processing of discrete nontarget stimuli is also attenuated prior to reported
episodes of mind wandering (Smallwood, Beach, et al., 2008). One specific aim of our study
was to investigate what happens to conscious processing in a visuomotor tracking task that is
sensitive to continuous changes in sustained attention towards (non-target) stimuli (Dias da
Silva&Postma, 2021;Kam et al., 2012) in addition to lapses in sustained attention to discrete
infrequent targets. Our task emulates amonotonousdaily life situationwhich is conducive to
mind wandering and requires continuous motor movements in response to a moving target
(rather than discrete button responses to stimuli commonly required in traditional vigilance
tasks).

Evidence from past experimental studies demonstrates that mind wandering has a dis-
rupting effect on continuous motor movement, including visuomotor-tracking (Kam et al.,
2012;Dias da Silva&Postma, 2021) and reachingmovements (Dias da Silva&Postma, 2020).
The ability to dynamicallymonitor and adjustmotor responses on amoment-to-moment ba-
sis in response to a continuously moving target on a screen is necessary during performance
of the visuomotor tracking task presented here. As we know, mindwandering attenuates the
sensory-motor processing of external stimuli and is associated with greater tracking error and
less variable movements (Kam et al., 2012; Dias da Silva & Postma, 2021) during visuomotor
tracking. Yet without considering the brain dynamics underlying these effects, our under-
standing of how mind wandering disrupts continuous motor behavior remains incomplete
at best.

6.1.1 Neurocorrelates of mindwandering

Neural activity has been often investigated in relation to mind wandering during laboratory
tasks requiring sustained attention to environmental stimuli. In particular, the late P3 Event
Related Potential (ERP) component commonly investigated in a variety of paradigms (e.g.,
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auditory and visual oddball, masking, and attentional blink; Dehaene & Changeux, 2011;
Dehaene, 2010; Koch et al., 2016), is arguably the most consistent neurocorrelate of (visual)
conscious processing. Duringmindwandering, there appears to be an attenuation in this late
P3 component typically elicited during focused attention towards a stimulus (Polich, 2007),
indicating a decoupling of top-down attentional processes from the external environment
(Smallwood, Beach, et al., 2008; Barron et al., 2011; Kam et al., 2011).

In addition to ERP activity, various studies have also investigated the relationship be-
tween mind-wandering and EEG oscillatory activity. During a Stroop task, Compton et al.
(2019) found global increases in alpha power (8-12Hz) to be indicative of internal stimulus
processing (Benedek et al., 2014) during mind wandering, with stronger alpha towards pos-
terior regions of the scalp. Similarly, Macdonald et al. (2011) found pre-stimulus alpha to
increase over parieto-occipital sites during a Rapid Serial Visual Presentation (RSVP) task.
During a more ecological study involving a driving simulation, Baldwin et al. (2017) report
alpha power increases prior to reports of mind wandering episodes.

In contrast, Braboszcz & Delorme (2011) found that occipital alpha and frontolateral
beta decreased prior to reports of mind wandering. Although increases in alpha power have
been often associated with mind wandering during tasks requiring attentiveness to external
stimuli (Compton et al., 2019; Macdonald et al., 2011; Baldwin et al., 2017), decreases in
alpha power episodes could also be reflective of lower states of vigilance in general, includ-
ing towards internal stimuli (i.e., one’s breath, as required by the task used by Braboszcz &
Delorme, 2011). Meanwhile, decreases in beta power reflect a reduction in task-related atten-
tion (Braboszcz & Delorme, 2011). Using the same paradigm, van Son et al. (2019) found
increases in theta-beta ratio (strongest over frontal and midline scalp areas)– possibly reflec-
tive of lower attentional control– prior to reports of mind wandering.

Gamma oscillations, in turn, have been proposed to be a neurocorrelate of the ongoing
stream of consciousness and are related to enhanced attention and neural activation, partic-
ularly over parieto-occipital regions (Braboszcz et al., 2017). As the ongoing stream of con-
sciousness may be directed both externally towards the task and internally during mind wan-
dering, it is unclear whether gamma oscillations should be enhanced or suppressed during
states of mind wandering.

Empirical evidence shows that local slow waves (delta and theta), typically characteristic
of transition toward sleep, also accompany states of mind wandering during a SART (Sus-

123



tained Attention to Response Task, Andrillon et al., 2021). More specifically, Andrillon et
al. (2021) found that mind wandering was predicted by different slow wave properties along
frontal and centro-frontal electrodes. This finding expands upon previous research, which
found increases in global delta (1-4 Hz) and theta (4 - 8Hz) power during a breath counting
task (Braboszcz & Delorme, 2011) prior to participants’ reports of mind wandering.

Recent researchdemonstrates that it is possible topredict the occurrence ofmindwander-
ing from these neurocorrelates. Using logistic regression and support vectormachine (SVM),
Dong et al. (2021) found the P3 ERP to be able to predict episodes ofmindwandering above
chance levels during an auditory tone classification task both within and across participants.
Using a support vectormachine, Groot et al. (2021) found that widespread increases in delta,
theta, and alpha, as well as reduced amplitudes of late Event Related Potentials were most
predictive of mind wandering during a SART.

6.1.2 Mindwandering as a state and as a trait

While a variety of neurocorrelates have been associated with mind wandering states, stud-
ies investigating the neurocorrelates of trait mind wandering are still sparse. However, it is
a well-known observation that general frequency of mind wandering episodes varies across
individuals (Seli, Risko, & Smilek, 2016; Godwin et al., 2017). Some studies indicate that
trait mind wandering and state mind wandering are clearly correlated (Seli, Risko, & Smilek,
2016), while others find a weaker relation (Kawagoe et al., 2020). For example, Kawagoe et
al. (2020) found that the Mind Wandering Questionnaire, which taps primarily into one’s
tendency to experience task-unrelated thoughts, was only somewhat related to state mind
wandering. On top of that, the researchers found no correlation between the Daydreaming
Frequency Scale, which primarily measures one’s tendency to experience stimulus indepen-
dent thoughts, and state mind wandering. This suggests that the link between trait and state
measures of mind wandering is less obvious than might be assumed at first blush. In ad-
dition, state mind wandering and trait mind wandering sometimes seem to have different
correlates. Mrazek, Smallwood, & Schooler (2012), for example, found a strong negative re-
lation between working memory capacity and state mind wandering (though note that this
link was not confirmed with trait mind wandering in the study of Godwin et al., 2017). The
dissociation between trait and state dimensions of mind wandering may be explained by dif-
ferences in the manner in which participants introspect on the contents of their thoughts in
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daily life versus how they introspect during performance of a task. Although the items on
trait questionnaires aim to capture a tendency to mind wander in a variety of daily tasks, it is
possible participants only focus on particular instances in their lives that are cognitively non-
demanding and allow for mind wandering (Godwin et al., 2017). Alternatively, when an-
swering trait questionnaires, individuals may imagine themselves performing very engaging
tasks during which they easily lose focus. In sum, the degree to which state mind wandering
differs from trait mindwandering can be dependent on the type of task being performed and
how well it aligns with the types of tasks individuals imagine themselves performing when
introspecting on their general tendency to mind wander (Dias da Silva et al., 2020).

Past research has shown that variance inmeasures such as trait rumination and traitmind-
fulness can be linked to EEG activity (Lo et al., 2011; Hunkin et al., 2021; Deng et al., 2021).
As individual differences in mind wandering at a trait level also reflect relatively stable and
sustained cognitive processes, we may expect different patterns of neural activity to accom-
pany trait mind wandering as well. Moreover, investigating the neural correlates of mind
wandering at both a state and a trait level is important for distinguishing between situation
specific and general characteristics of ongoing thought. Using fMRI, Godwin et al. (2017)
report positive correlations between traitmindwandering as assessed by theMindWandering
Questionnaire (Mrazek et al., 2013) andDefaultModeNetwork (DMN) connectivity at rest
as well as increased connectivity between theDMNand the Frontoparietal ControlNetwork
(FPCN) at rest. This result provides some support for the idea that also EEGmight provide
patterns of data related to trait mind wandering. However, to the best of our knowledge, no
studies have investigated brain activity using EEG in relation to trait mind wandering. What
is more, we have found no studies investigating how EEG activity relates to both trait mind
wandering and state mind wandering during performance of a task. As the relationship be-
tween trait and state mind wandering is not straightforward, it is an additional aim of our
study to investigate how EEG activity is related to both trait and state measures of mindwan-
dering during performance of a visuomotor tracking task.

6.1.3 Current Study

In the present study, we examined whether states of mind wandering attenuate conscious
perception of external stimuli and enhance internal processing during a visuomotor tracking
oddball task. Moreover, we investigated whether trait tendencies to mind wander are associ-
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ated with distinct neural signatures during task performance. In the task, participants were
instructed to trace the path of a ball on a screen continuously, while responding via mouse-
clicks whenever the ball turned red (the ‘oddball’). When instructed to track a moving target
on a screen with a computer mouse, one needs to continuously sustain attention towards
both the position of the target on the screen and the position of the mouse pointer in rela-
tion to the target. During rare occasions, when the target becomes red, it must be clicked on
as quickly as possible. Although this is a simple task, performing it for an hour is taxing, as
it requires a fine-grained attentional and motor control. Any lapse may lead to either lagging
behind or running ahead of the target with the mouse, and during crucial moments when
the ball turns red, failing to click on it. Any lapse in attention during this task may lead to an
erratic motor response.

While performing such a monotonous task, it is natural for the mind to wander. The
repetitiveness of the task and low stimulation from the environment lead the mind to a state
of low alertness in which conscious awareness towards the external environment may dwin-
dle (He et al., 2011; Unsworth&Robison, 2018). As attention towards the external environ-
ment dwindles and mind wandering ensues, we expect a reduction in the P3 component for
rare targets, indicative of reduced cognitive processing of external stimuli. Moreover, based
on past studies, increases in delta (Andrillon et al., 2021), theta (Braboszcz&Delorme, 2011;
van Son et al., 2019), and alpha power overall should be reflective of internally oriented atten-
tion (Macdonald et al., 2011; Compton et al., 2019), while decreases in beta should reflect
reduced task-related attention prior to reports of mind wandering (Braboszcz & Delorme,
2011; van Son et al., 2019). Greater theta-beta ratio, particularly in frontal andmidline scalp
regions would be reflective of poorer attentional control prior to reports of mind wandering
(van Son et al., 2019).

6.2 Methods

6.2.1 Participants and Procedure

This study was approved by the university’s Institutional Review Board (REDC #2019/98).
In total, 45 participants between 18 and 33 years of age (28 identifying as female), performed
this experiment and received course credit for their participation. Six participants were ex-
cluded from further analyses, as they either fell asleep (N = 2), or because of technical
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problems with the EEG (N = 4; mastoid disconnected, battery died, or poor signal qual-
ity), leaving a total of 39 participants (25 female), MAge = 22.38, SDAge = 3.21, N = 39.
In addition, three participants were excluded from further analyses, as they did not report
sufficient mind wandering or focused attention (see Section 6.2.4.). As such, the resulting
sample for analysis consisted of 36 participants (23 female); mean age was MAge = 22.06,
SDAge = 3.12). All participants were right-handed and had either 20/20 vision or corrected
vision. After arriving for the experimental session, participants signed a consent form and
answered questions about their demographics and mind wandering experiences in daily life.
Then, after a training session during which they received feedback for their responses, par-
ticipants performed the visuomotor tracking task. Participants then tracked the path of a
black ball, that “bounced” along a white computer screen, as closely as possible, while also
responding to rare oddball targets (1 target to 9 nontargets, see Figure 6.1). Whenever the
ball reached the corners of the screen, this would mark the completion of a trial. After that,
the ball would bounce back in the opposite direction. Trials lasted on average 737 millisec-
onds (SD = 376). In 1 out of 10 trials, the ball would turn red and remain still for 1 second.
Whenever this occurred, participants were instructed to click on the oddball as quickly as
possible. Pseudorandomly throughout the task, participants were interrupted with thought
probes asking them whether they were focused on the task or mind wandering. The average
interval between each probewas 43.57 seconds (SD = 18.77). The experiment lasted approx-
imately 90minutes (30minutes for EEG cap placement and filling out questionnaires and 60
minutes for performing the visuomotor task). During the experiment, mouse tracking data
was collected (analysis reported in Dias da Silva & Postma, 2021).

6.2.2 Instrumentation

Trait mindwandering

The Mind Wandering Inventory (Cronbach α = .81,N = 36), consisted of 10 items as-
sessed on a 4-point Likert scale (1 = completely disagree to 4 = completely agree) concerning
mind wandering in daily life (M = 1.89, SD = 0.47). The items in the questionnaire were
intended to capture individual differences in perceptual decoupling, mental navigation, and
mental improvisation (Gonçalves et al., 2020).
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Figure 6.1: Visuomotor tracking task. Participants tracked the path of a ball (50 pixels radius), that
moved at a fixed speed (5 px/16 ms) around a 1366 cm wide by 768 cm long screen. Once the ball
reached one of the corners of the screen, this was marked as a trial, and it would bounce back to‐
wards the opposite direction. In 1 out of 10 trials, the ball would become red (see bottom middle
panel) and remain still for one second. Whenever this occurred, participants were instructed to click
on the ball as quickly and accurately as possible. Neither the ball nor participants’ movements left a
trail.

Tracking task

The visuomotor tracking task was programmed in E-prime 3.0 (Psychology Software Tools).
The experiment was run in full screen mode on a 22-inch Dell monitor (1366 by 768 pixels)
on a Windows 10 operating system. Participants were instructed to trace the path of a black
ball that bounced along a computer screen with a white background. Once the ball turned
red (oddball), participants were instructed to click on it as quickly and accurately as possible
within one second until the ball changed color again. 10% of trials were targets (oddballs) and
90% were nontargets. The task consisted of 5 blocks of approximately 10 minutes, with 60
targets (300 targets in total).

6.2.3 EEG recording and processing

Continuous EEG was recorded with a g.Nautilus Research 32-channel system. Electrode
placement was based on the international 10-20 system, with one electrode placed on the
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earlobe as a reference. Impedances were kept below 40 kΩ. EEG was sampled at 500 Hz
and an online band-pass filter between 0.1–100 Hz (Notch filter between 48–52 Hz) was
used. Off-line EEG pre-processing and analyses was performed with the EEGLAB toolbox
(Delorme & Makeig, 2004, Version 2019.1), the Signal Processing toolbox (v.8.4), and the
ERPlab plugin (Lopez-Calderon & Luck, 2014, version v8.1), run in Matlab (v2020a). For
ERP analyses, data were further band-pass filtered offline from 0.5 to 40 Hz. Data segments
that contained flatline and noisy channels as well as short-time bursts were corrected (viaArti-
fact Subspace Reconstruction) or removed using the function clean_artifacts from the
clean_rawdata plugin (v2.3). On average, 1.81 (minimum1,maximumof 5 for each sub-
ject) channels were removed per participant. Channels that were removed were then spheri-
cally interpolated.

Prior to ERP analyses, data were then segmented into epochs spanning from −500 ms
prior to oddball onset to 1500 ms after. In line with Peiris et al. (2006), the Infomax Inde-
pendent Component Analysis using the function “runica()” was performed for artifact
detection and removal on epoched data. For each participant, we visually inspected scalp
maps, power spectrum, and raw component activations across time before rejecting two to
five (M = 2.56) well-characterized ICA components for eye blink, lateral eye movements,
and muscle noise (Delorme &Makeig, 2004; Delorme et al., 2007).

For spectral power analyses, data were band-pass filtered offline from 0.5 to 100 Hz. On
average, 1.58 (minimum 1, maximum 4 for each subject) channels were removed per par-
ticipant and were then spherically interpolated. Prior to spectral power analyses, data were
then segmented into epochs spanning from −12000 ms prior to oddball onset to 1500 ms
after. Infomax Independent Component Analysis using the function “runica()” was per-
formed for artifact detection and removal on epoched data. For each participant, we visually
inspected scalp maps, power spectrum, and raw component activations across time before
rejecting two to seven (M = 4.33) well-characterized ICA components for eye blink, lateral
eye movements, and muscle noise (Delorme &Makeig, 2004; Peiris et al., 2006).
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6.2.4 Data analysis

Mindwandering probes

Thought probes were presented throughout the task in order to assess participants’ state of
mind. Participants were asked: “Were you focused on the task just before this moment?”
They could have answered either “yes”, indicating their were focused on the task, or “no.”
Whenever participants indicated that they were not focused on the task; this was denoted
as mind wandering. In that case, they were presented with follow up questions, assessing
the quality of their thoughts. We report results pertaining to the answers to those questions
elsewhere (Dias da Silva & Postma, 2021). The task contained a total of 75 probes, appear-
ing pseudorandomly after either 2, 4, or 6 oddballs. Based on the participants’ answers to
each probe question, we labelled trials preceding the probe as either ‘Mind Wandering’ or
‘Focused’. Three participants were excluded from the analysis for not having reported suf-
ficient episodes of mind wandering or focused attention (five or less), leaving a total of 36
participants.

ERPs

Data were further segmented to -200 ms prior to oddball onset and 800 ms after and base-
line corrected to 200 ms prior to the onset of the oddball before computation of ERPs. The
P3 amplitude for the oddball was analyzed per condition (mind wandering or focused atten-
tion).The P3 mean amplitude2 (from 300-400 ms after stimulus onset) was calculated from
electrode Cz and Pz, respectively, where the amplitude of the P3 tends to be maximal (Small-
wood, Beach, et al., 2008; Barron et al., 2011). Statistical analyses were performed on the
mean amplitude values of the electrodes at which each component was measured per partici-
pant and per condition (mind wandering v. focused attention). Grand averages across partic-
ipants in electrodes Cz and Pz were calculated for each group for visualization purposes only
(see Fig. 6.2).

2This time window was selected after visual inspection of averaged ERPs per participant (without discrim-
inating condition).
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Power spectra

Data were further segmented into three time windows: from -10, -5, and -2 seconds prior to
probe onset, resulting in 3 datasets, respectively. For each time window, EEG power spec-
tra for delta (1-4 Hz), theta (4-8 Hz), alpha (8–13 Hz), beta (13-30 Hz), and gamma (30-80
Hz) frequencies were calculated using the fast Fourier transform for each pre-probe epoch,
and then averaged separately for epochs corresponding tomindwandering and focused atten-
tion. Mean delta, theta, alpha, beta, and gamma was then extracted for each participant and
probe-response category. Power values for each epoch were converted into decibels (dB, 10 *
log10(power)) tomore closely approximate a normal distribution. In linewithRiby&Orme
(2013), we created 8distinct clusters of electrodes in addition to the 4midline sites (Fz; Cz; Pz;
Oz). These were: Left-Frontal (FP1; AF3; F7), Right-Frontal (FP2; AF4; F8), Left-Frontal-
Central (F3; FC1; FC5), Right-Frontal-Central (F4; FC2; FC6), Left-Central-Parietal (C3;
CP1; CP5), Right-Central-Parietal (C4; CP2; CP6), Left-Parietal-Occipital (P7; P3; PO3)
and Right-Parietal-Occipital (P8; P4; PO4). PO7, PO8, T7 and T8 were not included in the
analysis.

6.3 Results

6.3.1 Behavioral Results

Participants clicked on the oddball correctly on 94% of trials (SD = 0.04, N = 36). If
participants did not click on the ball or did not respond within one second, this was marked
as an error. As responses were negatively skewed, a paired Wilcoxon’s singed-ranks test was
performed in order to examine the difference in accuracy between trials in which participants
were focused and trials in which participants were mind wandering. Results indicated that
responses prior to reports of mind wandering (Mdn = .94) were significantly less accurate
than responses prior to reports of focused attention (Mdn = .96, Z = −2.77, p = .006).

6.3.2 Electrophysiological data

ERPs

We conducted a RepeatedMeasures Analysis of Variance with both mental state (mind wan-
dering v. focused attention) and electrode location (Cz and Pz) as within-subject factors
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Figure 6.2: ERP waveforms for both correct and incorrect trials at electrodes Cz and Pz comparing
P3 amplitude during oddball stimuli under focused attention (FA) and mind wandering (MW) condi‐
tions.

(N = 36) on correct trials. We found that there was a significant main effect of mental
state on P3 mean amplitude, F(1, 4.68) = 7.70, p = .009, n2p = .18, such that P3 am-
plitude was greater prior to reports of focused attention than to reports of mind wandering.
There was also a main effect of location, such that the amplitude at Cz was greater than at
Pz, F(1, 64.43) = 6.86, p = .013, n2p = .16. However, there was no interaction effect be-
tween mental state and location, F(1, .09) = 0.47, p = .500, n2p = .01, indicating that the
effect ofmental state on P3 amplitude occurred irrespective of electrode location. In order to
verify whether it was reasonable to assume that oddballs appearing over 15 seconds prior to
the probe actually reflect mind wandering states, we also performed this analyses on the first
two oddballs preceding the probe (instead of on all 6)3. There was a significant main effect
of mental state on P3 mean amplitude, F(1, 6.60) = 7.01, p = .012, n2p = .18, such that P3
amplitude was greater prior to reports of focused attention than to reports of mind wander-
ing. There was also a main effect of location, such that the amplitude at Cz was greater than
at Pz, F(1, 54.69) = 5.58, p = .024, n2p = .15. There was no interaction effect between
mental state and location, F(1, .96) = 2.93, p = .097, n2p = .08 .

Oscillatory activity

We conducted five separate linear mixed effect models using the package lme4 (Bates et al.,
2015) with mental state (mind wandering v. focused attention) and electrode location (Left-

3By only analyzing the 2 oddballs preceding the probe, this considerably reduced the amount of ERPs that
were averaged per participant per condition. As a prerequisite for analyses, we only included participants with
at least 30 ERPs per condition. Two additional participants did not meet this criterion and were excluded
(N = 34).
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Table 6.1: Likelihood ratio tests of the full model with mind wandering x channel as fixed effects
against the model with only participants as random intercepts for Delta power, Theta power, Alpha
power, Beta power, Gamma power, and Theta‐Beta ratio, respectively across the 10, 5 and 2 second
intervals preceding the probe.

10 seconds 5 seconds 2 seconds
χ2 df p χ2 df p χ2 df p

Delta 16884.88 23 <.001 12592.40 23 <.001 6652.81 23 <.001
Theta 14539.41 23 <.001 11402.81 23 <.001 6684.33 23 <.001
Alpha 17172.35 23 <.001 13461.98 23 <.001 7896.40 23 <.001
Beta 21710.94 23 <.001 19959.88 23 <.001 16064.83 23 <.001
Gamma 21074.13 23 <.001 20712.94 23 <.001 19940.94 23 <.001
Theta/Beta 6796.33 23 <.001 5112.44 23 <.001 2921.15 23 <.001

Frontal, Right-Frontal, Left-Frontal-Central, Right-Frontal-Central, Left-Central-Parietal,
Right-Central-Parietal, Left-Parietal-Occipital, Right-Parietal-Occipital, Fz, Cz, Pz and Oz)
as fixed effects, and participants as random intercepts. As dependent variables, we used power
at delta, theta, alpha, beta, and gamma frequencies, and the theta-beta ratio. We repeated this
procedure for power extracted from10, 5, and 2 second intervals prior to the probe (SeeTable
6.1). Based on the participants’ answers to each probe question, we labelled the time period
(10, 5 or 2 seconds) preceding the probe as either ‘Mind Wandering’ or ‘Focused’. P-values
were obtained from likelihood ratio tests of the full model with mind wandering x channel
as fixed effects against the model with only participants as random intercepts (see Table 3.1).
Due to multiple4 comparisons, alpha levels were Bonferroni corrected to .001.

For intervals lasting 10 seconds prior to the probe (Table 6.2), we found greater delta
and theta power prior to reports of focused attention in the Left-Frontal cluster. In contrast,
theta power was greater prior to reports of mind wandering along centroparietal sites. Alpha
power was significantly greater prior to reports ofmindwandering along all electrode sites ex-
cept for at the Left-Frontal region and at electrodes Pz and Oz. Beta power was significantly
greater in the Left-Frontal cluster and at electrode Oz prior to reports of mind wandering,
but significantly lower along the Right-Frontal-Central and Right-Central-Parietal scalp ar-
eas. Gamma was significantly higher prior to reports of mind wandering in the Left-Frontal
cluster, while the theta-beta ratio was significantly lower along the Left-Central-Parietal clus-
ter prior to reports of mind wandering.

4Twelve comparisons for each of the 3 data frames (-10, - 5, - 2 seconds) resulted in a total of 36 comparisons.
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Table 6.2: Contrasts (dB) between Focused Attention and Mind Wandering for power at Delta,
Theta, Alpha, Beta, and Gamma frequencies and the Theta‐Beta ratio 10 seconds prior to the probe.

contrast (FA - MW) B SE(B) df t p

Delta
Left-Frontal 0.47 0.05 73525 8.92 <.0001
Right-Frontal 0.05 0.05 73525 0.87 0.384
Left-Frontal-Central 0.05 0.05 73525 1.02 0.310
Right-Frontal-Central -0.01 0.05 73525 -0.27 0.790
Left-Central-Parietal -0.12 0.05 73525 -2.35 0.019
Right-Central-Parietal 0.00 0.05 73525 -0.03 0.977
Left-Parietal-Occipital 0.08 0.05 73525 1.59 0.111
Right-Parietal-Occipital -0.08 0.05 73525 -1.50 0.134
Fz 0.07 0.09 73525 0.81 0.420
Cz -0.26 0.09 73525 -2.82 0.005
Pz 0.16 0.09 73525 1.72 0.085
Oz 0.19 0.09 73525 2.08 0.038
Theta
Left-Frontal 0.33 0.05 73525 6.68 <.0001
Right-Frontal 0.03 0.05 73525 0.64 0.522
Left-Frontal-Central -0.08 0.05 73525 -1.55 0.122
Right-Frontal-Central -0.09 0.05 73525 -1.85 0.064
Left-Central-Parietal -0.32 0.05 73525 -6.43 <.0001
Right-Central-Parietal -0.25 0.05 73525 -5.12 <.0001
Left-Parietal-Occipital -0.10 0.05 73525 -2.07 0.038
Right-Parietal-Occipital -0.16 0.05 73525 -3.27 0.001
Fz 0.05 0.09 73525 0.58 0.560
Cz -0.44 0.09 73525 -5.20 <.0001
Pz 0.19 0.09 73525 2.20 0.028
Oz 0.14 0.09 73525 1.61 0.108
Alpha
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Table 6.2 continued from previous page

contrast (FA - MW) B SE(B) df t p

Left-Frontal 0.01 0.05 73525 0.29 0.770
Right-Frontal -0.24 0.05 73525 -4.89 <.0001
Left-Frontal-Central -0.31 0.05 73525 -6.29 <.0001
Right-Frontal-Central -0.34 0.05 73525 -6.97 <.0001
Left-Central-Parietal -0.40 0.05 73525 -8.21 <.0001
Right-Central-Parietal -0.57 0.05 73525 -11.62 <.0001
Left-Parietal-Occipital -0.40 0.05 73525 -8.30 <.0001
Right-Parietal-Occipital -0.49 0.05 73525 -10.00 <.0001
Fz -0.28 0.08 73525 -3.37 <.001
Cz -0.52 0.08 73525 -6.14 <.0001
Pz -0.20 0.08 73525 -2.38 0.017
Oz -0.13 0.08 73525 -1.60 0.111
Beta
Left-Frontal -0.32 0.05 73525 -5.99 <.0001
Right-Frontal -0.03 0.05 73525 -0.52 0.600
Left-Frontal-Central 0.08 0.05 73525 1.48 0.140
Right-Frontal-Central 0.19 0.05 73525 3.68 <.001
Left-Central-Parietal 0.12 0.05 73525 2.18 0.029
Right-Central-Parietal 0.22 0.05 73525 4.26 <.0001
Left-Parietal-Occipital 0.11 0.05 73525 2.13 0.033
Right-Parietal-Occipital 0.15 0.05 73525 2.82 0.005
Fz 0.17 0.09 73525 1.89 0.059
Cz 0.25 0.09 73525 2.79 0.005
Pz 0.05 0.09 73525 0.50 0.619
Oz -0.33 0.09 73525 -3.64 <.001
Gamma
Left-Frontal -0.30 0.09 73525 -3.37 <0.001
Right-Frontal 0.11 0.09 73525 1.21 0.225
Left-Frontal-Central -0.07 0.09 73525 -0.84 0.400
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Table 6.2 continued from previous page

contrast (FA - MW) B SE(B) df t p

Right-Frontal-Central 0.08 0.09 73525 0.96 0.337
Left-Central-Parietal -0.07 0.09 73525 -0.82 0.411
Right-Central-Parietal 0.04 0.09 73525 0.48 0.632
Left-Parietal-Occipital 0.03 0.09 73525 0.30 0.764
Right-Parietal-Occipital -0.14 0.09 73525 -1.59 0.113
Fz 0.02 0.15 73525 0.13 0.896
Cz -0.23 0.15 73525 -1.50 0.134
Pz -0.05 0.15 73525 -0.31 0.754
Oz -0.42 0.15 73525 -2.78 0.005
TBR
Left-Frontal -0.01 0.05 73525 -0.26 0.798
Right-Frontal 0.00 0.05 73525 -0.07 0.942
Left-Frontal-Central 0.00 0.05 73525 -0.02 0.981
Right-Frontal-Central -0.10 0.05 73525 -1.92 0.055
Left-Central-Parietal 0.20 0.05 73525 3.79 <.001
Right-Central-Parietal 0.03 0.05 73525 0.53 0.594
Left-Parietal-Occipital -0.01 0.05 73525 -0.19 0.853
Right-Parietal-Occipital 0.01 0.05 73525 0.24 0.809
Fz -0.22 0.09 73525 -2.41 0.016
Cz 0.19 0.09 73525 2.05 0.040
Pz -0.23 0.09 73525 -2.53 0.012
Oz 0.19 0.09 73525 2.11 0.035

For intervals lasting 5 seconds prior to the probe (Table 6.3), we also found greater delta
and theta power prior to reports of focused attention in the Left-Frontal cluster. In con-
trast, delta and theta power were greater prior to reports of mind wandering at electrode
Cz. Theta was also greater prior to reports of mind wandering along the Left- and Right-
Central-Parietal clusters as well as in the Right-Parietal-Occipital cluster. Here again, alpha
power was significantly greater prior to reports of mind wandering along all electrode sites
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except for at the Left-Frontal region and at electrodes Pz andOz. Beta powerwas again signif-
icantly greater in the Left-Frontal site prior to reports of mind wandering, but significantly
lower along the Right-Frontal-Central, Right-Central-Parietal and Right-Parieto-Occipital
scalp areas. Differences in gamma were no longer significant, and the theta-beta ratio was
now (marginally) significantly lower along the Left-Central-Parietal cluster prior to reports
of mind wandering.

Table 6.3: Contrasts (dB) between Focused Attention and Mind Wandering for power at Delta,
Theta, Alpha, Beta, and Gamma frequencies and the Theta‐Beta ratio 5 seconds prior to the probe.

contrast (FA - MW) B SE(B) df t p

Delta
Left-Frontal 0.37 0.06 74393 6.17 <.0001
Right-Frontal -0.03 0.06 74393 -0.44 0.661
Left-Frontal-Central -0.05 0.06 74393 -0.84 0.403
Right-Frontal-Central -0.06 0.06 74393 -1.04 0.298
Left-Central-Parietal -0.16 0.06 74393 -2.58 0.010
Right- Central-Parietal -0.09 0.06 74393 -1.53 0.126
Left-Parietal-Occipital 0.07 0.06 74393 1.15 0.252
Right-Parietal-Occipital -0.17 0.06 74393 -2.78 0.006
Fz 0.04 0.10 74393 0.40 0.692
Cz -0.40 0.10 74393 -3.79 <.001
Pz 0.19 0.10 74393 1.79 0.074
Oz 0.11 0.10 74393 1.09 0.275
Theta
Left-Frontal 0.24 0.06 74393 4.35 <.0001
Right-Frontal -0.04 0.06 74393 -0.64 0.524
Left-Frontal-Central -0.13 0.06 74393 -2.31 0.021
Right-Frontal-Central -0.12 0.06 74393 -2.06 0.039
Left-Central-Parietal -0.34 0.06 74393 -6.05 <.0001
Right- Central-Parietal -0.30 0.06 74393 -5.39 <.0001
Left-Parietal-Occipital -0.11 0.06 74393 -2.00 0.045
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Table 6.3 continued from previous page

contrast (FA - MW) B SE(B) df t p

Right-Parietal-Occipital -0.23 0.06 74393 -4.06 <.0001
Fz 0.06 0.10 74393 0.62 0.534
Cz -0.50 0.10 74393 -5.12 <.0001
Pz 0.09 0.10 74393 0.91 0.361
Oz 0.11 0.10 74393 1.13 0.259
Alpha
Left-Frontal -0.07 0.06 74393 -1.25 0.213
Right-Frontal -0.29 0.06 74393 -5.17 <.0001
Left-Frontal-Central -0.38 0.06 74393 -6.87 <.0001
Right-Frontal-Central -0.43 0.06 74393 -7.73 <.0001
Left-Central-Parietal -0.47 0.06 74393 -8.45 <.0001
Right-Central-Parietal -0.60 0.06 74393 -10.72 <.0001
Left-Parietal-Occipital -0.44 0.06 74393 -7.85 <.0001
Right-Parietal-Occipital -0.52 0.06 74393 -9.38 <.0001
Fz -0.32 0.10 74393 -3.33 <.001
Cz -0.62 0.10 74393 -6.49 <.0001
Pz -0.19 0.10 74393 -1.99 0.047
Oz -0.17 0.10 74393 -1.79 0.073
Beta
Left-Frontal -0.28 0.05 74393 -5.19 <.0001
Right-Frontal 0.01 0.05 74393 0.15 0.880
Left-Frontal-Central 0.13 0.05 74393 2.45 0.014
Right-Frontal-Central 0.22 0.05 74393 3.95 <.001
Left-Central-Parietal 0.14 0.05 74393 2.60 0.009
Right- Central-Parietal 0.25 0.05 74393 4.66 <.0001
Left-Parietal-Occipital 0.16 0.05 74393 2.95 0.003
Right-Parietal-Occipital 0.18 0.05 74393 3.37 0.001
Fz 0.17 0.09 74393 1.85 0.064
Cz 0.29 0.09 74393 3.08 0.002
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Table 6.3 continued from previous page

contrast (FA - MW) B SE(B) df t p

Pz 0.04 0.09 74393 0.44 0.657
Oz -0.23 0.09 74393 -2.47 0.014
Gamma
Left-Frontal -0.23 0.09 74393 -2.60 0.009
Right-Frontal 0.19 0.09 74393 2.11 0.035
Left-Frontal-Central 0.02 0.09 74393 0.26 0.798
Right-Frontal-Central 0.14 0.09 74393 1.59 0.111
Left-Central-Parietal 0.01 0.09 74393 0.08 0.938
Right- Central-Parietal 0.07 0.09 74393 0.77 0.440
Left-Parietal-Occipital 0.10 0.09 74393 1.09 0.275
Right-Parietal-Occipital -0.08 0.09 74393 -0.94 0.348
Fz 0.07 0.15 74393 0.47 0.642
Cz -0.15 0.15 74393 -0.97 0.331
Pz 0.01 0.15 74393 0.08 0.933
Oz -0.32 0.15 74393 -2.08 0.038
TBR
Left-Frontal 0.04 0.06 74393 0.64 0.523
Right-Frontal 0.03 0.06 74393 0.45 0.651
Left-Frontal-Central 0.00 0.06 74393 -0.06 0.949
Right-Frontal-Central -0.10 0.06 74393 -1.63 0.103
Left-Central-Parietal 0.20 0.06 74393 3.25 0.001
Right- Central-Parietal 0.05 0.06 74393 0.80 0.424
Left-Parietal-Occipital -0.05 0.06 74393 -0.79 0.428
Right-Parietal-Occipital 0.04 0.06 74393 0.73 0.465
Fz -0.23 0.11 74393 -2.23 0.026
Cz 0.21 0.11 74393 1.96 0.050
Pz -0.13 0.11 74393 -1.24 0.216
Oz 0.12 0.11 74393 1.17 0.244
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For intervals lasting 2 seconds prior to the probe (Table 6.4), we also found greater delta
and theta power prior to reports of focused attention in the Left-Frontal cluster. In contrast,
delta and theta powerwere greater prior to reports ofmindwandering at electrodeCz. Theta
was also greater prior to reports of mind wandering along centroparietal scalp areas as well as
in the Left-Frontal-Central cluster. Here again, alpha powerwas significantly greater prior to
reports of mind wandering along all electrode sites except for at the Left-Frontal region and
at electrodes Pz and Oz. Beta power was again significantly greater in the Left-Frontal site
prior to reports of mind wandering, but significantly lower along the Right-Central-Parietal
and Right-Parieto-Occipital scalp areas. The theta-beta ratio was again significantly greater
prior to reports of mind wandering over the Left-Central Parietal cluster.

Table 6.4: Contrasts (dB) between Focused Attention and Mind Wandering for power at Delta,
Theta, Alpha, Beta, and Gamma frequencies and the Theta‐Beta ratio 2 seconds prior to the probe.

contrast (FA - MW) B SE(B) df t p

Delta
Left-Frontal 0.18 0.08 75205 2.19 0.029
Right-Frontal -0.13 0.08 75205 -1.65 0.100
Left-Frontal-Central -0.21 0.08 75205 -2.53 0.012
Right-Frontal-Central -0.11 0.08 75205 -1.40 0.161
Left-Central-Parietal -0.21 0.08 75205 -2.53 0.012
Right- Central-Parietal -0.16 0.08 75205 -1.92 0.055
Left-Parietal-Occipital 0.03 0.08 75205 0.42 0.672
Right-Parietal-Occipital -0.18 0.08 75205 -2.23 0.026
Fz -0.14 0.14 75205 -1.02 0.310
Cz -0.38 0.14 75205 -2.68 0.007
Pz -0.03 0.14 75205 -0.23 0.816
Oz 0.18 0.14 75205 1.26 0.209
Theta
Left-Frontal 0.09 0.07 75205 1.25 0.212
Right-Frontal -0.09 0.07 75205 -1.24 0.215
Left-Frontal-Central -0.31 0.07 75205 -4.16 <.0001
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Table 6.4 continued from previous page

contrast (FA - MW) B SE(B) df t p

Right-Frontal-Central -0.19 0.07 75205 -2.59 0.010
Left-Central-Parietal -0.40 0.07 75205 -5.42 <.0001
Right- Central-Parietal -0.35 0.07 75205 -4.75 <.0001
Left-Parietal-Occipital -0.20 0.07 75205 -2.66 0.008
Right-Parietal-Occipital -0.22 0.07 75205 -2.92 0.004
Fz -0.01 0.13 75205 -0.11 0.912
Cz -0.65 0.13 75205 -5.11 <.0001
Pz 0.10 0.13 75205 0.76 0.450
Oz 0.07 0.13 75205 0.56 0.574
Alpha
Left-Frontal 0.00 0.07 75205 0.01 0.995
Right-Frontal -0.22 0.07 75205 -3.01 0.003
Left-Frontal-Central -0.37 0.07 75205 -5.15 <.0001
Right-Frontal-Central -0.40 0.07 75205 -5.57 <.0001
Left-Central-Parietal -0.37 0.07 75205 -5.15 <.0001
Right- Central-Parietal -0.51 0.07 75205 -7.05 <.0001
Left-Parietal-Occipital -0.37 0.07 75205 -5.13 <.0001
Right-Parietal-Occipital -0.40 0.07 75205 -5.54 <.0001
Fz -0.32 0.12 75205 -2.55 0.011
Cz -0.53 0.12 75205 -4.28 <.0001
Pz -0.18 0.12 75205 -1.43 0.154
Oz -0.14 0.12 75205 -1.15 0.250
Beta
Left-Frontal -0.27 0.06 75205 -4.60 <.0001
Right-Frontal -0.03 0.06 75205 -0.48 0.634
Left-Frontal-Central 0.08 0.06 75205 1.44 0.151
Right-Frontal-Central 0.14 0.06 75205 2.39 0.017
Left-Central-Parietal 0.11 0.06 75205 1.95 0.052
Right- Central-Parietal 0.29 0.06 75205 4.97 <.0001
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Table 6.4 continued from previous page

contrast (FA - MW) B SE(B) df t p

Left-Parietal-Occipital 0.12 0.06 75205 1.99 0.046
Right-Parietal-Occipital 0.23 0.06 75205 3.91 <.001
Fz 0.08 0.10 75205 0.76 0.451
Cz 0.32 0.10 75205 3.18 0.002
Pz 0.13 0.10 75205 1.25 0.210
Oz -0.19 0.10 75205 -1.89 0.058
Gamma
Left-Frontal -0.21 0.09 75205 -2.28 0.023
Right-Frontal 0.21 0.09 75205 2.31 0.021
Left-Frontal-Central 0.05 0.09 75205 0.57 0.570
Right-Frontal-Central 0.11 0.09 75205 1.23 0.219
Left-Central-Parietal -0.03 0.09 75205 -0.35 0.727
Right- Central-Parietal 0.10 0.09 75205 1.05 0.295
Left-Parietal-Occipital 0.10 0.09 75205 1.05 0.293
Right-Parietal-Occipital -0.04 0.09 75205 -0.46 0.648
Fz 0.07 0.16 75205 0.47 0.642
Cz -0.10 0.16 75205 -0.61 0.540
Pz 0.03 0.16 75205 0.19 0.851
Oz -0.28 0.16 75205 -1.80 0.072
TBR
Left-Frontal 0.18 0.08 75205 2.22 0.027
Right-Frontal 0.12 0.08 75205 1.49 0.136
Left-Frontal-Central 0.22 0.08 75205 2.78 0.006
Right-Frontal-Central 0.05 0.08 75205 0.64 0.523
Left-Central-Parietal 0.29 0.08 75205 3.57 <.001
Right- Central-Parietal 0.06 0.08 75205 0.74 0.460
Left-Parietal-Occipital 0.08 0.08 75205 0.99 0.321
Right-Parietal-Occipital -0.01 0.08 75205 -0.17 0.869
Fz -0.06 0.14 75205 -0.45 0.653

142



Table 6.4 continued from previous page

contrast (FA - MW) B SE(B) df t p

Cz 0.33 0.14 75205 2.39 0.017
Pz -0.22 0.14 75205 -1.61 0.107
Oz 0.12 0.14 75205 0.87 0.387

In sum, alpha power prior to reports of mind wandering was significantly greater across
nearly all electrode sites, with greater differentiation along the Right-Central-Parietal cluster.
Moreover, theta power was consistently greater prior to reports of mind wandering at left,
right and centroparietal sites, with greatest differentiation at Cz. A similar trend was present
for delta power though the effect did not reach statistical significance. Beta power was lower
along the Right Frontal-Central, Central-Parietal and Parietal-Occipital clusters prior to re-
ports of mind wandering. Gamma power greater in the Left-Frontal cluster, and TBR was
significantly lower in the Left-Central-Parietal cluster prior to reports of mind wandering.
These findingswere generally consistent irrespective of the interval in question. Topographic
distributions of spectral power across the 10 seconds prior to reports of mindwandering and
focused attention can be seen in Figure 6.3.

6.3.3 EEG oscillatory activity and trait mindwandering

In order to investigate whether individual’s general tendencies to mind wander were related
to differences in EEG oscillatory activity recorded during task performance, we computed
correlation coefficients between trait mind wandering (MWI,M = 1.89, SD = 0.45) and
power (dB) at delta, theta, alpha, and gamma frequencies and the TBR across all scalp areas
measured 10 seconds prior to probe responses (See Figure 6.4). We found a significant posi-
tive correlation between responses to theMWI and delta power overall during states of mind
wandering (r = .34, p = .042). The correlations were similar when distinguishing between
periods of mind wandering (r = .35, p = .033) and focused attention (r = .33, p = .055).

In addition, in order to account for the effect of scalp location, we computed correlation
coefficients for trait mind wandering (MWI) and power (dB) at each frequency (delta, theta,
alpha, beta, gamma) and TBR at each cluster (Left-Frontal, Right-Frontal, Left-Frontal-
Central, Right-Frontal-Central, Left-Central-Parietal, Right-Central-Parietal, Left-Parietal-
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Figure 6.3: Topographic distribution for delta power, theta power, alpha power, beta power, and
gamma power in μV2 during the 10 seconds prior to reports of Focused Attention and Mind Wan‐
dering. Individual participants’ mean spectrum was removed for visualization purposes.
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Figure 6.4: Correlations between responses to the MWI and EEG power for delta, theta, alpha, beta
gamma, and the theta‐beta ratio (TBR) recorded 10 seconds prior to the probe.

Occipital, and Right-Parietal-Occipital) and along the anteroposterior electrodes (Fz, Cz, Pz,
Oz), irrespective of mental state (MW v. FA, see Figure 6.5). We found that responses to
theMWIwere significantly positively correlatedwithRight-Parietal-Occipital gamma power
(r = .41, p = .013), Oz delta power (r = .39, p = .019), Left-Frontal-Central delta Power
(r = .39, p = .029), Fz delta power (r = .34, p = .043), Right-Frontal-Central delta
Power (r = .33, p = .047), and negatively correlated with Right-Parietal-Occipital TBR
(r = −.38, p = .024).

6.3.4 Exploratory correlational analyses

Finally, we explored correlations between P3 mean amplitude at Cz and Pz, with power at
those electrodes as well as with MWI and with mind wandering frequency per participant
(See Figure 6.6). Interestingly, we foundP3 amplitude atCzper participant to be significantly
positively correlated to delta ([P3 Cz MW] r = .38, p = .022, [P3 Cz FA] r = .33, p =

.049) and theta power ([P3 Cz MW] r = .37, p = .026) at Cz and negatively correlated to
beta power at Cz ([P3 Cz MW] r = −.34, p = .041) as well as to overall mind wandering
frequency ([P3 CzMW] r = .33, p = .048).

When distinguishing between power at different frequencies for reported mind wan-
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Figure 6.5: Correlations between responses to the MWI and EEG power for delta, theta, alpha, beta
gamma, and the theta‐beta ratio (TBR) at each cluster (Left‐Frontal, Right‐Frontal, Left‐Frontal‐
Central, Right‐Frontal‐Central, Left‐Central‐Parietal, Right‐Central‐Parietal, Left‐Parietal‐Occipital,
and Right‐Parietal‐Occipital ) and along the anteroposterior electrodes (Fz, Cz, Pz, Oz) recorded 10
seconds prior to the probe.
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Figure 6.6: Correlations between and power at delta, theta, alpha, beta, gamma, and the theta‐beta
ratio (TBR) at electrodes Cz and Pz (recorded 10 seconds prior to the probe) with the P3, the MWI
and MW frequency.
*p < .05, **p < .001

147



Figure 6.7: Correlations between and power at delta, theta, alpha, beta, gamma, and the theta‐beta
ratio (TBR) for MW and FA epochs at electrode Cz (recorded 10 seconds prior to the probe) with the
P3, the MWI, and MW frequency.
*p < .05

dering and focused epochs at electrode Cz, P3 amplitude was significantly positively cor-
related with delta and theta for both MW ([delta FA] r = .39, p = .019, [delta MW]
r = .37, p = .026, [theta FA] r = .39, p = .018, [theta MW] r = .35, p = .035) and FA
([delta FA] r = .33, p = .047, [theta FA] r = .35, p = .039) epochs. Moreover, the P3 for
MW epochs was significantly negatively correlated with beta ([beta FA]r = −.35, p = .035,
[beta MW]r = −.33, p = .049). Finally, P3 amplitude for MW epochs epochs was posi-
tively correlated with mind wandering frequency (r = .33, p = .048), such that the more
participants reported mind wandering, the greater the P3 amplitude during reported mind
wandering episodes (See Figure 6.7).
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6.4 Discussion

In this study we used EEGmeasures to investigate the neural correlates underlying conscious
states of focused attention towards a visuomotor tracking task and states of mind wander-
ing. We found that particular neurocorrelates of mind wandering are task-independent, as
they extend to a new paradigm requiring continuous visuomotor responses. More specifi-
cally, we observed a significant attenuation in P3 amplitude, indicating that target stimuli
were processed to a lesser extent, but were not completely masked from conscious awareness
during mind wandering. Expanding upon previous studies (Smallwood, Beach, et al., 2008;
Barron et al., 2011; Kam et al., 2011; Baldwin et al., 2017; Dong et al., 2021), we observed
a relation between mind wandering and reduced conscious processing of rare stimuli during
the visuomotor tracking task. These findings demonstrate that cognitive processing of exter-
nal events is attenuated not only in sustained attention tasks which measure lapses in atten-
tion to discrete rare targets, but also during tasks which require continuous motor responses.
Our results indicate that although attenuated, rare targets were still being processed when-
ever participants were mind wandering. It is possible that stimuli were consciously attended
to during on-task episodes, but were instead only seen in a cursory manner prior to reports
of mind wandering episodes. In support of this notion, previous research investigating en-
coding and information retrieval during a verbal SART suggests that whenever participants
reported mind wandering, retrieval of stimulus identity was more likely to be made on the
basis of recognition than recall (Smallwood et al., 2006, 2003), suggesting that more shallow
levels of processing take place prior to reported episodes of mind wandering. In other words,
attention does not entirely decouple fromperception prior to reports ofmindwandering. In-
stead, perceptual stimuli are processed to a lesser extent, as levels of alertness dwindle (Oken
et al., 2006; Andrillon et al., 2021). As such, mind wandering does not completely mask
conscious perception, but instead obscures it.

With regards tooscillations examined10, 5 and2 secondsprior tomindwanderingprobes,
respectively, alpha power was more prominent prior to reported episodes of mind wander-
ing along all scalp locations except the Left-Frontal and Pz and Oz (although there seems to
be a similar trend along Fz, Pz and Oz). This confirmed our expectations and falls in line
with Compton et al. (2019), Macdonald et al. (2011) and Baldwin et al. (2017)’s findings.
Meanwhile, significant theta power increases along centroparietal sites as well as delta power
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increases at electrode Cz (in the 5 seconds prior to the probe) were found prior to reports
of mind wandering. This falls in line with our expectations and supports Andrillon et al.
(2021)’s findings, in which overall delta increased up to 20 seconds prior to mind wander-
ing reports and Braboszcz &Delorme (2011)’s findings, in which overal theta increases were
found during the 10 seconds preceding mind wandering reports. Interestingly, Andrillon
et al. (2021) found that slow waves in frontal scalp areas were particularly indicative of mind
wanderingwhile centroparietal slowwaveswere indicative ofmindblanking. Arguably,mind
blanking as described by Andrillon et al. (2021) could be described as highly disengaged (as
opposed to somewhat disengaged) mind wandering. Therefore, it could be that increased
theta in centroparietal sites during this visuomotor tracking task was indicative of deeply dis-
engagedmindwandering. Note, however, that bothAndrillon et al. (2021) and Braboszcz&
Delorme (2011) report overall increases in delta and theta activity during performance of a
SART, and a breath counting- auditory oddball task, respectively. However, we only found
significant differences along centroparietal scalp areas. This difference in finding may be re-
lated to differences in task affordances; while a SART and a breath-counting task require
minimal to no motor movement, our visuomotor task required continuous motor move-
ment. Unexpectedly, however, we found delta and theta power increased in the Left-Frontal
cluster during the 5 and 10 seconds prior to reports of focused attention.

Interestingly, we found decreases in beta power along the Right-Frontal-Central, Right-
Central Parietal, and Right-Parietal-Occipital clusters prior to reports of mind wandering.
This finding suggests that there may be hemispheric differences in beta dynamics associated
with mind wandering during performance of tasks requiring motor control. Indeed, there
seem to exist hemispheric differences in early visual processing of stimuli during periods of
mind wandering. More specifically, Kam et al. (2014) found an attenuation in the visual P1
ERP component in electrode locations contralateral to the stimulus only when the stimulus
was presented in the left visual field. As the right hemisphere attends to both visual fields, and
the left hemisphere only attends to the right visual field, this suggests that the left-visual field
may be more prone to attentional deficits than the right (Kam et al., 2014). In current study,
we did not distinguish between stimuli presented on either side of the visual field. However,
we can speculate that hemispheric differences in beta attenuation prior to reports of mind
wandering were only present in the right hemisphere because the task required continuous
attention towards both the left and right visual fields, which were constantly monitored by
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the right hemisphere. Surprisingly, we found increases in beta in the Left-Frontal-Cluster
and at electrode Oz prior to reports of mind wandering.

With regards to the theta-beta ratio (TBR), which we expected to increase as a marker
of poorer attentional control during mind wandering, there was only a significant effect in
the Left-Central Parietal cluster, where the ratio was actually lower prior to reports of mind
wandering. Again this difference in findingsmaymean that increases in TBRprior to reports
ofmindwandering are specific to tasks which require an inward focus of attention, similar to
the breath-counting task used by van Son et al. (2019) and Braboszcz &Delorme (2011). Fi-
nally, we found significantly increased gamma power over the Left-frontal cluster during the
10 seconds prior to reports of mind wandering (with a similar non-significant trend during
the 5 and 2 seconds preceding the probe).

As for association between oscillatory activity and trait mind wandering as measured by
theMindWandering Inventory (MWI),we found that delta activity overallwas positively cor-
related with responses to the MWI. When distinguishing different scalp regions, we found
that gamma power in the Right-Parietal-Occipital cluster was positively correlated with trait
mind wandering, as was delta at electrodeOz, Fz, and at the Left- andRight-Frontal-Central
clusters. Greater delta power -especially over frontal and and occipital areas- for participants
who scored high on theMWI could indicate that these participants were particularly affected
by the task’smonotony, andhence fell into a drowsier state of consciousness thanparticipants
who are less prone to mind wander in daily life. Conversely, lower delta power for partici-
pants with lower scores on the MWI seems to indicate that participants who are less prone
to mind wander in daily life were also more alert in the task. Greater occipital gamma has
been previously associated with trait (long term practice) and state meditation (Cahn et al.,
2010; Braboszcz et al., 2017). Greater gamma in the Right-Parietal-Occipital cluster for par-
ticipants who scored high on theMWImay indicate that these participants also sustained an
enhanced sensory and perceptual awareness of moment-to-moment experience during per-
formance of the task (Cahn et al., 2010). Together, these findings suggest that there is an
association between aspects of trait mind wandering as measured by the MWI and state di-
mensions of mind wandering as captured by probes during the visuomotor tracking task.

As the task used in this study required participants to track amoving ball on the screen for
an extended period of time, various motor and eye movement artifacts were produced in the
EEGsignal. Wecleaned the signal using automatic artifact detectionmethods fromEEGLAB
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and decomposing the clean signal using Infomax ICA in order to detect any further artifacts
deriving from eye movements and muscle noise. However, we know from previous research,
that eyemovements (Bixler&D’Mello, 2016; Faber et al., 2020;Krasich et al., 2018;Uzzaman
& Joordens, 2011; Reichle et al., 2010) andmotor movements, including fidgeting (Carriere
et al., 2013; Farley et al., 2013; Seli et al., 2014), and hand movements (Kam et al., 2012;
Dias da Silva& Postma, 2021), may actually be indicators ofmindwandering. Therefore, we
cannot neglect the possibility that valuable information was removed from the EEG data by
removing the noise from eye andmusclemovements. A possible solution to dealingwith this
is to compare the effect of different methods for artifact removal methods on findings (e.g.,
Dimigen, 2020) or to use deep learning architectures which feed raw data from EEG into
neural networks, and can obtain valuable information from noise (Hosseini & Guo, 2019;
Bosch &D’Mello, 2019) in order to detect mind wandering.

Continuous monitoring and adjusting of motor responses to a target on a screen is asso-
ciatedwith focused performance of a visuomotor tracking task. As attention decouples from
perception prior to reports of mind wandering, an associated sensory-motor decoupling was
demonstrated by an attenuation in the P3ERP, increases in overall alpha, centroparietal theta
and delta, and decreases in beta during periods preceding reports of mind wandering. While
these findings were largely in line with previous literature performed under different tasks
–SART (Compton et al., 2019; Andrillon et al., 2021; Smallwood, Beach, et al., 2008), driv-
ing simulation (Baldwin et al., 2017), breath counting tasks (Braboszcz & Delorme, 2011)–
some of our results were unexpected, particularly those pertaining to hemispheric differences.
More specifically, decreased beta only along the right hemisphere, increased beta and gamma
and decreased theta and delta along the Left-Frontal cluster indicate that certain neural dy-
namics associated with mind wandering may be lateralized during performance of continu-
ous fine motor tasks that require rapid processing of visual information.

6.5 Conclusion

In sum, our study provides support for previous research indicating that conscious aware-
ness to the external environment is attenuated during states of mind wandering, as indi-
cated by a reduced P3 and reductions in beta power, and that attention is redirected to inter-
nal thoughts, as indicated by increases in theta, delta and global alpha power. Interestingly,

152



the Mind Wandering Inventory, which captures dispositional differences in the tendency to
mind wander in daily life, was associated with increases in delta and gamma power, as well as
decreases in the theta-beta ratio (TBR). Moreover, both individual differences in trait mind
wandering and ongoing mind wandering were associated with increases in delta power, indi-
cating that delta oscillations seem to share common variance with mind wandering at both a
trait and state level.
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7
General Discussion

In this chapter, I summarize the findings presented in the four empirical studies in light of
the literature review presented in chapter 2. I address the original contribution of this disser-
tation in terms of how mind wandering disrupts the perception-action cycle by attenuating
sensory-motor processing during execution of bodilymovements, in terms ofmouse tracking
as a method to detect mind wandering, in terms of the neurocorrelates of mind wandering,
and in terms of the the conceptualization of mind wandering as both a trait and as a state. Fi-
nally, I discuss methodological limitations, applications and considerations to be accounted
for in future work.

155



My aim in this thesis was to shed light into howmindwandering disrupts the perception-
action cycle by investigating howbodily behavior associatedwith focused attention towards a
task differs frombehaviorwhen individuals reportmindwandering, and towhat extent a gen-
eral disposition to mind wander is associated with changes in behavior and in EEG markers.
Chapter 2 consisted of an overview of various types of behaviors and brain activity associ-
ated with mind wandering. Chapters 3 and 4 consisted of an experimental investigation of a
particular type of behavior, namely, fine motor movements, and how these changed prior to
reports of mind wandering under different task conditions. Chapters 5 and 6 addressed how
a disposition tomindwander in daily life relates tomindwandering episodes during task per-
formance, both at a behavioral and at a neural level. Finally, Chapter 6 addressed how mind
wandering can be distinguished from conscious focused attention at a neural level. I describe
below how each chapter contributed towards answering each of the research questions pre-
sented in the introduction.

Research Question 1: How does mind wandering manifest in brain and bodily signals
across different tasks? I answered Research Question 1 in Chapter 2 by providing a literature
overviewof different objectivemeasures ofmindwandering andmotivated the importance of
identifying suchmeasures. I introducedmindwandering as an essential human characteristic
which, although beneficial - in being conducive to creativity, in providing us with freedom
from immediacy, in consolidating memories - is also detrimental to a variety of settings, in-
cluding reading (comprehension), vigilancewhile driving, sustained attentionwhile listening
to a lecture, and learning. Whenwemindwander, attention decouples from perception, and
there is a weakening of sensory-motor processing of input from the environment. This no-
tion is supported by various findings, including greater variability in reaction times, reduced
accuracy, and changes in bodilymovements (eye, hands) and neural signals (EEG, fMRI) in a
variety of tasks. I also presented the possibility that non-instrumental movements such as fid-
geting or doodling represent an exploratory formofmindwandering duringwhich attention
is dispersed broadly, both externally and internally, in order to determine what next course
of action to take (pay attention to the external environment, or keepmindwandering). Such
behaviors associated with this exploratory form of mind wandering may be better described
as an embodiment of our mental state rather than as an attenuation in sensory-motor pro-
cessing of external stimuli. In sum, what Chapter 2 demonstrates is that it is unlikely that
there is one set of behaviors and neural signatures of mind wandering that generalizes across
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all contexts. For example, mind wandering during driving might be associated with “tunnel
vision” (He et al., 2011), while mind wandering during a vigilance task may lead a person to
look away from a central point of fixation (Faber et al., 2020). Hence, the correlates of mind
wandering seem to depend to a large extent on what kind of processing the task requires.
Nevertheless, triangulating subjective self-reports with indirect behavioral and neurophyisi-
ological measures from different modalities seems to be the most promising way forward in
mind wandering detection.

Research Question 2: How do motor movements during reported episodes of mind wan-
dering differ from motor movements during focused attention? We answered Research Ques-
tion 2 in Chapter 3, where I homed in on a particular type of behavior, namely, motor move-
ment as an objective indicator of mind wandering. Using mouse tracking, I investigated
changes in individuals’ fine motor movements prior to reported states of mind wandering
during a demanding working memory task. Assuming that computer mouse movements
can been seen as extensions of cognitive processes, they should be able to provide insight into
whether or not individuals aremindwandering. I expected that changes in arousal associated
with mind wandering would be associated with slower, less precise, more complex and vari-
able hand reach movements. Using a data-driven approach, I extracted 27 features from the
recorded mouse trajectories and inserted them into various machine models for predicting
mind wandering states. As participants reported few (or even no) episodes of mind wander-
ing our models had a difficult time identifying instances of mind wandering. However, once
removing the class imbalance from our dataset, all models were able to predict mind wan-
dering episodes above chance levels. The most important features for predicting states of
mind wandering were the number of x-position flips, which represent increased complexity
in movements, and greater time to commit to a response. Hand reach movements consist of
an initial high-velocity phase and a subsequent low-velocity, corrective phase. During mind
wandering, this initial phase became slower, andmovements became generally more complex
and less precise. These findings provide initial support for the use of mouse tracking as a
method for predicting mind wandering from hand movements in online user-interfaces. Ex-
panding upon these findings, I used similar methods for classifying attentional states from
computer mouse movement measures in Chapter 4 as I did in Chapter 3 and found that
our Naive Bayes and K-Nearest Neighbors classifiers were able to predict episodes of mind
wandering during a visuomotor tracking task above chance levels.

157



Research Question 3: Are deeper reported episodes of mind wandering associated with
greater differences in motor movements? We answered Research Question 3 in Chapter 4,
where I investigated to what extent different degrees of perceptual decoupling during mind
wandering affects motor control during a continuous visuomotor tracking task. Compared
to the working memory task used in Chapter 3, which elicited few episodes of mind wan-
dering, the task used in this study was particularly conducive to mind wandering. I found
that prior to reports of mind wandering, trackingmovements were more erratic and less vari-
able than prior to reports of focused attention. Importantly, deeper reported episodes of
mind wandering were even more erratic and less variable. This answers an important ques-
tion which, to the best of our knowledge, had not been addressed in the literature on mind
wandering. Is perceptual decoupling a binary state, or canwe decouple in amore graded fash-
ion? Our findings indicate the latter. Thismeans that our continuous finemotormovements
are sensitive to how deeply our minds are wandering and can potentially be used to track in
a fine-grained manner the locus of our attention.

ResearchQuestion 4: Towhat extent do traitmeasures ofmindwandering converge with
state measures of mind wandering? We answered Research Question 4 in Chapter 5. Here I
addressed a topic that has not been given much attention in the literature, namely - to what
extent do trait differences in mind wandering converge with state differences in mind wan-
dering? I used a validated measure of trait mind wandering, namely, the Mind Wandering
Inventory (Gonçalves et al., 2020), which assesses individual differences in degree of per-
ceptual decoupling, mental improvisation/ content variation, and mental navigation across
space and time. I incorporated probes into our task which assessed state differences in these
dimensions as well. Previous research investigating the relationship between trait and state
mind wandering using the MindWandering-Deliberate andMindWandering-Spontaneous
scales (Seli, Risko, & Smilek, 2016) found a significant positive correlation between each re-
spective trait and state scale. However, only trait differences in spontaneousmindwandering
were predictive of state differences in frequency of spontaneousmindwandering. Meanwhile
trait differences in deliberate mind wandering were not predictive in frequency of deliberate
mind wandering. In our study, trait mind wandering, as assessed by the Mind Wandering
Inventory was negatively predictive of state content variation (characteristic of mental im-
provisation). That is, higher trait mind wandering was associated with less varied thoughts
during task performance. A greater tendency tomindwander in daily lifemay imply a greater
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tendency to be absorbed in a homogenous train of thought during a monotonous task. It is
important to note, however, that we did not assess the intentionality of mind wandering in
our study as Seli, Risko, & Smilek (2016) did. Thus, it may be that a tendency to mind wan-
der spontaneously or intentionally in daily life relates differentially to content variation of
spontaneous and intentional mind wandering thoughts during a task. It is likely that the
relationship between trait and state mind wandering is modulated not only by contextual
factors, but also by individual factors such as intentionality and cognitive control, such that
individuals who have greater cognitive control are better able to adapt to a task’s demands,
mind wandering more in tasks that demand low executive resources and less in those that
demand more resources.

ResearchQuestion 5: Towhat extent canmindwandering be distinguished from focused
attention using EEG activity during performance of a continuous visuomotor tracking task? I
answered Research Question 5 in Chapter 6, where I investigated the brain dynamics associ-
ated with state and trait levels of mind wandering during performance of an extended visuo-
motor tracking task. As demonstrated in Chapter 4, fine motor movements become more
erratic and less variable as the sensory-motor processing of external stimuli becomes attenu-
ated prior to reports of mind wandering. In Chapter 6, I was interested in the changes in
EEG measures associated with such self-reports. In line with previous findings, there was
an attenuation in the P3 event-related potential and in beta band power along right frontal
and right centroparietal areas. Conversely, global alpha power was enhanced and theta power
increased along the centroparietal area. Specific to this study, beta attenuation was limited
to the right hemisphere. Importantly, this study demonstrated that mind wandering can be
distinguished from conscious focused attention in terms of the different levels or strength of
neural signatures.

As demonstrated in Chapter 5, the relationship between trait and state mind wandering
is not a straightforward one. Although previous studies have sometimes found a significant
positive relationship between the two, I found the relationship to be negative, such that in-
dividuals with a greater tendency to mind wander in daily life reported that their thoughts
varied to a lesser degree during performance of the task. In order to further assess this re-
lationship, in Chapter 6, I investigated for the first time to what extent trait differences in
mind wandering, as assessed by the Mind Wandering Inventory, was associated with power
at different frequency bands during the 10 seconds preceding a probe during performance of
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the visuomotor tracking task. Therefore, Chapter 6 also contributed to answeringResearch
Question 4: Towhat extent do traitmeasures ofmindwandering converge with statemeasures
of mind wandering? I found that trait mind wandering was positively correlated with delta
power and gamma power, and negatively correlated with the theta-beta ratio. Although in-
creases in low frequency oscillations such as delta were also found to be associated with state
mind wandering, increases in gammawere not. Instead, I found a decrease in high frequency
oscillations prior to reported states ofmindwandering. These results indicate thatmindwan-
dering is characterized by distinct neural signatures at both a trait and a state level, which are
likely modulated by both contextual and individual factors such as type of task or cognitive
control.

In the course of this dissertation, I used convergent methods within and between studies
in order to obtain greater insight into the occurrence of mind wandering thoughts. Catch-
ing the mind in flight is a difficult endeavor, as mind wandering is a transient process which
often occurs without awareness. In order to investigate it empirically, we must rely on in-
dividuals’ self-reports of the experience. By combining measures of self-report, both at a
trait and at a state level, with more indirect measures from mouse tracking and EEG data, I
was able to observe the phenomenon from different perspectives in terms of its manifesta-
tion in both the body and the brain. In the course of our studies, I demonstrated that mo-
tor behavior and associated neural dynamics duringmind wandering diverges from behavior
associated with focused, goal-oriented action, as perception of the external environment de-
couples from bodily action. More specifically, sensory-motor processing during execution of
bodily movements becomes attenuated, disrupting the perception-action cycle. For the first
time, I demonstrated thatmouse tracking is a viablemethod to detectmindwandering and is
sensitive to different reported levels of mind wandering. By means of EEG, I demonstrated
that although sensory-motor processing of external stimuli becomes attenuated duringmind
wandering, it is not completely absent. Moreover, our findings indicate that particular neu-
rocorrelates of mind wandering are task-independent. Finally, by means of both behavioral
and neural measures, I investigated the relationship between trait and state mind wander-
ing. Although there are aspects of trait and state mind wandering that are likely driven by
the same underlying mechanisms, there seems to be a dissociation that is both dependent on
contextual and individual characteristics.
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7.0.1 Limitations

A common challenge to all studies of mind wandering is the necessity to introspect and re-
port upon the content of one’s experience. Introspection is subjective by nature; yet, para-
doxically, reports of subjective experience are necessary in order to identify the behavioral
and neurophysiological correlates of mind wandering. Moreover, the need to report the ex-
perience may alter the conscious experience itself (Konishi & Smallwood, 2016). This then
begs the question to what extent reports of mind wandering are valid. Self-reports are fre-
quently biased, particularly in terms of the explanations individuals give for their thoughts,
behaviors and experiences. This is especially prone to happen whenever surprising or tem-
porally distant events influence behavior (Kane et al., 2021). However, reports about the
contents (the “what”) of consciousness (as opposed to reports about the reasons –the “why”
of experiences), are frequently accurate (Kane et al., 2021), providing support for the valid-
ity of self-report measures used in this dissertation. However, I used slight variations in our
methods for assessing mind wandering, which I will outline below.

In the study presented in Chapter 3, I asked participants to indicate whether they were
focusing on the task, having task-related interferences, or having task-unrelated thoughts dur-
ing thepreceding set ofmath-letter combinations and recall (which variedon average between
10-20 seconds depending on the number of trials per set). Although a method used in pre-
vious studies (e.g., Yanko & Spalek, 2014), having to evaluate the contents of their thoughts
during such a period of timemay have led to forgetting. In addition, as subjects received feed-
back after the mind wandering probes, this may have induced participants to either further
focus on the task, or to have task-related interferences. Finally, as the task was considerably
demanding and required continuous engagement from participants, it was not conducive to
mind wandering.

In order to take into account these limitations, in Chapters 4 and 6, I asked participants
to evaluate the content of their thoughts only during the period immediately preceding the
probe. At unpredictable intervals during the task, participants had to indicatewhether or not
they were focused on the task. If not, they were presumed to be mind wandering and were
asked to what extent their attention was disengaged from the current environment, to what
extent they imagined being somewhere else, and to what extent the content of their thoughts
varied. I analyzed periods of 2, 5 and 10 seconds (Chapter 6) preceding a probe and periods
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of up to approximately 30 seconds (Chapter 4) preceding a probe and found that irrespective
of the interval at question, both EEG and mouse measures were able to distinguish between
reported episodes of mind wandering and focused attention.

A question that is commonly encountered when assessing reports of mind wandering,
is when exactly did a mind wandering episode begin and how long did it last? To date, this
is a question for which we still do not have the answer. Previous studies have assumed a
wide variety of periods, ranging from 2 seconds preceding a probe up to minutes in resting
state studies. Although determining a fixed interval (e.g., 5 or 10 seconds preceding a mind
wandering report) is a commonly used approach (e.g., Braboszcz & Delorme, 2011; Krasich
et al., 2020; Yanko& Spalek, 2014), this excludes portions of episodes thatmay have initiated
prior to that interval. Therefore, it makes sense to investigate periods of varying lengths prior
to reports of mind wandering, as I did in Chapter 6.

Kane et al. (2021) propose that the gold standard for introspective studies should involve
participants being instructed (and trained) to report the contents of their thoughts whenever
they hear a signal such as a beep. Such a minimal probe reduces bias that may be inherent to
the question and minimizes interference from irrelevant thoughts. In order to minimize for-
getting and confabulation, it is of importance to request subjects to report only experiences
immediately preceding the signalKane et al. (2021). However, a problemwith such amethod
is that that individualsmay not always feel comfortable reporting the specific content of one’s
thoughts during an experiment. Moreover, there is considerable variation in the manner in
which different individuals choose to report on the content of their thoughts in terms of level
of detail, imagery, and so on. Additional codification from external observers would then be
necessary, introducing further subjectivity or bias.

7.0.2 FutureWork

Our studies have shown that behavioral and neural responses change prior to self-reported
mind wandering states. Fine motor movements demonstrably change, but the manner in
which they change depends on the task’s affordances. During a reaching task, movements
were initially slower, and generally more complex. During a continuous visuomotor track-
ing task, movements were more erratic, and less variable. With regards to the brain dynamics
investigated prior to reports ofmindwandering during a visuomotor tracking task, responses
to perceptual stimuli became attenuated and internal processing of thoughts and feelings in-
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creased, as demonstrated by both ERP signals and spectral analyses. As suggested in Chap-
ter 2, EEG signals in combination with bodily measures, including hand movements and
eye movements, are promising as input for machine learning and deep learning algorithms
in assessing states of mind wandering. Future work should aim to implement such multi-
modal detection of mind wandering in different tasks. In addition, the temporal evolution
of mind wandering states should be explored in relation to more fine-grained dynamics of
movements in combination with EEG’s high temporal resolution. More specifically, future
studies should use higher quality computer mice, which similarly to EEG, can sample move-
ments at a rate of over 1000 Hz, in order to investigate the moment to moment evolution of
movements in relation to brain signals.

In future research, rather than studying distinct neural rhythms in isolation, it is impor-
tant to investigate interactions among neural rhythms (i.e., cross-frequency coupling, phase
synchrony) during performance of visuomotor tracking tasks. Previous studies have found
increased connectivity in both low and higher frequencies between the Default Mode Ne-
towork and regions of the frontoparietal network (Dixon et al., 2018; Kirschner et al., 2012)
to be associated with mind wandering, indicating that there is an integration between mem-
ory and executive components of cognition (Kam &Handy, 2014). In the context of visuo-
motor tracking, studies should investigate how sensory-motor synchronization is disrupted
during episodes of mind wandering.

Another direction for future research would be to attempt to distinguish between mind
wandering episodes according to their content and quality from visuomotor tracking move-
ments and EEG measures. For example, are mind wandering episodes which are more free-
flowing associated withmore sporadic movements or more lethargic movements? Moreover,
would such free-flowing episodes be associated with greater measures of entropy in EEG sig-
nals? Recent research has found that both psychedelic states and meditative states, complex
mental states characterized by increased conscious awareness, are associated with greater en-
tropy (Tagliazucchi et al., 2014; Cavanna et al., 2018; Vivot et al., 2020). Therefore, it is likely
that such a content-rich and dynamicmental state as mindwandering (Christoff et al., 2016)
which involves free movement of thoughts is also characterized by such increases in entropy.

With the increasing popularity of immersive technologies, it is now pertinent for future
work to investigate the manner in which motor movements change whenever individuals
mind wander in Virtual Reality (VR) environments. User experience is notably different in
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such in environments than in traditional online environments (i.e., with a computer, mouse
or tablet), as VR arguably allows for greater immersion in the experience itself (Klesel et al.,
2020). Therefore, it is relevant to investigate attentional processes under such virtual envi-
ronments. Motor movements, however, have not yet been investigated in these settings in
relation to mind wandering; yet they can be easily tracked using either a joystick or or other
sensing technologies in a VR space.

The visuomotor tracking task presented inChapters 4 and6demonstrably inducedmind
wandering. The repetitive, guided movements performed in this task likely resulted in sub-
siding levels of arousal. Mind wandering, in turn, consequently ensued in order to combat
weaning levels of arousal. Similarly to how meditation can bring a mind back from wander-
ing, such a visuomotor task could be potentially used in order to guide a wandering mind
given particular patterns of movement.

In the context of motor rehabilitation, for instance, after a stroke, individuals have to
repeatedly perform monotonous motor tasks (Melinščak et al., 2014). As demonstrated in
Chapter 4, mind wandering can adversely affect fine motor movement control. Therefore,
being able to discriminate between episodes of mind wandering and focused attention to
the task would be useful in a rehabilitation setting. A brain-computer interface which takes
input both from EEG signals and motor movements could be developed in order to guide
individuals in their exercise regime in rehabilitation programs. Recently, initial steps have
been taken towards building a system that can reliably detectmindwandering episodes using
EEG correlates (Conrad&Newman, 2022). By applyingmachine learning classifiers trained
on labelled data to unlabelled data, Conrad&Newman (2022) demonstrate that it is feasible
to detectmindwandering episodes in a lecture settingwithout the need to rely on self-reports.
Further testing of this technique under different tasks, andwith additional behavioral, motor
and neurophysiological measures would be valuable for creating adaptive user interfaces that
could improve focus and performance.

With regards to the relationship between trait and state measure of mind wandering, fu-
ture work should assess the same individual’s self-reported mind wandering states across a
variety of tasks in order to more confidently establish whether a greater disposition to mind
wander in daily life is associated with a relatively greater tendency tomindwander across vari-
ous situations. In this way, we can ascertain that the rank order of individuals with respect to
mind wandering is consistent across contexts (Rummel et al., 2021). If so, then it would be
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valuable to also include measures of trait mind wandering in predictive models of state mind
wandering.

In the course of this dissertation, mind wandering was conceptualized as a decoupling
of attention from the external environment and an orientation towards internal thoughts
and feelings. However, in Chapter 2, I also presented the concept of mind wandering as
an exploratory off-task state as described by Mittner et al. (2016), during which attention is
dispersed in order to broadly scan both our external and internal environments. It could be
that non-instrumental behaviors associated with such exploratory mind wandering serves to
stabilize arousal and combat waning attention ormaymark the transition into the beginning
of a mind wandering episode, or a transition into a state of inattention (Farley et al., 2013;
Risko et al., 2013). Either way, this is a line of research that has not been sufficiently studied
and warrants further attention.

7.1 Conclusion

In sum, the findings presented in this thesis contribute to the field of research on mind wan-
dering, attention, and conscious processing. I demonstrated that ongoing (visuomotor) be-
havior is strongly influenced by fluctuations in different brain states, which in turn reflect a
tight link between sensory input and internal endogenous activity. I presented non-invasive
and non-obtrusivemethods ofmodelling attention towards a task from computermouse tra-
jectories and conceptually, demonstrated that perceptual decoupling is graded rather than an
on-off switch. I shed light upon the largely neglected relationship between trait and state lev-
els of mind wandering in terms of self-reported, behavioral, and EEG measures. Moreover,
I demonstrated that particular neural signals are indicative of mind wandering independent
of the task being performed. Our findings indicate that continuous motor movements in
conjunction with measures from other modalities such as EEG are a promising way forward
in detecting an attenuation in sensory and perceptual processing during mind wandering in
order to redirect attention back to the task at hand.

165



166



References

Adam, K. C., & Vogel, E. K. (2017). Confident failures: Lapses of working memory reveal a
metacognitive blind spot. Attention, Perception, and Psychophysics, 79(5), 1506–1523. doi:
10.3758/s13414-017-1331-8

Andrade, J. (2010). What does doodling do? Applied Cognitive Psychology, 24(1), 100–106.
doi: 10.1002/acp.1561

Andrews-Hanna, J. R., Reidler, J. S., Huang, C., & Buckner, R. L. (2010). Evidence for
the Default Network’s Role in Spontaneous Cognition. Journal of Neurophysiology, 104,
322–335. doi: 10.1152/jn.00830.2009

Andrews-Hanna, J. R., Smallwood, J., & Spreng, R. N. (2014). The default network and
self-generated thought: Component processes, dynamic control, and clinical relevance.
Annals of the New York Academy of Sciences, 1316(1), 29–52. doi: 10.1111/nyas.12360

Andrillon, T., Burns, A., Mackay, T., Windt, J., & Tsuchiya, N. (2021). Predicting lapses
of attention with sleep-like slow waves. Nature Communications 2021 12:1, 12(1), 1–12.
doi: 10.1038/s41467-021-23890-7

Ansorge, U., Francis, G., Herzog, M., & Öǧǧmen, H. (2007). Visual masking and the dy-
namics of human perception, cognition, and consciousness: A century of progress, a con-
temporary synthesis, and future directions. Advances in Cognitive Psychology, 3(1-2), 1–8.
doi: 10.2478/v10053-008-0009-0

Antrobus, J. S., Antrobus, J. S., & Singer, J. L. (1964). Eye movements accompanying day-
dreaming, visual imagery, and thought suppression. Journal of Abnormal and Social Psy-
chology, 69(3), 244–252. doi: 10.1037/h0041846

Arapakis, I., Lalmas, M., & Valkanas, G. (2014). Understanding Within-Content Engage-
ment through Pattern Analysis ofMouseGestures. InCikm 2014: Proceedings of the 23rd

167

https://doi.org/10.3758/s13414-017-1331-8
https://doi.org/10.1002/acp.1561
https://doi.org/10.1152/jn.00830.2009
https://doi.org/10.1111/nyas.12360
https://doi.org/10.1038/s41467-021-23890-7
https://doi.org/10.2478/v10053-008-0009-0
https://doi.org/10.1037/h0041846


acm international conference on conference on information and knowledge management
(pp. 1439–1448). Shanghai, China.. doi: 10.1145/2661829.2661909

Arapakis, I., & Leiva, L. A. (2016). Predicting user engagement with direct displays using
mouse cursor information. In Sigir 2016: Proceedings of the 39th international acm sigir
conference on research and development in information retrieval (pp. 599–608). Pisa, Italy.
doi: 10.1145/2911451.2911505

Arapakis, I.,&Leiva, L.A. (2020). LearningEfficientRepresentations ofMouseMovements
to Predict User Attention. In Sigir 2020: Proceedings of the 43rd intl. acm sigir conf. on
research and development in information retrieval (pp. 1309–1318). Virtual Event, China.
doi: 10.1145/3397271.3401031

Armstrong, K. M., & Moore, T. (2007). Rapid enhancement of visual cortical response
discriminability by microstimulation of the frontal eye field. Proceedings of the Na-
tional Academy of Sciences of the United States of America, 104(22), 9499–9504. doi:
10.1073/pnas.0701104104

Awh, E., & Vogel, E. K. (2015). Attention: Feedback focuses a wandering mind. Nature
Neuroscience, 18(3), 327–328. doi: 10.1038/nn.3962

Baddeley, A. D. (2003). Working memory: Looking back and looking forward. Nature
Reviews Neuroscience, 4(10), 829–839. doi: 10.1038/nrn1201

Baddeley, A. D., &Hitch, G. (1974). Working memory. In G. H. Bower (Ed.), Psychology of
learning and motivation - advances in research and theory (Vol. 8, pp. 47–89). Academic
Press. doi: 10.1016/S0079-7421(08)60452-1

Baird, B., Smallwood, J., Lutz, A., & Schooler, J. W. (2014). The decoupled mind: Mind-
wandering disrupts cortical phase-locking to perceptual events. Journal of Cognitive Neu-
roscience, 26(11), 2596–2607. doi: 10.1162/jocn_a_00656

Baird, B., Smallwood, J., Mrazek, M. D., Kam, J. W. Y., Franklin, M. S., & Schooler, J. W.
(2012). Inspired by distraction: Mind wandering facilitates creative incubation. Psycho-
logical Science, 23(10), 1117–1122. doi: 10.1177/0956797612446024

168

https://doi.org/10.1145/2661829.2661909
https://doi.org/10.1145/2911451.2911505
https://doi.org/10.1145/3397271.3401031
https://doi.org/10.1073/pnas.0701104104
https://doi.org/10.1038/nn.3962
https://doi.org/10.1038/nrn1201
https://doi.org/10.1016/S0079-7421(08)60452-1
https://doi.org/10.1162/jocn{_}a{_}00656
https://doi.org/10.1177/0956797612446024


Baird, B., Smallwood, J., & Schooler, J. W. (2011). Back to the future: Autobiographical
planning and the functionality of mind-wandering. Consciousness and Cognition, 20(4),
1604–1611. doi: 10.1016/j.concog.2011.08.007

Baldwin, C. L., Roberts, D. M., Barragan, D., Lee, J. D., Lerner, N., &Higgins, J. S. (2017).
Detecting andquantifyingmindwanderingduring simulateddriving. Frontiers inHuman
Neuroscience, 11. doi: 10.3389/fnhum.2017.00406

Banks, J. B., & Boals, A. (2017). Understanding the role of mind wandering in stress-
related working memory impairments. Cognition and Emotion, 31(5), 1023–1030. doi:
10.1080/02699931.2016.1179174

Barron, E., Riby, L.M., Greer, J., & Smallwood, J. (2011). Absorbed in thought: the effect of
mind wandering on the processing of relevant and irrelevant events. Psychological Science,
22(5), 596–601. doi: 10.1177/0956797611404083

Barsalou, L. W. (2008). Grounded cognition. Annual Review of Psychology, 59, 617–645.

Bastian, M., & Sackur, J. (2013). Mind wandering at the fingertips: Automatic parsing of
subjective states based on response time variability. Frontiers in Psychology, 4, 1–11. doi:
10.3389/fpsyg.2013.00573

Bates, D.,Mächler,M., Bolker, B., &Walker, S. (2015). Fitting LinearMixed-EffectsModels
Using lme4. Journal of Statistical Software, 67(1), 1–48. doi: 10.18637/jss.v067.i01

Bathurst, K., & Kee, D. W. (1994). Finger-tapping interference as produced by concurrent
verbal and nonverbal tasks: An analysis of individual differences in left-handers. Brain and
Cognition, 24(1), 123–136. doi: 10.1006/brcg.1994.1007

Benedek, M., Daxberger, D., Annerer-Walcher, S., & Smallwood, J. (2018). Are you with
me? Probing the human capacity to recognize external/internal attention in others’ faces.
Visual Cognition, 26(7), 511–517. doi: 10.1080/13506285.2018.1504845

Benedek, M., Schickel, R. J., Jauk, E., Fink, A., & Neubauer, A. C. (2014). Alpha power in-
creases in right parietal cortex reflects focused internal attention. Neuropsychologia, 56(1),
393–400. doi: 10.1016/j.neuropsychologia.2014.02.010

169

https://doi.org/10.1016/j.concog.2011.08.007
https://doi.org/10.3389/fnhum.2017.00406
https://doi.org/10.1080/02699931.2016.1179174
https://doi.org/10.1177/0956797611404083
https://doi.org/10.3389/fpsyg.2013.00573
https://doi.org/10.18637/jss.v067.i01
https://doi.org/10.1006/brcg.1994.1007
https://doi.org/10.1080/13506285.2018.1504845
https://doi.org/10.1016/j.neuropsychologia.2014.02.010


Bixler, R., Blanchard, N., Garrison, L., & D’Mello, S. (2015). Automatic detection of
mind wandering during reading using gaze and physiology. In Icmi 2015: Proceedings
of the 2015 acm international conference on multimodal interaction (pp. 299–306). doi:
10.1145/2818346.2820742

Bixler, R., & D’Mello, S. (2014). Toward Fully Automated Person-Independent Detection
of Mind Wandering. In Dimitrova V., Kuflik T., Chin D., Ricci F., Dolog P., & Houben
GJ. (Eds.), Umap 2014: International conference on user modeling, adaptation, and per-
sonalization (pp. 37–48). Lecture Notes in Computer Science. Springer, Cham. doi:
10.1007/978-3-319-08786-3_4

Bixler, R., & D’Mello, S. (2016, 3). Automatic gaze-based user-independent detection of
mind wandering during computerized reading. UserModeling and User-Adapted Interac-
tion, 26(1), 33–68. doi: 10.1007/s11257-015-9167-1

Blanchard, N., Bixler, R., Joyce, T., D’Mello, S., & Mello, S. D. . (2014). Automated
Physiological-Based Detection of Mind Wandering during Learning. In Trausan-Matu
S., K. Boyer, M. Crosby, &K. Panourgia (Eds.), Intelligent tutoring systems (Vol. 8474, pp.
55–60). Springer, Cham. doi: 10.1007/978-3-319-07221-0_7

Bosch, N. (2016). Detecting student engagement: Human versus machine. InUmap 2016:
Proceedings of the 2016 conference on user modeling adaptation and personalization (pp.
317–320). doi: 10.1145/2930238.2930371

Bosch, N., & D’Mello, S. (2019). Automatic Detection of MindWandering from Video in
theLab and in theClassroom. IEEETransactions onAffective Computing, 12(4), 974–988.
doi: 10.1109/TAFFC.2019.2908837

Boyd, L. A., & Linsdell, M. A. (2009). Excitatory repetitive transcranial magnetic stimu-
lation to left dorsal premotor cortex enhances motor consolidation of new skills. BMC
Neuroscience, 10(1), 1–9. doi: 10.1186/1471-2202-10-72

Boyd, L. A., & Winstein, C. J. (2004). Providing explicit information disrupts implicit
motor learning after basal ganglia stroke. Learning and Memory, 11(4), 388–396. doi:
10.1101/lm.80104

170

https://doi.org/10.1145/2818346.2820742
https://doi.org/10.1007/978-3-319-08786-3{_}4
https://doi.org/10.1007/s11257-015-9167-1
https://doi.org/10.1007/978-3-319-07221-0{_}7
https://doi.org/10.1145/2930238.2930371
https://doi.org/10.1109/TAFFC.2019.2908837
https://doi.org/10.1186/1471-2202-10-72
https://doi.org/10.1101/lm.80104


Braboszcz, C., Cahn, B., Levy, J., Fernandez, M., & Delorme, A. (2017). Increased Gamma
Brainwave Amplitude Compared to Control in Three Different Meditation Traditions.
PloS one, 12(1). doi: 10.1371/JOURNAL.PONE.0170647

Braboszcz, C., & Delorme, A. (2011). Lost in thoughts: Neural markers of
low alertness during mind wandering. NeuroImage, 54(4), 3040–3047. doi:
10.1016/J.NEUROIMAGE.2010.10.008

Brishtel, I., Khan, A. A., Schmidt, T., Dingler, T., Ishimaru, S., & Dengel, A. (2020). Mind
wandering in amultimodal reading setting: Behavior analysis& automatic detection using
eye-tracking and an eda sensor. Sensors, 20(9), 1–20. doi: 10.3390/s20092546

Brosowsky, N. P., DeGutis, J., Esterman, M., Smilek, D., & Seli, P. (2020). Mind Wander-
ing, Motivation, and Task Performance Over Time: Evidence That Motivation Insulates
People From theNegative Effects ofMindWandering. Psychology of Consciousness: Theory
Research, and Practice. doi: 10.1037/cns0000263

Brosowsky, N. P., Murray, S., Schooler, J. W., & Seli, P. (2021). Attention need not always
apply: Mind wandering impedes explicit but not implicit sequence learning. Cognition,
209(104530). doi: 10.1016/j.cognition.2020.104530

Buckner, R. L., & DiNicola, L. M. (2019). The brain’s default network: updated anatomy,
physiology and evolving insights. Nature Reviews Neuroscience, 20(10), 593–608. doi:
10.1038/s41583-019-0212-7

Cahn, B. R., Delorme, A., & Polich, J. (2010). Occipital gamma activation during Vipassana
meditation. Cognitive Processing, 11(1), 39–56. doi: 10.1007/s10339-009-0352-1

Cahn, B. R., Delorme, A., & Polich, J. (2013). Event-related delta, theta, alpha and gamma
correlates to auditory oddball processing during vipassana meditation. Social Cognitive
and Affective Neuroscience, 8(1), 100–111. doi: 10.1093/scan/nss060

Carriere, J. S., Seli, P., & Smilek, D. (2013). Wandering in both mind and body: Individual
differences in mind wandering and inattention predict fidgeting. Canadian Journal of
Experimental Psychology, 67(1), 19–31. doi: 10.1037/a0031438

171

https://doi.org/10.1371/JOURNAL.PONE.0170647
https://doi.org/10.1016/J.NEUROIMAGE.2010.10.008
https://doi.org/10.3390/s20092546
https://doi.org/10.1037/cns0000263
https://doi.org/10.1016/j.cognition.2020.104530
https://doi.org/10.1038/s41583-019-0212-7
https://doi.org/10.1007/s10339-009-0352-1
https://doi.org/10.1093/scan/nss060
https://doi.org/10.1037/a0031438


Cartocci, G., Maglione, A. G., Rossi, D., Modica, E., Borghini, G., Malerba, P., … Babiloni,
F. (2018). Alpha and theta EEG variations as indices of listening effort to be implemented
in neurofeedback among cochlear implant users. In In: Ham J., Spagnolli A., Blankertz
B., Gamberini L., & Jacucci G. (Eds.), International workshop on symbiotic interaction
(p. 30 -41). Symbiotic 2017. Lecture Notes in Computer Science. Springer, Cham. doi:
10.1007/978-3-319-91593-7_4

Carvalho, G. B., & Damasio, A. (2021). Interoception and the origin of feelings: A new
synthesis. BioEssays, 43(6). doi: 10.1002/bies.202000261

Cavanna, F., Vilas, M. G., Palmucci, M., & Tagliazucchi, E. (2018). Dynamic functional
connectivity and brain metastability during altered states of consciousness. NeuroImage,
180, 383–395.

Ceccarini, F., & Castiello, U. (2018, 10). The grasping side of post-error slowing. Cognition,
179, 1–13. doi: 10.1016/J.COGNITION.2018.05.026

Cetintas, S., Si, L., Xin, Y. P., &Hord, C. (2010). Automatic detection of off-task behaviors
in intelligent tutoring systems with machine learning techniques. IEEE Transactions on
Learning Technologies, 3(3), 228–236. doi: 10.1109/TLT.2009.44

Christoff, K., Irving, Z. C., Fox, K. C. R., Spreng, R. N., & Andrews-Hanna, J. R. (2016,
11). Mind-wandering as spontaneous thought: a dynamic framework. Nature Reviews
Neuroscience, 17(11), 718–731. doi: 10.1038/nrn.2016.113

Cohen, J. D., Aston-Jones, G., & Gilzenrat, M. S. (2004). A Systems-Level Perspective on
Attention and Cognitive Control: Guided Activation, Adaptive Gating, Conflict Mon-
itoring, and Exploitation versus Exploration. In Cognitive neuroscience of attention (pp.
71–90). New York: Guilford Press.

Compton, R. J., Gearinger, D., & Wild, H. (2019). The wandering mind oscillates: EEG
alpha power is enhanced during moments of mind-wandering. Cognitive, Affective and
Behavioral Neuroscience, 19(5), 1184–1191. doi: 10.3758/s13415-019-00745-9

Conrad, C.D. (2019). ANeurophysiological Study of the Impact ofMindWanderingDuring
Online Lectures (Unpublished doctoral dissertation). Dalhousie University.

172

https://doi.org/10.1007/978-3-319-91593-7{_}4
https://doi.org/10.1002/bies.202000261
https://doi.org/10.1016/J.COGNITION.2018.05.026
https://doi.org/10.1109/TLT.2009.44
https://doi.org/10.1038/nrn.2016.113
https://doi.org/10.3758/s13415-019-00745-9


Conrad, C.D., &Newman, A. J. (2022). TowardsMindWanderingAdaptiveOnline Learn-
ing and Virtual Work Experiences. In Proceedings of the 2022 neurois retreat (pp. 1–6).

Conway, A. R., Cowan, N., Bunting, M. F., Therriault, D. J., &Minkoff, S. R. (2002, 3). A
latent variable analysis of workingmemory capacity, short-termmemory capacity, process-
ing speed, and general fluid intelligence. Intelligence, 30(2), 163–183. doi: 10.1016/S0160-
2896(01)00096-4

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), 769–86.

Cowan, N., Elliott, E. M., Saults, S. J., Morey, C. C., Mattox, S., Hismjatullina, A., &
Conway, A. R. (2005). On the capacity of attention: Its estimation and its role in
working memory and cognitive aptitudes. Cognitive Psychology, 51(1), 42–100. doi:
10.1016/j.cogpsych.2004.12.001

Craik, K. J. (1947). Theory of the human operator in control systems. 1: I. The operator as
an engineering system. British Journal of Psychology, 38(2), 56–61.

Dale, R., Roche, J., Snyder, K., & McCall, R. (2008, 3). Exploring Action Dynamics
as an Index of Paired-Associate Learning. PLoS ONE, 3(3), e1728. doi: 10.1371/jour-
nal.pone.0001728

Danckert, J., Hammerschmidt, T., Marty-Dugas, J., & Smilek, D. (2018, 5). Boredom:
Under-aroused and restless. Consciousness and Cognition, 61, 24–37.

Dehaene, S. (2010). Conscious and nonconscious processes: Distinct forms of evidence
accumulation? In Biological physics (Vol. 60, pp. 141–168). doi: 10.1007/978-3-0346-
0428-4_7

Dehaene, S., & Changeux, J. P. (2011). Experimental and Theoretical Approaches to Con-
scious Processing. Neuron, 70(2), 200–227. doi: 10.1016/j.neuron.2011.03.018

Delorme, A., &Makeig, S. (2004). EEGLAB: An open source toolbox for analysis of single-
trial EEG dynamics including independent component analysis. Journal of Neuroscience
Methods, 134(1), 9–21. doi: 10.1016/j.jneumeth.2003.10.009

173

https://doi.org/10.1016/S0160-2896(01)00096-4
https://doi.org/10.1016/S0160-2896(01)00096-4
https://doi.org/10.1016/j.cogpsych.2004.12.001
https://doi.org/10.1371/journal.pone.0001728
https://doi.org/10.1371/journal.pone.0001728
https://doi.org/10.1007/978-3-0346-0428-4{_}7
https://doi.org/10.1007/978-3-0346-0428-4{_}7
https://doi.org/10.1016/j.neuron.2011.03.018
https://doi.org/10.1016/j.jneumeth.2003.10.009


Delorme,A., Sejnowski, T.,&Makeig, S. (2007). Enhanceddetectionof artifacts inEEGdata
using higher-order statistics and independent component analysis. NeuroImage, 34(4),
1443–1449. doi: 10.1016/j.neuroimage.2006.11.004

Deng, X., Yang, M., & An, S. (2021, 1). Differences in frontal EEG asymmetry during
emotion regulation between high and lowmindfulness adolescents. Biological Psychology,
158, 107990. doi: 10.1016/J.BIOPSYCHO.2020.107990

Dhindsa, K., Acai, A., Wagner, N., Bosynak, D., Kelly, S., Bhandari, M., … Sonnadara, R. R.
(2019). Individualized pattern recognition for detecting mind wandering from EEG dur-
ing live lectures. PLoS ONE, 14(9), 1–30. doi: 10.1371/journal.pone.0222276

Dias da Silva, M. R., Branco, D., Faber, M., & Postma, M. (2022). Mind and body: The
manifestation of mind wandering in bodily behaviors. In N. Dario & L. Tateo (Eds.),
New perspectives on mind wandering. Springer.

Dias da Silva, M. R., Gonçalves, O. F., Branco, D., & Postma, M. (2022). Re-
visiting consciousness: Distinguishing between states of conscious focused attention
and mind wandering with EEG. Consciousness and Cognition, 101, 1–18. doi:
10.1016/j.concog.2022.103332

Dias da Silva, M. R., Gonçalves, Ó. F., & Postma, M. (2020). Assessing the relationship
between trait and state levels of mind wandering during a tracing task. In S. Denison,
M. Mack, Y. Xu, & B. C. Armstrong (Eds.), Annual meeting of the cognitive science society
2020: Developing a mind: Learning in humans, animals, and machines (pp. 3289–3294).
Toronto, Canada: Cognitive Science Society.

Dias da Silva, M. R., & Postma, M. (2020). Wandering minds, wandering mice: Computer
mouse tracking as a method to detect mind wandering. Computers in Human Behavior,
112, 1–12. doi: 10.1016/j.chb.2020.106453

Dias da Silva, M. R., & Postma, M. (2021). Straying Off Course: The Negative Impact of
MindWandering on FineMotorMovements. Journal ofMotor Behavior, 54(2), 186–202.
doi: 10.1080/00222895.2021.1937032

174

https://doi.org/10.1016/j.neuroimage.2006.11.004
https://doi.org/10.1016/J.BIOPSYCHO.2020.107990
https://doi.org/10.1371/journal.pone.0222276
https://doi.org/10.1016/j.concog.2022.103332
https://doi.org/10.1016/j.chb.2020.106453
https://doi.org/10.1080/00222895.2021.1937032


Dias da Silva, M. R., Postma, M., & Faber, M. (2022). Windows to the mind: Neurophys-
iological indicators of mind wandering across tasks. In N. Dario & L. Tateo (Eds.), New
perspectives on mind wandering. Springer.

Dias da Silva,M. R., Rusz, D., & Postma-Nilsenová,M. (2018). Ruminativeminds, wander-
ing minds: Effects of rumination andmind wandering on lexical associations, pitch imita-
tion and eye behaviour. PLoS ONE, 13(11), 1–20. doi: 10.1371/journal.pone.0207578

Dimigen, O. (2020). Optimizing the ICA-based removal of ocular EEG artifacts from free
viewing experiments. NeuroImage, 207, 1–17. doi: 10.1016/j.neuroimage.2019.116117

Dixon, M. L., De La Vega, A., Mills, C., Andrews-Hanna, J., Spreng, R. N., Cole, M. W.,
& Christoff, K. (2018). Heterogeneity within the frontoparietal control network and
its relationship to the default and dorsal attention networks. Proceedings of the Na-
tional Academy of Sciences of the United States of America, 115(7), 1598–1607. doi:
10.1073/pnas.1715766115

D’Mello, S., Cobian, J., & Hunter, M. (2013). Automatic Gaze-Based Detection
of Mind Wandering during Reading. In Educational data mining (pp. 1–2). doi:
10.3758/mc.36.6.1144

D’Mello, S., Kopp, K., Bixler, R., & Bosch, N. (2016). Attending to attention: De-
tecting and combating Mind wandering during computerized reading. In Confer-
ence on human factors in computing systems - proceedings (Vol. 07-12-May-2016). doi:
10.1145/2851581.2892329

Dong, H. W., Mills, C., Knight, R. T., & Kam, J. W. Y. (2021, 5). Detection of mind
wandering using EEG: Within and across individuals. PLOS ONE, 16(5), 1–18. doi:
10.1371/JOURNAL.PONE.0251490

Duran,N.D., Dale, R., &McNamara, D. S. (2010). The action dynamics of overcoming the
truth. Psychonomic Bulletin and Review, 17(4), 486–491. doi: 10.3758/PBR.17.4.486

Eid, M., & Diener, E. (2004). Global judgments of subjective well-being: Situa-
tional variability and long-term stability. Social Indicators Research, 65(3). doi:
10.1023/B:SOCI.0000003801.89195.bc

175

https://doi.org/10.1371/journal.pone.0207578
https://doi.org/10.1016/j.neuroimage.2019.116117
https://doi.org/10.1073/pnas.1715766115
https://doi.org/10.3758/mc.36.6.1144
https://doi.org/10.1145/2851581.2892329
https://doi.org/10.1371/JOURNAL.PONE.0251490
https://doi.org/10.3758/PBR.17.4.486
https://doi.org/10.1023/B:SOCI.0000003801.89195.bc


Ellamil,M., Fox, K.C.,Dixon,M.L., Pritchard, S., Todd,R.M., Thompson, E.,&Christoff,
K. (2016, 8). Dynamics of neural recruitment surrounding the spontaneous arising of
thoughts in experienced mindfulness practitioners. NeuroImage, 136, 186–196. doi:
10.1016/j.neuroimage.2016.04.034

Elpidorou, A. (2018). The boredmind is a guidingmind: toward a regulatory theory of bore-
dom. Phenomenology and the Cognitive Sciences, 17(3), 455–484. doi: 10.1007/s11097-
017-9515-1

Endler, N. S., & Kocovski, N. L. (2001). State and trait anxiety revisited (Vol. 15) (No. 3).
doi: 10.1016/S0887-6185(01)00060-3

Engle, R. W., Laughlin, J. E., Tuholski, S. W., & Conway, A. R. (1999). Working memory,
short-term memory, and general fluid intelligence: A latent-variable approach. Journal of
Experimental Psychology: General, 128(3), 309–331. doi: 10.1037/0096-3445.128.3.309

Eysenck, M. (1982). Attention and arousal: Cognition and performance. (1st ed.). Berlin:
Springer Science & Business Media.

Faber, M. (2020). Mind wandering as data augmentation: How mental travel supports
abstraction. Behavioral and Brain Sciences, 43. doi: 10.1017/S0140525X1900311X

Faber, M., Bixler, R., & D’Mello, S. K. (2017). An automated behavioral measure of mind
wandering during computerized reading. Behavior Research Methods, 50, 134–150. doi:
10.3758/s13428-017-0857-y

Faber,M.,Krasich,K., Bixler,R., Brockmole, J.,&D’Mello, S. (2020). The eye-mindwander-
ing link: identifying gaze indices of mind wandering across tasks. Journal of Experimental
Psychology: Human Perception and Performance, 46(10), 1201–1221.

Faber, M., Radvansky, G. A., & D’Mello, S. (2018). Driven to distraction: A lack
of change gives rise to mind wandering. Cognition. 2018, 173, 133–137. doi:
10.1016/j.cognition.2018.01.007

Farley, J., Risko, E. F., & Kingstone, A. (2013). Everyday attention and lecture retention:
The effects of time, fidgeting, and mind wandering. Frontiers in Psychology, 4, 1–9. doi:
10.3389/fpsyg.2013.00619

176

https://doi.org/10.1016/j.neuroimage.2016.04.034
https://doi.org/10.1007/s11097-017-9515-1
https://doi.org/10.1007/s11097-017-9515-1
https://doi.org/10.1016/S0887-6185(01)00060-3
https://doi.org/10.1037/0096-3445.128.3.309
https://doi.org/10.1017/S0140525X1900311X
https://doi.org/10.3758/s13428-017-0857-y
https://doi.org/10.1016/j.cognition.2018.01.007
https://doi.org/10.3389/fpsyg.2013.00619


Fitts, P. M. (1954). The information capacity of the human motor system in controlling
the amplitude of movement. Journal of Experimental Psychology, 47(6), 381–391. doi:
10.1037/h0055392

Forster, S., & Lavie, N. (2014). Distracted by your mind? Individual differences in dis-
tractibility predict mind wandering. Journal of Experimental Psychology: LearningMem-
ory and Cognition, 40(1), 251–260. doi: 10.1037/a0034108

Foulsham, T., Farley, J., & Kingstone, A. (2013). Mind wandering in sentence reading:
Decoupling the link betweenmind and eye. Canadian Journal of Experimental Psychology,
67(1), 51–59. doi: 10.1037/a0030217

Fox, K. C., Spreng, R. N., Ellamil, M., Andrews-Hanna, J. R., & Christoff, K.
(2015). The wandering brain: Meta-analysis of functional neuroimaging stud-
ies of mind-wandering and related spontaneous thought processes (Vol. 111). doi:
10.1016/j.neuroimage.2015.02.039

Frank, D. J., Nara, B., Zavagnin, M., Touron, D. R., & Kane Frank, M. J. (2015). Validating
older adults’ reports of less mind-wandering: An examination of eye movements and dis-
positional influences. Psychology and Aging, 30(2), 266–278. doi: 10.1037/pag0000031

Franklin, M. S., Broadway, J. M., Mrazek, M. D., Smallwood, J., & Schooler, J. W.
(2013). Window to the wandering mind: Pupillometry of spontaneous thought while
reading. Quarterly Journal of Experimental Psychology, 66(12), 2289–2294. doi:
10.1080/17470218.2013.858170

Franklin, M. S., Mooneyham, B. W., Baird, B., & Schooler, J. W. (2014, 2). Thinking one
thing, saying another: The behavioral correlates of mind-wandering while reading aloud.
Psychonomic Bulletin & Review, 21(1), 205–210. doi: 10.3758/s13423-013-0468-2

Freeman, J. B., Dale, R., & Farmer, T. A. (2011). Hand in motion reveals mind in motion.
Frontiers in Psychology, 2, 1–6. doi: 10.3389/fpsyg.2011.00059

Fuster, J. M. (2002). Physiology of Executive Functions: The Perception-Action
Cycle. In Principles of frontal lobe function. Oxford University Press. doi:
10.1093/ACPROF:OSO/9780195134971.003.0006

177

https://doi.org/10.1037/h0055392
https://doi.org/10.1037/a0034108
https://doi.org/10.1037/a0030217
https://doi.org/10.1016/j.neuroimage.2015.02.039
https://doi.org/10.1037/pag0000031
https://doi.org/10.1080/17470218.2013.858170
https://doi.org/10.3758/s13423-013-0468-2
https://doi.org/10.3389/fpsyg.2011.00059
https://doi.org/10.1093/ACPROF:OSO/9780195134971.003.0006


Fuster, J. M. (2004). Upper processing stages of the perception-action cycle. Trends in
Cognitive Sciences, 8(4), 143–145. doi: 10.1016/j.tics.2004.02.004

Gearin, B., Fien, H., & Nelson, N. J. (2018, 6). Mind wandering: A potentially generative
idea for understanding the socioeconomic status academic achievement gap. Translational
Issues in Psychological Science, 4(2), 138–152. doi: 10.1037/tps0000156

Godwin, C. A., Hunter,M.A., Bezdek,M.A., Lieberman, G., Elkin-Frankston, S., Romero,
V. L., … Schumacher, E. H. (2017, 8). Functional connectivity within and between intrin-
sic brain networks correlates with trait mind wandering. Neuropsychologia, 103, 140–153.
doi: 10.1016/j.neuropsychologia.2017.07.006

Gola,M.,Magnuski,M., Szumska, I., &Wróbel, A. (2013). EEGbeta band activity is related
to attention and attentional deficits in the visual performance of elderly subjects. Interna-
tional Journal of Psychophysiology, 89(3), 334–341. doi: 10.1016/j.ijpsycho.2013.05.007

Gonçalves, O., & Dias da Silva, M. R. (2022). The time has come to be mindwander-
ful: Mind wandering and the intuitive psychology mode. In P. Boggio, T. Wingenbach,
M. L. S. Coelho, W. E. Comfort, L. Marques, &M. Alves (Eds.), Social and affective neu-
roscience of everyday human interaction: from theory to methodology. Springer.

Gonçalves, O., Dias da Silva, M. R., Carvalho, S., Coelho, P., Lema, A., Mendes, A. J., …
Leite, J. (2020). Mind Wandering: Tracking Perceptual Decoupling, Mental Impro-
visation, and Mental Navigation. Psychology and Neuroscience, 13(4), 493–502. doi:
10.1037/pne0000237

Graham, E. D., &MacKenzie, C. L. (1996). Physical versus virtual pointing. In Sigchi 1996:
Proceedings of the sigchi conference on human factors in computing systems common ground
- chi ’96 (pp. 292–299). doi: 10.1145/238386.238532

Grandchamp, R., Braboszcz, C., & Delorme, A. (2014). Oculometric variations during
mind wandering. Frontiers in Psychology, 5, 1–10. doi: 10.3389/fpsyg.2014.00031

Granholm, E., Asarnow,R. F., Sarkin, A. J.,&Dykes, K. L. (1996). Pupillary responses index
cognitive resource limitations. Psychophysiology, 33(4), 457–461. doi: 10.1111/j.1469-
8986.1996.tb01071.x

178

https://doi.org/10.1016/j.tics.2004.02.004
https://doi.org/10.1037/tps0000156
https://doi.org/10.1016/j.neuropsychologia.2017.07.006
https://doi.org/10.1016/j.ijpsycho.2013.05.007
https://doi.org/10.1037/pne0000237
https://doi.org/10.1145/238386.238532
https://doi.org/10.3389/fpsyg.2014.00031
https://doi.org/10.1111/j.1469-8986.1996.tb01071.x
https://doi.org/10.1111/j.1469-8986.1996.tb01071.x


Grier, R. A., Warm, J. S., Dember, W. N., Matthews, G., Galinsky, T. L., Szalma,
J. L., & Parasuraman, R. (2003). The Vigilance Decrement Reflects Limitations
in Effortful Attention, Not Mindlessness. Human Factors, 45(3), 349–359. doi:
10.1518/hfes.45.3.349.27253

Grimes, G. M., Jenkins, J. L., & Valacich, J. S. (2013). Exploring the Effect of Arousal
and Valence onMouse Interaction. In Icis 2013: International conference on information
systems (pp. 1–15). Milan.

Grimes, G.M.,&Valacich, J. S. (2015). MindOverMouse: The Effect ofCognitive Load on
Mouse BehaviorMindOverMouse. In Icis 2015: International conference on information
systems (pp. 1–13). Fort Worth.

Groot, J. M., Boayue, N. M., Csifcsák, G., Boekel, W., Huster, R., Forstmann, B. U.,
& Mittner, M. (2021). Probing the neural signature of mind wandering with
simultaneous fMRI-EEG and pupillometry. NeuroImage, 224, 117412. doi:
10.1016/J.NEUROIMAGE.2020.117412

Hayes, T. R., & Petrov, A. A. (2016). Mapping and correcting the influence of gaze po-
sition on pupil size measurements. Behavior Research Methods, 48(2), 510–527. doi:
10.3758/s13428-015-0588-x

He, J., Becic, E., Lee, Y.-C., &McCarley, J. S. (2011, 2). Mind wandering behind the wheel:
Performance and oculomotor correlates. Human Factors: The Journal of the Human Fac-
tors and Ergonomics Society, 53(1), 13–21. doi: 10.1177/0018720810391530

Hehman, E., Stolier, R. M., & Freeman, J. B. (2015). Advanced mouse-tracking analytic
techniques for enhancing psychological science. Group Processes & Intergroup Relations,
18(3), 384–401. doi: 10.1177/1368430214538325

Henríquez, R. A., Chica, A. B., Billeke, P., & Bartolomeo, P. (2016). Fluctuating minds:
Spontaneous psychophysical variability during mind-wandering. PLoS ONE, 11(2), 1–
10. doi: 10.1371/journal.pone.0147174

Hermens, F. (2018, 1). When do arrows start to compete? A developmental mouse-tracking
study. Acta Psychologica, 182, 177–188. doi: 10.1016/j.actpsy.2017.11.015

179

https://doi.org/10.1518/hfes.45.3.349.27253
https://doi.org/10.1016/J.NEUROIMAGE.2020.117412
https://doi.org/10.3758/s13428-015-0588-x
https://doi.org/10.1177/0018720810391530
https://doi.org/10.1177/1368430214538325
https://doi.org/10.1371/journal.pone.0147174
https://doi.org/10.1016/j.actpsy.2017.11.015


Hertzog, C., &Nesselroade, J. R. (1987). Beyond autoregressive models: some implications
of the trait-state distinction for the structural modeling of developmental change. Child
Development, 58(1), 93–109. doi: 10.1111/j.1467-8624.1987.tb03493.x

Hick, W. E. (1952). On the rate of gain of information. Quarterly Journal of Experimental
Psychology, 4(1), 11–26. doi: 10.1080/17470215208416600

Hillyard, S. A., Vogel, E. K., & Luck, S. J. (1998). Sensory gain control (amplification) as a
mechanism of selective attention: Electrophysiological and neuroimaging evidence. Philo-
sophical Transactions of theRoyal Society B: Biological Sciences, 353(1373), 1257–1270. doi:
10.1098/rstb.1998.0281

Hocherman, S., Moont, R., & Schwartz, M. (2004). Recruitment of attentional resources
during visuomotor tracking: Effects of Parkinson’s disease and age. Cognitive Brain Re-
search, 21(1), 77–86. doi: 10.1016/j.cogbrainres.2004.05.008

Hosseini, S.,&Guo,X. (2019). Deep convolutional neural network for automated detection
of mind wandering using EEG signals. In Acm-bcb 2019 - proceedings of the 10th acm
international conference on bioinformatics, computational biology and health informatics
(pp. 314–319). doi: 10.1145/3307339.3342176

Huijser, S. ., Taatgen, N. ., & Van Vugt, M. (2017). Distracted in a Demanding Task: A
Classification Study with Artificial Neural Networks. In B. Verheij & M. Wiering (Eds.),
Proceedings of bnaic 2017 (pp. 199–212). Groningen.

Hunkin, H., King, D. L., & Zajac, I. T. (2021). Evaluating the feasibility of a consumer-
grade wearable EEG headband to aid assessment of state and trait mindfulness. Journal of
Clinical Psychology, 77(11), 2559–2575. doi: 10.1002/JCLP.23189

Hutt, S., Hardey, J., Bixler, R., Stewart, A., Risko, E., & D’Mello, S. K. (2017). Gaze-based
detection of mind wandering during lecture viewing. In Edm 2017: Proceedings of the
10th international conference on educational data mining (pp. 226–231).

Hutt, S., Mills, C., White, S., Donnelly, P. J., & D ’Mello, S. K. (2016). The Eyes Have It:
Gaze-based Detection of Mind Wandering during Learning with an Intelligent Tutoring

180

https://doi.org/10.1111/j.1467-8624.1987.tb03493.x
https://doi.org/10.1080/17470215208416600
https://doi.org/10.1098/rstb.1998.0281
https://doi.org/10.1016/j.cogbrainres.2004.05.008
https://doi.org/10.1145/3307339.3342176
https://doi.org/10.1002/JCLP.23189


System. In Edm 2016: Proceedings of the 9th international conference on educational data
mining. international educational data mining society. (pp. 86–93).

Jensen, O., Kaiser, J., & Lachaux, J. P. (2007). Human gamma-frequency oscillations
associated with attention and memory. Trends in Neurosciences, 30(7), 317–324. doi:
10.1016/j.tins.2007.05.001

Jepma, M., & Nieuwenhuis, S. (2011). Pupil diameter predicts changes in the exploration-
exploitation trade-off: Evidence for the adaptive gain theory. Journal of Cognitive Neuro-
science, 23(7), 1587–1596. doi: 10.1162/jocn.2010.21548

Jeunet, C., Debener, S., Lotte, F., Mattout, J., Scherer, R., & Zich, C. (2019). Mind the
Traps! Design Guidelines for Rigorous BCI Experiments. In Brain–computer interfaces
handbook (1st ed., pp. 613–634). Boca Raton, Florida: CRCPress, Taylor & Francis. doi:
10.1201/9781351231954-32

Jin, C. Y., Borst, J. P., & van Vugt, M. K. (2019, 3). Predicting task-general mind-wandering
with EEG. Cognitive, Affective and Behavioral Neuroscience, 19(4), 1059–1073. doi:
10.3758/s13415-019-00707-1

Jin, C. Y., Borst, J. P., & van Vugt, M. K. (2020). Distinguishing vigilance decrement and
low task demands frommind-wandering: Amachine learning analysis of EEG. European
Journal of Neuroscience, 52(9), 4147–4164. doi: 10.1111/ejn.14863

Johnson, D. P., & Whisman, M. A. (2013, 8). Gender differences in rumination:
A meta-analysis. Personality and Individual Differences, 55(4), 367–374. doi:
10.1016/j.paid.2013.03.019

Just, M. A., & Carpenter, P. A. (1976). The role of eye-fixation research in cogni-
tive psychology. Behavior Research Methods & Instrumentation, 8(2), 139–143. doi:
10.3758/BF03201761

Kahneman, D. (1973). Attention and Effort. Upper Saddle River, NJ: Prentice Hall. doi:
10.2307/1421603

181

https://doi.org/10.1016/j.tins.2007.05.001
https://doi.org/10.1162/jocn.2010.21548
https://doi.org/10.1201/9781351231954-32
https://doi.org/10.3758/s13415-019-00707-1
https://doi.org/10.1111/ejn.14863
https://doi.org/10.1016/j.paid.2013.03.019
https://doi.org/10.3758/BF03201761
https://doi.org/10.2307/1421603


Kaiser, M. L., Schoemaker, M. M., Albaret, J. M., & Geuze, R. H. (2015). What is the ev-
idence of impaired motor skills and motor control among children with attention deficit
hyperactivity disorder (ADHD)? Systematic review of the literature. Research in Develop-
mental Disabilities, 36, 338–357. doi: 10.1016/j.ridd.2014.09.023

Kal, E. C., Van Der Kamp, J., & Houdijk, H. (2013). External attentional focus enhances
movement automatization: A comprehensive test of the constrained action hypothesis.
HumanMovement Science, 32(4), 527–539. doi: 10.1016/j.humov.2013.04.001

Kam, J. W. Y., Dao, E., Blinn, P., Krigolson, O. E., Boyd, L. A., & Handy, T. C. (2012).
Mind wandering and motor control: Off-task thinking disrupts the online adjustment of
behavior. Frontiers in Human Neuroscience, 6, 1–9. doi: 10.3389/fnhum.2012.00329

Kam, J. W. Y., Dao, E., Farley, J., Fitzpatrick, K., Smallwood, J., Schooler, J. W., & Handy,
T. C. (2011). Slow fluctuations in attentional control of sensory cortex. Journal of Cogni-
tive Neuroscience, 23(2), 460–470. doi: 10.1162/jocn.2010.21443

Kam, J. W. Y., &Handy, T. C. (2013, 10). The neurocognitive consequences of the wander-
ing mind: a mechanistic account of sensory-motor decoupling. Frontiers in Psychology, 4,
1–13. doi: 10.3389/fpsyg.2013.00725

Kam, J. W. Y., & Handy, T. C. (2014). Differential recruitment of executive re-
sources during mind wandering. Consciousness and Cognition, 26(1), 51–63. doi:
10.1016/j.concog.2014.03.002

Kam, J. W. Y., Lin, J. J., Solbakk, A. K., Endestad, T., Larsson, P. G., & Knight, R. T. (2019).
Default network and frontoparietal control network theta connectivity supports internal
attention.NatureHumanBehaviour, 3(12), 1263–1270. doi: 10.1038/s41562-019-0717-
0

Kam, J. W. Y., Nagamatsu, L. S., & Handy, T. C. (2014). Visual asymmetry revisited: Mind
wandering preferentially disrupts processing in the left visual field. Brain and Cognition,
92, 32–38. doi: 10.1016/j.bandc.2014.10.002

182

https://doi.org/10.1016/j.ridd.2014.09.023
https://doi.org/10.1016/j.humov.2013.04.001
https://doi.org/10.3389/fnhum.2012.00329
https://doi.org/10.1162/jocn.2010.21443
https://doi.org/10.3389/fpsyg.2013.00725
https://doi.org/10.1016/j.concog.2014.03.002
https://doi.org/10.1038/s41562-019-0717-0
https://doi.org/10.1038/s41562-019-0717-0
https://doi.org/10.1016/j.bandc.2014.10.002


Kane, M. J., Brown, L. H., McVay, J. C., Silvia, P. J., Myin-Germeys, I., & Kwapil, T. R.
(2007). For whom the mind wanders, and when: An experience-sampling study of work-
ing memory and executive control in daily life. Psychological Science, 18(7), 614–621. doi:
10.1111/j.1467-9280.2007.01948.x

Kane, M. J., Smeekens, B. A., Meier, M. E., Welhaf, M. S., & Phillips, N. E. (2021). Testing
the construct validity of competing measurement approaches to probed mind-wandering
reports. Behavior ResearchMethods, 53(6), 2372–2411. doi: 10.3758/s13428-021-01557-
x

Kawagoe, T., Onoda, K., & Yamaguchi, S. (2020). The association of motivation with
mind wandering in trait and state levels. PLoS ONE, 15, 1–9. doi: 10.1371/jour-
nal.pone.0237461

Khalaj, N., & Amri, S. (2014). Mastery of gross motor skills in preschool and early elemen-
tary school obese children. Early Child Development and Care, 184(5), 795–802. doi:
10.1080/03004430.2013.820724

Kieslich, P. J., & Henninger, F. (2017, 10). Mousetrap: An integrated, open-source mouse-
tracking package. Behavior Research Methods, 49(5), 1652–1667. doi: 10.3758/s13428-
017-0900-z

Kieslich, P. J., Henninger, F., Wulff, D. U., Haslbeck, J. M. B., & Schulte-Mecklenbeck,
M. (2019). Mouse-tracking: A practical guide to implementation and analysis. In
. J. G. J. M. Schulte-Mecklenbeck A. Kühberger (Ed.),A handbook of process tracing meth-
ods. (pp. 111–130). New York, NY.: Routledge.

Killingsworth, M. A., & Gilbert, D. T. (2010). A wandering mind is an unhappy mind.
Science, 330(6006), 932. doi: 10.1126/science.1192439

Kirschner, A., Kam, J. W. Y., Handy, T. C., & Ward, L. M. (2012). Differential synchro-
nization in default and task-specific networks of the human brain. Frontiers in Human
Neuroscience, 6, 1–10. doi: 10.3389/fnhum.2012.00139

183

https://doi.org/10.1111/j.1467-9280.2007.01948.x
https://doi.org/10.3758/s13428-021-01557-x
https://doi.org/10.3758/s13428-021-01557-x
https://doi.org/10.1371/journal.pone.0237461
https://doi.org/10.1371/journal.pone.0237461
https://doi.org/10.1080/03004430.2013.820724
https://doi.org/10.3758/s13428-017-0900-z
https://doi.org/10.3758/s13428-017-0900-z
https://doi.org/10.1126/science.1192439
https://doi.org/10.3389/fnhum.2012.00139


Klesel, M., Schlechtinger, M., Oschinsky, F. M., Conrad, C. D., & Niehaves, B. (2020). De-
tecting mind wandering episodes in virtual realities using eye tracking. InNeurois retreat
(pp. 163–171). Springer, CHam.

Klimesch, W. (1999). EEG alpha and theta oscillations reflect cognitive and memory
performance: A review and analysis. Brain Research Reviews, 29(2-3), 169–195. doi:
10.1016/S0165-0173(98)00056-3

Klimesch, W. (2012, 12). Alpha-band oscillations, attention, and controlled ac-
cess to stored information. Trends in Cognitive Sciences, 16(12), 606–617. doi:
10.1016/j.tics.2012.10.007

Klinger, E. (2013). Goal commitments and the content of thoughts and dreams: Basic
principles. Frontiers in Psychology, 4, 1–17. doi: 10.3389/fpsyg.2013.00415

Kluger, A., Gianutsos, J.G., Golomb, J., Ferris, S.H., George, A. E., Franssen, E.,&Reisberg,
B. (1997). Patterns of motor impairment in normal aging, mild cognitive decline, and
earlyAlzheimer’s disease. Journals of Gerontology - Series B Psychological Sciences and Social
Sciences, 52(1), 28–39. doi: 10.1093/geronb/52B.1.P28

Knudsen, E. I. (2007, 7). Fundamental Components of Attention. Annual Review of Neu-
roscience, 30(1), 57–78. doi: 10.1146/annurev.neuro.30.051606.094256

Koch, C., Massimini, M., Boly, M., & Tononi, G. (2016). Neural correlates of con-
sciousness: Progress and problems. Nature Reviews Neuroscience, 17(5), 307–321. doi:
10.1038/nrn.2016.22

Konishi, M., Brown, K., Battaglini, L., & Smallwood, J. (2017). When attention wanders:
Pupillometric signatures of fluctuations in external attention. Cognition, 168, 16–26. doi:
10.1016/j.cognition.2017.06.006

Konishi, M., & Smallwood, J. (2016). Shadowing the wandering mind: how understanding
the mind-wandering state can inform our appreciation of conscious experience. Wiley
interdisciplinary reviews. Cognitive science, 7(4). doi: 10.1002/wcs.1392

184

https://doi.org/10.1016/S0165-0173(98)00056-3
https://doi.org/10.1016/j.tics.2012.10.007
https://doi.org/10.3389/fpsyg.2013.00415
https://doi.org/10.1093/geronb/52B.1.P28
https://doi.org/10.1146/annurev.neuro.30.051606.094256
https://doi.org/10.1038/nrn.2016.22
https://doi.org/10.1016/j.cognition.2017.06.006
https://doi.org/10.1002/wcs.1392


Konu, D., Mckeown, B., Turnbull, A., Siu Ping Ho, N., Karapanagiotidis, T., Vanderwal,
T., … Smallwood, J. (2021, 8). Exploring patterns of ongoing thought under naturalistic
and conventional task-based conditions. Consciousness and Cognition, 93, 103139. doi:
10.1016/J.CONCOG.2021.103139

Kouider, S., &Dehaene, S. (2007). Levels of processing during non-conscious perception: A
critical reviewof visualmasking. PhilosophicalTransactions of theRoyal SocietyB:Biological
Sciences, 362(1481), 857–875. doi: 10.1098/rstb.2007.2093

Krasich, K., Huffman, G., Faber, M., & Brockmole, J. R. (2020). Where the eyes wan-
der: The relationship between mind wandering and fixation allocation to visually salient
and semantically informative static scene content. Journal of Vision, 20(9), 1–30. doi:
10.1167/JOV.20.9.10

Krasich, K., McManus, R., Hutt, S., Faber, M., D’Mello, S., & Brockmole, J. R. (2018).
Gaze-based signatures of mind wandering during real-world scene processing. Journal of
Experimental Psychology: General, 147(8), 1111–1124. doi: 10.1037/xge0000411

Krawietz, S. A., Tamplin, A.K.,&Radvansky, G.A. (2012). Aging andmindwandering dur-
ing text comprehension. Psychology and Aging, 27(4), 951–958. doi: 10.1037/a0028831

Kucyi, A., & Davis, K. D. (2014). Dynamic functional connectivity of the de-
fault mode network tracks daydreaming. NeuroImage, 100, 471–480. doi:
10.1016/j.neuroimage.2014.06.044

Kuhn, M. (2008). Building Predictive Models in R Using the caret Package. Journal of
Statistical Software, Articles, 28(5), 1–26. doi: 10.18637/jss.v028.i05

Laufs, H., Holt, J. L., Elfont, R., Krams, M., Paul, J. S., Krakow, K., & Kleinschmidt, A.
(2006). Where the BOLD signal goes when alpha EEG leaves. NeuroImage, 31(4), 1408–
1418. doi: 10.1016/j.neuroimage.2006.02.002

Lee, N. K., Kwon, Y. H., Son, S. M., Nam, S. H., & Kim, J. S. (2013). The effects of aging
on visuomotor coordination and proprioceptive function in the upper limb. Journal of
Physical Therapy Science, 25(5), 627–629. doi: 10.1589/jpts.25.627

185

https://doi.org/10.1016/J.CONCOG.2021.103139
https://doi.org/10.1098/rstb.2007.2093
https://doi.org/10.1167/JOV.20.9.10
https://doi.org/10.1037/xge0000411
https://doi.org/10.1037/a0028831
https://doi.org/10.1016/j.neuroimage.2014.06.044
https://doi.org/10.18637/jss.v028.i05
https://doi.org/10.1016/j.neuroimage.2006.02.002
https://doi.org/10.1589/jpts.25.627


Lenartowicz, A., Simpson, G. V., &Cohen,M. S. (2013). Perspective: causes and functional
significance of temporal variations in attention control. Frontiers in HumanNeuroscience,
7, 381. doi: 10.3389/fnhum.2013.00381

Lin, C. T., Chuang, C. H., Kerick, S., Mullen, T., Jung, T. P., Ko, L. W., … McDowell,
K. (2016). Mind-Wandering Tends to Occur under Low Perceptual Demands during
Driving. Scientific Reports, 6(1), 1–11. doi: 10.1038/srep21353

Lins, J., & Schöner, G. (2019, 10). Computer mouse tracking reveals motor signatures in
a cognitive task of spatial language grounding. Attention, Perception, and Psychophysics,
81(7), 2424–2460. doi: 10.3758/s13414-019-01847-9

Lo, B. C. Y., Lau, S., Cheung, S.-h., & Allen, N. B. (2011, 2). The impact of rumi-
nation on internal attention switching. Cognition and Emotion, 26(2), 209–223. doi:
10.1080/02699931.2011.574997

Loboda, T. D. (2014). Study and detection of mindless reading (Unpublished doctoral dis-
sertation). University of Pittsburgh.

Lohse, K. R., Jones, M., Healy, A. F., & Sherwood, D. E. (2014). The role of attention
in motor control. Journal of Experimental Psychology: General, 143(2), 930–948. doi:
10.1037/a0032817

Lopez-Calderon, J., & Luck, S. J. (2014). ERPLAB:An open-source toolbox for the analysis
of event-related potentials. Frontiers in Human Neuroscience, 8, 1–14. doi: 10.3389/fn-
hum.2014.00213

Loschky, L. C., Larson, A. M., Magliano, J. P., & Smith, T. J. (2015). What would jaws
do? The tyranny of film and the relationship between gaze and higher-level narrative film
comprehension. PLoS ONE, 10(11), 1–23. doi: 10.1371/journal.pone.0142474

Lutz, A., Slagter, H. A., Dunne, J. D., & Davidson, R. J. (2008). Attention regula-
tion and monitoring in meditation. Trends in Cognitive Sciences, 12(4), 163–169. doi:
10.1016/j.tics.2008.01.005

186

https://doi.org/10.3389/fnhum.2013.00381
https://doi.org/10.1038/srep21353
https://doi.org/10.3758/s13414-019-01847-9
https://doi.org/10.1080/02699931.2011.574997
https://doi.org/10.1037/a0032817
https://doi.org/10.3389/fnhum.2014.00213
https://doi.org/10.3389/fnhum.2014.00213
https://doi.org/10.1371/journal.pone.0142474
https://doi.org/10.1016/j.tics.2008.01.005


Macdonald, J. S., Mathan, S., & Yeung, N. (2011). Trial-by-trial variations in subjective
attentional state are reflected in ongoing prestimulus EEG alpha oscillations. Frontiers in
Psychology, 2, 1–16. doi: 10.3389/fpsyg.2011.00082

MacLean,M.H., Arnell, K.M., &Cote, K. A. (2012). Resting EEG in alpha and beta bands
predicts individual differences in attentional blinkmagnitude. Brain andCognition, 78(3),
218–229. doi: 10.1016/j.bandc.2011.12.010

Mann, C. A., Sterman, M. B., & Kaiser, D. A. (1996). Suppression of EEG rhythmic fre-
quencies during somato-motor and visuo-motor behavior. International Journal of Psy-
chophysiology, 23(1-2), 1–7. doi: 10.1016/0167-8760(96)00036-0

Marchetti, I., Van de Putte, E., & Koster, E. H. W. (2014). Self-generated thoughts and
depression: fromdaydreaming to depressive symptoms. Frontiers inHumanNeuroscience,
8, 1–10. doi: 10.3389/fnhum.2014.00131

Mashour, G. A., Roelfsema, P., Changeux, J. P., & Dehaene, S. (2020). Conscious Pro-
cessing and the Global Neuronal Workspace Hypothesis. Neuron, 105(5), 776–798. doi:
10.1016/j.neuron.2020.01.026

Mathew, J., Masson, G. S., & Danion, F. R. (2020). Sex differences in visuomotor tracking.
Scientific Reports, 10(1), 1–12. doi: 10.1038/s41598-020-68069-0

Mathis, M.W. (2019). A new spin on fidgets. NatureNeuroscience, 22(10), 1614–1616. doi:
10.1038/s41593-019-0504-2

Mathôt, S., Schreij, D., & Theeuwes, J. (2012, 6). OpenSesame: An open-source, graphical
experiment builder for the social sciences. Behavior Research Methods, 44(2), 314–324.
doi: 10.3758/s13428-011-0168-7

Matthews, G., Joyner, L., Gilliland, K., Campbell, S., Falconer, S., & Huggins, J. (1999).
Validation of a comprehensive stress state questionnaire: Towards a state “Big Three?”. In
I. Mervielde, I. Deary, F. De Fruyt, & F. Ostendorf (Eds.), Personality psychology in europe
(Vol. 7, pp. 335–350). Tilburg: Tilburg University Press.

187

https://doi.org/10.3389/fpsyg.2011.00082
https://doi.org/10.1016/j.bandc.2011.12.010
https://doi.org/10.1016/0167-8760(96)00036-0
https://doi.org/10.3389/fnhum.2014.00131
https://doi.org/10.1016/j.neuron.2020.01.026
https://doi.org/10.1038/s41598-020-68069-0
https://doi.org/10.1038/s41593-019-0504-2
https://doi.org/10.3758/s13428-011-0168-7


McNevin, N. H., Shea, C. H., & Wulf, G. (2003). Increasing the distance of an exter-
nal focus of attention enhances learning. Psychological Research, 67(1), 22–29. doi:
10.1007/s00426-002-0093-6

McVay, J. C., & Kane, M. J. (2009). Conducting the train of thought: Working mem-
ory capacity, goal neglect, and mind wandering in an executive-control task. Journal
of Experimental Psychology: Learning, Memory, and Cognition, 35(1), 196–204. doi:
10.1037/a0014104

McVay, J. C., & Kane, M. J. (2010). Does mind wandering reflect executive function or
executive failure? Comment on Smallwood and Schooler (2006) andWatkins (2008). Psy-
chological Bulletin, 136(2), 188–197. doi: 10.1037/a0018298

McVay, J. C., & Kane, M. J. (2012). Drifting from slow to “d’oh!”: Working memory ca-
pacity and mind wandering predict extreme reaction times and executive control errors.
Journal of Experimental Psychology: Learning, Memory, and Cognition, 38(3), 525–549.
doi: 10.1037/a0025896

McVay, J. C., & Kane, M. J. (2013). Dispatching the wandering mind? Toward a labora-
tory method for cuing ”spontaneous” off-task thought. Frontiers in Psychology, 4. doi:
10.3389/fpsyg.2013.00570

McVay, J. C., Kane, M. J., & Kwapil, T. R. (2009). Tracking the train of thought from
the laboratory into everyday life: An experience-sampling study ofmindwandering across
controlled and ecological contexts. Psychonomic Bulletin andReview, 16(5), 857–863. doi:
10.3758/PBR.16.5.857

Melinščak, F., Montesano, L., Bitbrain, J. M., Melinscak, F., &Minguez, J. (2014). Discrim-
inating Between Attention andMindWandering During Movement Using EEG. In Pro-
ceedings of the 6th international brain-computer interface conference (pp. 601–604). Graz:
Graz University of Technology Publishing House. doi: 10.3217/978-3-85125-378-8-60

Meyer, D. E., Abrams, R. A., Kornblum, S.,Wright, C. E., & Smith, J. E. (1988). Optimality
inHumanMotor Performance: Ideal Control of Rapid AimedMovements. Psychological
Review, 95(3), 340–370. doi: 10.1037/0033-295X.95.3.340

188

https://doi.org/10.1007/s00426-002-0093-6
https://doi.org/10.1037/a0014104
https://doi.org/10.1037/a0018298
https://doi.org/10.1037/a0025896
https://doi.org/10.3389/fpsyg.2013.00570
https://doi.org/10.3758/PBR.16.5.857
https://doi.org/10.3217/978-3-85125-378-8-60
https://doi.org/10.1037/0033-295X.95.3.340


Meyer, D. E., Abrams, R. A., Kornblum, S., Wright, C. E., & Smith, J. E. (1990). Speed-
Accuracy tradeoffs in aimed movements: Toward a theory of rapid voluntary action. In
M. Jeannerod (Ed.), Attention and performance 13: Motor representation and control (pp.
173–226). Hillsdale, NJ.: Lawrence Erlbaum Associates, Inc.

Mial, R. C. (2003). Motor control, biological and theoretical. In The handbook of brain
theory and neural network, 2nd edition (pp. 686–689).

Michimata, A., Kondo, T., Suzukamo, Y., Chiba, M., & Izumi, S. I. (2008). The manual
function test: Norms for 20- to 90-year-olds and effects of age, gender, and hand dom-
inance on dexterity. Tohoku Journal of Experimental Medicine, 214(3), 257–267. doi:
10.1620/tjem.214.257

Mills, C., Bixler, R., Wang, X., & D’Mello, S. (2016). Automatic gaze-based detection of
mind wandering during narrative film comprehension. In Edm 2016: Proceedings of the
9th international conference on educational data mining (pp. 30–37).

Mills, C., D ’mello, S., Bosch,N.,&Olney, A.M. (2015). MindWanderingDuring Learning
with an Intelligent Tutoring System. In International conference on artificial intelligence
in education (pp. 267–276). Retrieved from https://link.springer.com/content/
pdf/10.1007%2F978-3-319-19773-9_27.pdf doi: 10.1007/978-3-319-19773-9_27

Mills, C., Gregg, J., Bixler, R., & D’Mello, S. K. (2021). Eye-Mind reader: an intel-
ligent reading interface that promotes long-term comprehension by detecting and re-
sponding to mind wandering. Human-Computer Interaction, 36(4), 306–332. doi:
10.1080/07370024.2020.1716762

Mills, C., Herrera-Bennett, A., Faber, M., & Christoff, K. (2018). Why the mind wan-
ders: How spontaneous thought’s default variability may support episodic efficiency and
semantic optimization. InKieranC.R.Fox&KalinaChristoff (Eds.),The oxfordhandbook
of spontaneous thought: Mind-wandering, creativity, and dreaming (pp. 11–22). Oxford
University Press. doi: 10.1093/oxfordhb/9780190464745.013.42

Mittner, M., Boekel, W., Tucker, A. M., Turner, B. M., Heathcote, A., & Forstmann, B. U.
(2014). When the BrainTakes a Break: AModel-BasedAnalysis ofMindWandering. Jour-
nal of Neuroscience, 34(49), 16286–16295. doi: 10.1523/JNEUROSCI.2062-14.2014

189

https://doi.org/10.1620/tjem.214.257
https://link.springer.com/content/pdf/10.1007%2F978-3-319-19773-9_27.pdf
https://link.springer.com/content/pdf/10.1007%2F978-3-319-19773-9_27.pdf
https://doi.org/10.1007/978-3-319-19773-9{_}27
https://doi.org/10.1080/07370024.2020.1716762
https://doi.org/10.1093/oxfordhb/9780190464745.013.42
https://doi.org/10.1523/JNEUROSCI.2062-14.2014


Mittner, M., Hawkins, G. E., Boekel, W., & Forstmann, B. U. (2016, 8). A Neu-
ral Model of Mind Wandering. Trends in Cognitive Sciences, 20(8), 570–578. doi:
10.1016/j.tics.2016.06.004

Monkaresi, H., Bosch, N., Calvo, R. A., & D’Mello, S. (2017). Automated
Detection of Engagement Using Video-Based Estimation of Facial Expressions and
Heart Rate. In Ieee transactions on affective computing (Vol. 8, pp. 15–28). doi:
10.1109/TAFFC.2016.2515084

Mooneyham, B. W., & Schooler, J. W. (2013). The costs and benefits of mind-wandering:
A review. Canadian Journal of Experimental Psychology/Revue canadienne de psychologie
expérimentale, 67(1), 11–18. doi: 10.1037/a0031569

Moore, T., Armstrong, K.M., & Fallah, M. (2003, 11). Visuomotor origins of covert spatial
attention. Neuron, 40(4), 671–683. doi: 10.1016/S0896-6273(03)00716-5

Morsella, E., Larson, L. R. L., & Bargh, J. A. (2010). Indirect Cognitive Control, Working-
Memory-RelatedMovements, and Sources of Automatisms. In E.Morsella (Ed.), Express-
ing oneself/ expressing one’s self: Communication, cognition, language, and identity (pp. 61–
85). New York: Psychology Press.

Mrazek, M. D., Phillips, D. T., Franklin, M. S., Broadway, J. M., & Schooler, J. W. (2013).
Young and restless: validation of the Mind-Wandering Questionnaire (MWQ) reveals
disruptive impact of mind-wandering for youth. Frontiers in psychology, 4, 1–7. doi:
10.3389/fpsyg.2013.00560

Mrazek, M. D., Smallwood, J., Franklin, M. S., Chin, J. M., Baird, B., & Schooler, J. W.
(2012). The role of mind-wandering in measurements of general aptitude. Journal of
Experimental Psychology: General, 141(4), 788–798. doi: 10.1037/a0027968

Mrazek, M. D., Smallwood, J., & Schooler, J. W. (2012). Mindfulness andmind-wandering:
Finding convergence through opposing constructs. Emotion, 12(3), 442–448. doi:
10.1037/a0026678

190

https://doi.org/10.1016/j.tics.2016.06.004
https://doi.org/10.1109/TAFFC.2016.2515084
https://doi.org/10.1037/a0031569
https://doi.org/10.1016/S0896-6273(03)00716-5
https://doi.org/10.3389/fpsyg.2013.00560
https://doi.org/10.1037/a0027968
https://doi.org/10.1037/a0026678


Oken, B. S., Salinsky, M. C., & Elsas, S. M. (2006, 9). Vigilance, alertness, or sustained
attention: physiological basis and measurement. Clinical Neurophysiology, 117(9), 1885–
1901. doi: 10.1016/J.CLINPH.2006.01.017

Ottaviani, C., Shapiro, D., & Couyoumdjian, A. (2013). Flexibility as the key for somatic
health: Frommindwandering to perseverative cognition. Biological Psychology, 94(1), 38–
43. doi: 10.1016/j.biopsycho.2013.05.003

Papesh, M. H., & Goldinger, S. D. (2012). Memory in motion: Movement dynamics reveal
memory strength. Psychonomic Bulletin&Review, 19(5), 906–913. doi: 10.3758/s13423-
012-0281-3

Pattyn, N., Neyt, X., Henderickx, D., & Soetens, E. (2008). Psychophysiological investi-
gation of vigilance decrement: Boredom or cognitive fatigue? Physiology and Behavior,
93(1-2), 369–378. doi: 10.1016/j.physbeh.2007.09.016

Peiris, M. T., Jones, R. D., Davidson, P. R., Carroll, G. J., & Bones, P. J. (2006). Fre-
quent lapses of responsiveness during an extended visuomotor tracking task in non-sleep-
deprived subjects. Journal of Sleep Research, 15(3), 291–300. doi: 10.1111/j.1365-
2869.2006.00545.x

Pfurtscheller, G., Stancák, A., & Neuper, C. (1996). Event-related synchronization (ERS)
in the alpha band - An electrophysiological correlate of cortical idling: A review. Interna-
tional Journal of Psychophysiology, 24(1-2), 39–46. doi: 10.1016/S0167-8760(96)00066-9

Pham, P., & Wang, J. (2015). Attentivelearner: Improving mobile MOOC learning via
implicit heart rate tracking. In C.Conati el al. (Ed.), Lecture notes in computer science (in-
cluding subseries lecture notes in artificial intelligence and lecture notes in bioinformatics)
(Vol. 9112, pp. 367–376). Switzerland: Springer International Publishing Switzerland.
doi: 10.1007/978-3-319-19773-9_37

Pitcher, T. M., Piek, J. P., & Hay, D. A. (2003). Fine and gross motor ability in males
with ADHD. Developmental Medicine and Child Neurology, 45(8), 525–535. doi:
10.1017/S0012162203000975

191

https://doi.org/10.1016/J.CLINPH.2006.01.017
https://doi.org/10.1016/j.biopsycho.2013.05.003
https://doi.org/10.3758/s13423-012-0281-3
https://doi.org/10.3758/s13423-012-0281-3
https://doi.org/10.1016/j.physbeh.2007.09.016
https://doi.org/10.1111/j.1365-2869.2006.00545.x
https://doi.org/10.1111/j.1365-2869.2006.00545.x
https://doi.org/10.1016/S0167-8760(96)00066-9
https://doi.org/10.1007/978-3-319-19773-9{_}37
https://doi.org/10.1017/S0012162203000975


Polich, J. (2007). Updating P300: An integrative theory of P3a and P3b (Vol. 118) (No. 10).
doi: 10.1016/j.clinph.2007.04.019

Qualtrics. (2005). Provo, UT.

R Core Team. (2013). R: A Language and Environment for Statistical Computing. Vienna,
Austria: R Foundation for Statistical Computing.

Raichle, M. E., MacLeod, A. M., Snyder, A. Z., Powers, W. J., Gusnard, D. A., & Shulman,
G. L. (2001). A default mode of brain function. Proceedings of the National Academy of
Sciences of the United States of America, 98(2), 676–682. doi: 10.1073/pnas.98.2.676

Randall, J. G., Beier, M. E., & Villado, A. J. (2019). Multiple routes to mind wandering:
Predicting mind wandering with resource theories. Consciousness and Cognition, 67, 26–
43. doi: 10.1016/j.concog.2018.11.006

Randall, J. G., Oswald, F. L., & Beier, M. E. (2014). Mind-wandering, cognition, and per-
formance: A theory-driven meta-analysis of attention regulation. Psychological Bulletin,
140(6), 1411–1431. doi: 10.1037/a0037428

Rayner, K. (1998). Eye Movements in Reading and Information Processing: 20 Years of
Research. Psychological Bulletin, 124(3), 372–422. doi: 10.1037/0033-2909.124.3.372

Rayner, K., Chace, K. H., Slattery, T. J., &Ashby, J. (2006). Eyemovements as reflections of
comprehension processes in reading. Scientific Studies of Reading, 10(3), 241–255. doi:
10.1207/s1532799xssr1003_3

Reichle, E. D., Reineberg, A. E., & Schooler, J.W. (2010). EyeMovements DuringMindless
Reading. Psychological Science, 21(9), 1300–1310. doi: 10.1177/0956797610378686

Repov, G., & Baddeley, A. D. (2006). The multi-component model of working mem-
ory: Explorations in experimental cognitive psychology. Neuroscience, 139(1), 5–21. doi:
10.1016/j.neuroscience.2005.12.061

Riby, L. M., & Orme, E. (2013). A familiar pattern? Semantic memory contributes to
the enhancement of visuo-spatial memories. Brain and Cognition, 81(2), 215–222. doi:
10.1016/j.bandc.2012.10.011

192

https://doi.org/10.1016/j.clinph.2007.04.019
https://doi.org/10.1073/pnas.98.2.676
https://doi.org/10.1016/j.concog.2018.11.006
https://doi.org/10.1037/a0037428
https://doi.org/10.1037/0033-2909.124.3.372
https://doi.org/10.1207/s1532799xssr1003{_}3
https://doi.org/10.1177/0956797610378686
https://doi.org/10.1016/j.neuroscience.2005.12.061
https://doi.org/10.1016/j.bandc.2012.10.011


Riby, L. M., Smallwood, J., & Gunn, V. P. (2008, 6). Mind Wandering and Retrieval from
Episodic Memory: A Pilot Event-Related Potential Study. Psychological Reports, 102(3),
805–818. doi: 10.2466/pr0.102.3.805-818

Risko, E. F., Anderson, N., Sarwal, A., Engelhardt, M., & Kingstone, A. (2012). Everyday
Attention: Variation in Mind Wandering and Memory in a Lecture. Applied Cognitive
Psychology, 26(2), 234–242. doi: 10.1002/acp.1814

Risko, E. F., Buchanan, D., Medimorec, S., & Kingstone, A. (2013). Everyday attention:
Mind wandering and computer use during lectures. Computers and Education, 68, 275–
283. doi: 10.1016/j.compedu.2013.05.001

Robertson, I. H., Manly, T., Andrade, J., Baddeley, B. T., & Yiend, J. (1997). ‘Oops!’: Per-
formance correlates of everyday attentional failures in traumatic brain injured and normal
subjects. Neuropsychologia, 35(6), 747–758. doi: 10.1016/S0028-3932(97)00015-8

Robison, M. K., Miller, A. L., & Unsworth, N. (2019). Examining the effects of probe
frequency, response options, and framing within the thought-probe method. Behavior
ResearchMethods, 51(1), 398–408. doi: 10.3758/s13428-019-01212-6

Robison, M. K., & Unsworth, N. (2019). Pupillometry tracks fluctuations in working
memory performance. Attention, Perception, and Psychophysics, 81(2), 407–419. doi:
10.3758/s13414-018-1618-4

Rosenkranz, K., & Rothwell, J. C. (2004, 11). The effect of sensory input and attention
on the sensorimotor organization of the hand area of the humanmotor cortex. Journal of
Physiology, 561(1), 307–320. doi: 10.1113/jphysiol.2004.069328

Rummel, J., & Boywitt, C. D. (2014). Controlling the stream of thought: Workingmemory
capacity predicts adjustment of mind-wandering to situational demands. Psychonomic
Bulletin and Review, 21(5), 1309–1315. doi: 10.3758/s13423-013-0580-3

Rummel, J., Hagemann, D., Steindorf, L., & Schubert, A.-L. (2021). How consistent is
mind wandering across situations and tasks? A latent state–trait analysis. Journal of Ex-
perimental Psychology: Learning, Memory, and Cognition. doi: 10.1037/xlm0001041

193

https://doi.org/10.2466/pr0.102.3.805-818
https://doi.org/10.1002/acp.1814
https://doi.org/10.1016/j.compedu.2013.05.001
https://doi.org/10.1016/S0028-3932(97)00015-8
https://doi.org/10.3758/s13428-019-01212-6
https://doi.org/10.3758/s13414-018-1618-4
https://doi.org/10.1113/jphysiol.2004.069328
https://doi.org/10.3758/s13423-013-0580-3
https://doi.org/10.1037/xlm0001041


Russell, D. M., & Sternad, D. (2001). Sinusoidal visuomotor tracking: Intermittent
servo-control or coupled oscillations? Journal of Motor Behavior, 33(4), 329–349. doi:
10.1080/00222890109601918

Sarter, M., Givens, B., & Bruno, J. P. (2001). The cognitive neuroscience of sustained atten-
tion: Where top-down meets bottom-up. Brain Research Reviews, 35(2), 146–160. doi:
10.1016/S0165-0173(01)00044-3

Sauseng, P., Klimesch, W., Schabus, M., & Doppelmayr, M. (2005). Fronto-
parietal EEG coherence in theta and upper alpha reflect central executive functions
of working memory. International Journal of Psychophysiology, 57(2), 97–103. doi:
10.1016/j.ijpsycho.2005.03.018

Schad, D. J., Nuthmann, A., & Engbert, R. (2012, 11). Your mind wanders weakly, your
mind wanders deeply: Objective measures reveal mindless reading at different levels. Cog-
nition, 125(2), 179–194. doi: 10.1016/j.cognition.2012.07.004

Scheeringa, R., Bastiaansen, M. C., Petersson, K. M., Oostenveld, R., Norris, D. G., & Ha-
goort, P. (2008). Frontal theta EEG activity correlates negatively with the default mode
network in resting state. International Journal of Psychophysiology, 67(3), 242–251. doi:
10.1016/j.ijpsycho.2007.05.017

Schoen, J. R. (1970). Use of consciousness sampling to study teaching methods. Journal of
Educational Research, 63(9), 387–390. doi: 10.1080/00220671.1970.10884042

Schooler, J. W. (2002). Re-representing consciousness: Dissociations between expe-
rience and meta-consciousness. Trends in Cognitive Sciences, 6(8), 339–344. doi:
10.1016/S1364-6613(02)01949-6

Schooler, J. W., Smallwood, J., Christoff, K., Handy, T. C., Reichle, E. D., & Sayette, M. A.
(2011, 7). Meta-awareness, perceptual decoupling and the wandering mind. Trends in
Cognitive Sciences, 15(7), 319–326. doi: 10.1016/j.tics.2011.05.006

Seelye, A., Hagler, S., Mattek, N., Howieson, D. B., Wild, K., Dodge, H. H., & Kaye, J. A.
(2015). Computer mouse movement patterns: A potential marker of mild cognitive im-

194

https://doi.org/10.1080/00222890109601918
https://doi.org/10.1016/S0165-0173(01)00044-3
https://doi.org/10.1016/j.ijpsycho.2005.03.018
https://doi.org/10.1016/j.cognition.2012.07.004
https://doi.org/10.1016/j.ijpsycho.2007.05.017
https://doi.org/10.1080/00220671.1970.10884042
https://doi.org/10.1016/S1364-6613(02)01949-6
https://doi.org/10.1016/j.tics.2011.05.006


pairment. Alzheimer’s & Dementia: Diagnosis, Assessment & Disease Monitoring, 1(4),
472–480. doi: 10.1016/j.dadm.2015.09.006

Seibert, P. S.,&Ellis,H.C. (1991). Irrelevant thoughts, emotionalmood states, and cognitive
task performance. Memory & Cognition, 19(5), 507–513. doi: 10.3758/BF03199574

Seli, P., Carriere, J. S., Thomson, D. R., Cheyne, J. A., Ehgoetz Martens, K. A., & Smilek,
D. (2014). Restless mind, restless body. Journal of Experimental Psychology: Learning
Memory and Cognition, 40(3), 660–668. doi: 10.1037/a0035260

Seli, P., Carriere, J. S. A., Levene, M., & Smilek, D. (2013). How few and far between? Ex-
amining the effects of probe rate on self-reportedmindwandering. Frontiers in psychology,
4, 1–5. doi: 10.3389/fpsyg.2013.00430

Seli, P., Cheyne, J. A., & Smilek, D. (2013). Wandering minds and wavering rhythms: Link-
ing mind wandering and behavioral variability. Journal of Experimental Psychology: Hu-
man Perception and Performance, 39(1), 1–5. doi: 10.1037/a0030954

Seli, P., Kane, M. J., Smallwood, J., Schacter, D. L., Maillet, D., Schooler, J. W., & Smilek, D.
(2018, 6). Mind-Wandering as a Natural Kind: A Family-Resemblances View. Trends in
cognitive sciences, 22(6), 479–490. doi: 10.1016/j.tics.2018.03.010

Seli, P., Konishi, M., Risko, E. F., & Smilek, D. (2018). The role of task difficulty in the-
oretical accounts of mind wandering. Consciousness and Cognition, 65, 255–262. doi:
10.1016/j.concog.2018.08.005

Seli, P., Risko, E. F., & Smilek, D. (2016). Assessing the associations among trait and state
levels of deliberate and spontaneous mind wandering. Consciousness and Cognition, 41,
50–56. doi: 10.1016/J.CONCOG.2016.02.002

Seli, P., Risko, E. F., Smilek, D., & Schacter, D. L. (2016). Mind-Wandering
With and Without Intention. Trends in Cognitive Sciences, 20(8), 605–617. doi:
10.1016/j.tics.2016.05.010

Simonsohn, U. (2015). Small Telescopes: Detectability and the Evaluation of Replication
Results. Psychological Science, 26(5), 559–569. doi: 10.1177/0956797614567341

195

https://doi.org/10.1016/j.dadm.2015.09.006
https://doi.org/10.3758/BF03199574
https://doi.org/10.1037/a0035260
https://doi.org/10.3389/fpsyg.2013.00430
https://doi.org/10.1037/a0030954
https://doi.org/10.1016/j.tics.2018.03.010
https://doi.org/10.1016/j.concog.2018.08.005
https://doi.org/10.1016/J.CONCOG.2016.02.002
https://doi.org/10.1016/j.tics.2016.05.010
https://doi.org/10.1177/0956797614567341


Singer, J. L., & Antrobus, J. S. (1972). Daydreaming, imaginal process, and personality: A
normative study. In P. Sheehan (Ed.), The function and nature of imagery. New York:
Academic Press.

Smallwood, J. (2013). Distinguishing how from why the mind wanders: A process-
occurrence framework for self-generated mental activity. Psychological Bulletin, 139(3),
519–535. doi: 10.1037/a0030010

Smallwood, J., & Andrews-Hanna, J. (2013). Not all minds that wander are lost: The im-
portance of a balanced perspective on the mind-wandering state. Frontiers in Psychology,
4, 1–6. doi: 10.3389/fpsyg.2013.00441

Smallwood, J., Baracaia, S. F., Lowe, M., & Obonsawin, M. (2003). Task unrelated
thought whilst encoding information. Consciousness and Cognition, 12(3), 452–484. doi:
10.1016/S1053-8100(03)00018-7

Smallwood, J., Beach, E., Schooler, J. W., & Handy, T. C. (2008). Going AWOL in the
brain: Mind wandering reduces cortical analysis of external events. Journal of Cognitive
Neuroscience, 20(3), 458–469. doi: 10.1162/jocn.2008.20037

Smallwood, J., Brown, K. S., Tipper, C., Giesbrecht, B., Franklin, M. S., Mrazek, M. D., …
Schooler, J. W. (2011). Pupillometric evidence for the decoupling of attention from
perceptual input during offline thought. PLoS ONE, 6(3), 1–8. doi: 10.1371/jour-
nal.pone.0018298

Smallwood, J., Davies, J. B., Heim, D., Finnigan, F., Sudberry, M., O’Connor, R., & Obon-
sawin, M. (2004). Subjective experience and the attentional lapse: Task engagement and
disengagement during sustained attention. Consciousness and Cognition, 13(4), 657–690.
doi: 10.1016/j.concog.2004.06.003

Smallwood, J., McSpadden, M., Luus, B., & Schooler, J. (2008). Segmenting the stream
of consciousness: The psychological correlates of temporal structures in the time se-
ries data of a continuous performance task. Brain and Cognition, 66(1), 50–56. doi:
10.1016/j.bandc.2007.05.004

196

https://doi.org/10.1037/a0030010
https://doi.org/10.3389/fpsyg.2013.00441
https://doi.org/10.1016/S1053-8100(03)00018-7
https://doi.org/10.1162/jocn.2008.20037
https://doi.org/10.1371/journal.pone.0018298
https://doi.org/10.1371/journal.pone.0018298
https://doi.org/10.1016/j.concog.2004.06.003
https://doi.org/10.1016/j.bandc.2007.05.004


Smallwood, J., McSpadden, M., & Schooler, J. W. (2008). When attention matters: The
curious incident of the wandering mind. Memory & Cognition, 36(6), 1144–1150. doi:
10.3758/MC.36.6.1144

Smallwood, J., &O’Connor, R. C. (2011). Imprisoned by the past: Unhappymoods lead to
a retrospective bias to mind wandering. Cognition and Emotion, 25(8), 1481–1490. doi:
10.1080/02699931.2010.545263

Smallwood, J., O’Connor, R. C., Sudberry, M. V., Haskell, C., & Ballantyne, C. (2004).
The consequences of encoding information on the maintenance of internally generated
images and thoughts: The role ofmeaning complexes. Consciousness and Cognition, 13(4),
789–820. doi: 10.1016/j.concog.2004.07.004

Smallwood, J., O’Connor, R. C., Sudbery, M. V., & Obonsawin, M. (2007).
Mind-wandering and dysphoria. Cognition and Emotion, 21(4), 816–842. doi:
10.1080/02699930600911531

Smallwood, J., Riby, L., Heim, D., & Davies, J. B. (2006). Encoding during the attentional
lapse: Accuracy of encodingduring the semantic sustained attention to response task. Con-
sciousness and Cognition, 15(1), 218–231. doi: 10.1016/j.concog.2005.03.003

Smallwood, J., & Schooler, J. W. (2006). The restless mind. Psychological Bulletin, 132(6),
946–958. doi: 10.1037/2326-5523.1.S.130

Smallwood, J., & Schooler, J. W. (2015). The Science of Mind Wandering: Empirically
Navigating the Stream of Consciousness. Annual Review of Psychology, 66(1), 487–518.
doi: 10.1146/annurev-psych-010814-015331

Smith, G. K., Mills, C., Paxton, A., & Christoff, K. (2018). Mind-wandering rates fluctuate
across the day: evidence froman experience-sampling study. CognitiveResearch: Principles
and Implications, 3(1), 1–20. doi: 10.1186/s41235-018-0141-4

Song, J. H. (2019). The role of attention in motor control and learning. Current Opinion in
Psychology, 29, 261–265. doi: 10.1016/j.copsyc.2019.08.002

197

https://doi.org/10.3758/MC.36.6.1144
https://doi.org/10.1080/02699931.2010.545263
https://doi.org/10.1016/j.concog.2004.07.004
https://doi.org/10.1080/02699930600911531
https://doi.org/10.1016/j.concog.2005.03.003
https://doi.org/10.1037/2326-5523.1.S.130
https://doi.org/10.1146/annurev-psych-010814-015331
https://doi.org/10.1186/s41235-018-0141-4
https://doi.org/10.1016/j.copsyc.2019.08.002


Song, J. H., & Nakayama, K. (2009). Hidden cognitive states revealed in choice reaching
tasks. Trends in Cognitive Sciences, 13(8), 360–366. doi: 10.1016/j.tics.2009.04.009

Spiegel, M. A., Koester, D., & Schack, T. (2013). The functional role of workingmemory in
the (Re-)planning and execution of graspingmovements. Journal of Experimental Psychol-
ogy: Human Perception and Performance, 39(5), 1326–1339. doi: 10.1037/a0031398

Stawarczyk, D., François, C., Wertz, J., & D’Argembeau, A. (2020). Drowsiness or mind-
wandering? Fluctuations in ocular parameters during attentional lapses. Biological Psy-
chology, 156, 1–12. doi: 10.1016/j.biopsycho.2020.107950

Stawarczyk,D.,Majerus, S.,Maj,M., VanderLinden,M.,&D’Argembeau,A. (2011). Mind-
wandering: Phenomenology and function as assessed with a novel experience sampling
method. Acta Psychologica, 136(3), 370–381. doi: 10.1016/j.actpsy.2011.01.002

Steindorf, L., & Rummel, J. (2020). Do your eyes give you away? A validation study of eye-
movement measures used as indicators for mindless reading. Behavior Research Methods,
52(1), 162–176. doi: 10.3758/s13428-019-01214-4

Stewart, A., Bosch, N., & D’Mello, S. K. (2017). Generalizability of Face-Based MindWan-
dering Detection Across Task Contexts. In Edm 2017: Proceedings of the 10th interna-
tional conference on educational data mining (pp. 88–95).

Stirling, L. A., Lipsitz, L. A., Qureshi, M., Kelty-Stephen, D. G., Goldberger, A. L., &Costa,
M. D. (2013). Use of a tracing task to assess visuomotor performance: Effects of age, sex,
and handedness. Journals of Gerontology - Series A Biological Sciences andMedical Sciences,
68(8), 938–945. doi: 10.1093/gerona/glt003

Sturzbecher,M. J., &DeAraujo, D. B. (2012). Simultaneous EEG-fMRI: Integrating spatial
and temporal resolution. In A. R. Rao&G. A. Cecchi (Eds.),The relevance of the time do-
main to neural network models (pp. 199–217). Boston, MA: Springer. doi: 10.1007/978-
1-4614-0724-9_11

Suggate, S., Pufke, E., & Stoeger, H. (2018). Do fine motor skills contribute to early read-
ing development? Journal of Research in Reading, 41(1), 1–19. doi: 10.1111/1467-
9817.12081

198

https://doi.org/10.1016/j.tics.2009.04.009
https://doi.org/10.1037/a0031398
https://doi.org/10.1016/j.biopsycho.2020.107950
https://doi.org/10.1016/j.actpsy.2011.01.002
https://doi.org/10.3758/s13428-019-01214-4
https://doi.org/10.1093/gerona/glt003
https://doi.org/10.1007/978-1-4614-0724-9{_}11
https://doi.org/10.1007/978-1-4614-0724-9{_}11
https://doi.org/10.1111/1467-9817.12081
https://doi.org/10.1111/1467-9817.12081


Szpunar, K. K., Moulton, S. T., & Schacter, D. L. (2013). Mind wandering and education:
From the classroom to online learning. Frontiers in Psychology, 4, 1–7. doi: 10.3389/fp-
syg.2013.00495

Tagliazucchi, E., Carhart‐Harris, R., Leech, R., Nutt, D., & Chialvo, D. R. (2014). En-
hanced repertoire of brain dynamical states during the psychedelic experience. Human
brain mapping, 35(11), 5442–5456.

Taylor, J. A., & Thoroughman, K. A. (2008). Motor adaptation scaled by the difficulty of a
secondary cognitive task. PLoS ONE, 3(6), 1–11. doi: 10.1371/journal.pone.0002485

Thomson, D. R., Besner, D., & Smilek, D. (2015). A Resource-Control Account of Sus-
tained Attention: Evidence FromMind-Wandering and Vigilance Paradigms. Perspectives
on Psychological Science, 10(1), 82–96. doi: 10.1177/1745691614556681

Thomson, D. R., Seli, P., Besner, D., & Smilek, D. (2014, 7). On the link between mind
wandering and task performance over time. Consciousness and Cognition, 27(1), 14–26.
doi: 10.1016/j.concog.2014.04.001

Tucha, O., & Lange, K. W. (2001). Effects of methylphenidate on kinematic aspects of
handwriting in hyperactive boys. Journal of Abnormal Child Psychology, 29(4), 351–356.
doi: 10.1023/A:1010366014095

Tulving, E. (1987). Multiple memory systems and consciousness. Human neurobiology, 6,
67–80.

Unsworth, N., & Engle, R. W. (2005). Working memory capacity and fluid abilities: Exam-
ining the correlation between Operation Span and Raven. Intelligence, 33(1), 67–81. doi:
10.1016/J.INTELL.2004.08.003

Unsworth, N., Heitz, R. P., Schrock, J. C., & Engle, R. W. (2005). An automated
version of the operation span task. Behavior Research Methods, 37(3), 498–505. doi:
10.3758/BF03192720

Unsworth, N., &Mcmillan, B. D. (2012). MindWandering and Reading Comprehension:
Examining the Roles of Working Memory Capacity, Interest, Motivation, and Topic Ex-

199

https://doi.org/10.3389/fpsyg.2013.00495
https://doi.org/10.3389/fpsyg.2013.00495
https://doi.org/10.1371/journal.pone.0002485
https://doi.org/10.1177/1745691614556681
https://doi.org/10.1016/j.concog.2014.04.001
https://doi.org/10.1023/A:1010366014095
https://doi.org/10.1016/J.INTELL.2004.08.003
https://doi.org/10.3758/BF03192720


perience. Journal of Experimental Psychology: Learning, Memory, and Cognition, 39(3),
832–842. doi: 10.1037/a0029669

Unsworth, N., Redick, T. S., Lakey, C. E., & Young, D. L. (2010). Lapses in sustained atten-
tion and their relation to executive control and fluid abilities: An individual differences
investigation. Intelligence, 38(1), 111–122. doi: 10.1016/j.intell.2009.08.002

Unsworth, N., & Robison, M. K. (2016a). The influence of lapses of attention on working
memory capacity. Memory and Cognition, 44(2), 188–196. doi: 10.3758/s13421-015-
0560-0

Unsworth, N., & Robison, M. K. (2016b). Pupillary correlates of lapses of sustained
attention. Cognitive, Affective and Behavioral Neuroscience, 16(4), 601–615. doi:
10.3758/s13415-016-0417-4

Unsworth, N., &Robison,M. K. (2017). The Importance of Arousal for Variation inWork-
ing Memory Capacity and Attention Control: A Latent Variable Pupillometry Study.
Journal of Experimental Psychology: Learning, Memory, and Cognition, 43(12), 1962–
1987. doi: 10.1037/xlm0000421

Unsworth, N., & Robison, M. K. (2018, 8). Tracking arousal state and mind wandering
with pupillometry. Cognitive, Affective and Behavioral Neuroscience, 18(4), 638–664. doi:
10.3758/s13415-018-0594-4

Uzzaman, S.,& Joordens, S. (2011). The eyes knowwhat you are thinking: Eyemovements as
an objectivemeasure of mindwandering. Consciousness and Cognition, 20(4), 1882–1886.
doi: 10.1016/j.concog.2011.09.010

Valentini, N. C., Ramalho,M.H., &Oliveira,M. A. (2014). Movement Assessment Battery
for Children-2: Translation, reliability, and validity for Brazilian children. Research in
Developmental Disabilities, 35(3), 733–740. doi: 10.1016/j.ridd.2013.10.028

van Beers, R. J. (2004). The Role of Execution Noise in Movement Variability. Journal of
Neurophysiology, 91(2), 1050–1063. doi: 10.1152/jn.00652.2003

200

https://doi.org/10.1037/a0029669
https://doi.org/10.1016/j.intell.2009.08.002
https://doi.org/10.3758/s13421-015-0560-0
https://doi.org/10.3758/s13421-015-0560-0
https://doi.org/10.3758/s13415-016-0417-4
https://doi.org/10.1037/xlm0000421
https://doi.org/10.3758/s13415-018-0594-4
https://doi.org/10.1016/j.concog.2011.09.010
https://doi.org/10.1016/j.ridd.2013.10.028
https://doi.org/10.1152/jn.00652.2003


van Son, D., De Blasio, F. M., Fogarty, J. S., Angelidis, A., Barry, R. J., & Putman, P. (2019,
1). Frontal EEG theta/beta ratio during mind wandering episodes. Biological Psychology,
140, 19–27. doi: 10.1016/J.BIOPSYCHO.2018.11.003

van Vugt, M. K., & Broers, N. (2016). Self-reported stickiness of mind-wandering affects
task performance. Frontiers in Psychology, 7, 1–8. doi: 10.3389/fpsyg.2016.00732

Velasques, B., Cagy,M., Piedade, R., &Ribeiro, P. (2013). Sensorimotor Integration andAt-
tention: An Electrophysiological Analysis. In F. Signorelli & D. Chirchiglia (Eds.), Func-
tional brainmapping and the endeavor to understand the working brain (pp. 3–16). Rijeka,
Croatia: InTech. doi: 10.5772/55199

Vivot, R.M., Pallavicini, C., Zamberlan, F., Vigo, D., &Tagliazucchi, E. (2020). Meditation
increases the entropy of brain oscillatory activity. Neuroscience, 431, 40–51.

Walker, H. E., & Trick, L. M. (2018, 11). Mind-wandering while driving: The impact
of fatigue, task length, and sustained attention abilities. Transportation Research Part F:
Traffic Psychology and Behaviour, 59, 81–97. doi: 10.1016/J.TRF.2018.08.009

Wammes, J. D., Seli, P., Cheyne, J. A., Boucher, P. O., & Smilek, D. (2016). Mind wan-
dering during lectures II: Relation to academic performance. Scholarship of Teaching and
Learning in Psychology, 2(1), 33–48. doi: 10.1037/stl0000055

Wammes, J. D., Seli, P., & Smilek, D. (2018). Mind-Wandering in Educational Settings. In
K. C. R. Fox & K. Christoff (Eds.), The oxford handbook of spontaneous thought: Mind
wandering, creativity, and dreaming (pp. 259–271). NewYork: OxfordUniversity Press.

Wamsley, E. J. (2018, 5). Dreaming and Waking Thought as a Reflection of Memory Con-
solidation. In Kalina Christoff & Kieran C.R. Fox (Eds.), The oxford handbook of sponta-
neous thought: Mind-wandering, creativity, and dreaming. Oxford University Press. doi:
10.1093/OXFORDHB/9780190464745.013.23

Wamsley, E. J., & Summer, T. (2020). Spontaneous Entry into an “Offline” State during
Wakefulness: AMechanismofMemoryConsolidation? Journal ofCognitiveNeuroscience,
32(9), 1714–1734. doi: 10.1162/jocn_a_01587

201

https://doi.org/10.1016/J.BIOPSYCHO.2018.11.003
https://doi.org/10.3389/fpsyg.2016.00732
https://doi.org/10.5772/55199
https://doi.org/10.1016/J.TRF.2018.08.009
https://doi.org/10.1037/stl0000055
https://doi.org/10.1093/OXFORDHB/9780190464745.013.23
https://doi.org/10.1162/jocn{_}a{_}01587


Wang, H. T., Poerio, G., Murphy, C., Bzdok, D., Jefferies, E., & Smallwood, J. (2018). Di-
mensions of Experience: Exploring the Heterogeneity of theWanderingMind. Psycholog-
ical Science, 29(1), 56–71. doi: 10.1177/0956797617728727

Watkins, E. R. (2008). Constructive and Unconstructive Repetitive Thought. Psychological
Bulletin, 134(2), 163–206. doi: 10.1037/0033-2909.134.2.163

Weir, D. J., Stein, J. F., & Mialt, R. C. (1989). Cues and control strategies
in visually guided tracking. Journal of Motor Behavior, 21(3), 185–204. doi:
10.1080/00222895.1989.10735477

Welsh, T. N., & Elliott, D. (2004). Movement trajectories in the presence of a distracting
stimulus: Evidence for a response activationmodel of selective reaching.Quarterly Journal
of Experimental Psychology SectionA:HumanExperimental Psychology, 57(6), 1031–1057.
doi: 10.1080/02724980343000666

Whitehill, J., Serpell, Z., Lin, Y. C., Foster, A., & Movellan, J. R. (2014). The faces of
engagement: Automatic recognitionof student engagement from facial expressions. IEEE
Transactions on Affective Computing, 5(1), 86–98. doi: 10.1109/TAFFC.2014.2316163

Williams,D.C.,&Saunders, K. J. (1997). Methodological Issues in the Study ofDrugEffects
on Cognitive Skills in Mental Retardation. In International review of research in mental
retardation (Vol. 21, pp. 147–185). AcademicPress. doi: 10.1016/S0074-7750(08)60279-
7

Wisniewski, M. G., Thompson, E. R., & Iyer, N. (2017). Theta- and alpha-power enhance-
ments in the electroencephalogram as an auditory delayed match-to-sample task becomes
impossibly difficult. Psychophysiology, 54(12), 1916–1928. doi: 10.1111/psyp.12968

Witchel, H., Westling, C., Tee, J., Healy, A., Needham, R., & Chockalingam, N. (2014).
What does not happen: quantifying embodied engagement usingNIMI and self-adaptors.
Participations: Journal of Audience and Reception Studies, 11(1), 304–331.

Witchel, H., Westling, C., Tee, J., Ranji, T., Needham, R., Healey, A., … Chockalingam, N.
(2018). Can fidgeting be used tomeasure student engagement in online learning tasks? In

202

https://doi.org/10.1177/0956797617728727
https://doi.org/10.1037/0033-2909.134.2.163
https://doi.org/10.1080/00222895.1989.10735477
https://doi.org/10.1080/02724980343000666
https://doi.org/10.1109/TAFFC.2014.2316163
https://doi.org/10.1016/S0074-7750(08)60279-7
https://doi.org/10.1016/S0074-7750(08)60279-7
https://doi.org/10.1111/psyp.12968


Research matters: Articles from the pedagogic research conference (pp. 39–48). University
of Brighton Press.

Wulf, G. (2013). Attentional focus and motor learning: A review of 15
years. International Review of Sport and Exercise Psychology, 6(1), 77–104. doi:
10.1080/1750984X.2012.723728

Wulf, G., Höß,M., & Prinz, W. (1998). Instructions for motor learning: Differential effects
of internal versus external focus of attention. Journal of Motor Behavior, 30(2), 169–179.
doi: 10.1080/00222899809601334

Yamauchi, T. (2013). Mouse trajectories and state anxiety: feature selection with random
forest. In 2013 humaine association conference on affective computing and intelligent inter-
action (pp. 399–404). IEEE.

Yamauchi, T.,&Xiao, K. (2017). Reading Emotion FromMouseCursorMotions: Affective
Computing Approach. Cognitive Science, 42(3), 1–49. doi: 10.1111/cogs.12557

Yanko, M. R., & Spalek, T. M. (2014). Driving with the wandering mind: The effect that
mind-wandering has on driving performance. Human Factors and Ergonomics Society,
56(2), 260–269. doi: 10.1177/0018720813495280

Yatani, K., & Truong, K. N. (2012). BodyScope: A wearable acoustic sensor for activity
recognition. InUbicomp’12: Proceedings of the 2012 acm conference on ubiquitous comput-
ing (pp. 341–350). Pittsburgh, Pennsylvania. doi: 10.1145/2370216.2370269

Yerkes, R. M., & Dodson, J. D. (1908). The relation of strength of stimulus to rapidity of
habit-formation. Journal of Comparative Neurology and Psychology, 18(5), 459–482. doi:
10.1002/cne.920180503

Zacks, J. M. (2015). Flicker: your brain on movies (No. 10). Oxford University Press. doi:
10.5860/choice.190842

Zhang, H., Miller, K. F., Sun, X., & Cortina, K. S. (2020). Wandering eyes: Eye movements
during mind wandering in video lectures. Applied Cognitive Psychology, 34(2), 449–464.
doi: 10.1002/acp.3632

203

https://doi.org/10.1080/1750984X.2012.723728
https://doi.org/10.1080/00222899809601334
https://doi.org/10.1111/cogs.12557
https://doi.org/10.1177/0018720813495280
https://doi.org/10.1145/2370216.2370269
https://doi.org/10.1002/cne.920180503
https://doi.org/10.5860/choice.190842
https://doi.org/10.1002/acp.3632


Zhang, Y., & Kumada, T. (2017). Relationship between workload and mindwandering in
simulated driving. PLoS ONE, 12(5), 1–12. doi: 10.1371/journal.pone.0176962

Zhao, Y., Lofi, C., & Hauff, C. (2017). Scalable mind-wandering detection for MOOCs: A
webcam-based approach. In E. Lavoué, H. Drachsler, K. Verbert, J. Broisin, & M. Pérez-
Sanagustín (Eds.), Ec-tel 2017: Data driven approaches in digital education. (Vol. 10474
LNCS, pp. 330–344). Springer, Cham. doi: 10.1007/978-3-319-66610-5_24

204

https://doi.org/10.1371/journal.pone.0176962
https://doi.org/10.1007/978-3-319-66610-5{_}24


Summary

This dissertation addressed one of the most pervasive aspects of human cognition: internally
oriented attention during mind wandering. During a large part of our day-to-day lives, our
attention is not focused towards the external word around us, but inwards, towards internal
thoughts and feelings that are unrelated to the here and now. My aim was to better under-
standwhat happens in our bodies andbrains aswedetach ourselves from the external physical
environment when mind wandering.

In Chapter 2, I present findings from various studies investigating how individuals mind
wander under a variety of contexts, ranging from performing monotonous laboratory tasks
to interactive classroom settings. I demonstrate that bodily and brain signals change during
episodes of mind wandering and that these signals can be potentially used to catch a mind
wandering episode and bring attention back to the present task.

In Chapter 3, I used mouse-tracking as a method to investigate how motor movements
changewhenever individuals aremindwandering during an attention demanding online task
lasting approximately 20 minutes. During the task, participants had to memorize a contin-
uous stream of letters while at the same time performing mathematical operations on the
screen. After each series, participants were asked to recall the stream of letters in the cor-
rect order. The entire task was performed with a computer mouse. What I found was that
whenever participants were mind wandering, they took longer to initiate a response with the
mouse. They also flipped the mouse back and forth more during a response. These findings
demonstrate that mind wandering is reflected in slower and less direct movements during
performance of an attention-demanding online task.

InChapter 4, I again investigate howmotormovements changewhenever individuals are
mindwandering, but this time during amonotonous tasks. During the task, participants had
to track the path of a ball bouncing back and forth from each corner of the screen. That is,
they had to keep themouse cursor within the ball for approximately one hour. Whenever the
ball became red, participants had to click on it as quickly as possible. Whenever participants
were mind wandering, they made more mistakes in tracking the ball such that the distance
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between participants’ mouse cursors and the ball became greater. The deeper their minds
were wandering, the more mistakes participants made.

InChapter 5, I was interested in whether a tendency tomindwander in daily life affected
howmuch individuals actually mind wandered during performance of a monotonous track-
ing task. It is generally assumed that individuals who report mind wandering more in daily
life should alsomindwandermore inmost situations. However, I found no such correlation.
Participants who reportedmindwanderingmore in daily life did not reportmore episodes of
mindwandering during performance of amonotonous tracking task. Interestingly, however,
these individuals reported having less varied thought content during the task, suggesting that
they may have been more absorbed in a single train of thought.

In Chapter 6, I investigated what brain signals are activated whenever individuals are
mindwandering during amonotonous tracking task. I found that individuals processed rare
instances of changing stimuli more weakly whenever theyweremindwandering, as indicated
by a lower P3 component - a brain signal associated with conscious visual processing. More-
over, I found that low frequency brain waves (delta, theta, alpha), typically stronger during
sleep, were also more active during mind wandering. This is consistent with findings from
previous studies measuring brain signals during performance of different types of tasks. Fi-
nally, I found for the first time, that individualswho report having a greater tendency tomind
wander in daily life also seemed to have generally more active low frequency brain waves.

The applications of these findings are manifold. Imagine having an instrument that is
able tomonitor yourdrivingbehavior anddetermine fromyour steeringmovements,whether
your mind has wandered off and alert you to pay attention towards the road. Or imagine an
app that monitors your mouse movements or scrolls on a screen as you study materials on-
line for an exam and can determine from these movements whether or not you are paying
attention to the current task. With the rise of online education, being able to gain insight
from students’ mouse movements, keystrokes, or scrolling behavior can enable educators to
design courses in amanner that optimally captures attention and can be tailored to individual
needs. In a different scenario, the findings of this dissertation also have relevant applications
in the field of motor rehabilitation, where brain signals could be measured to determine an
individual’s level of attention and used to guide a patient’s exercise regime accordingly. As
discussed in this dissertation, the adverse effects of mind wandering depend largely on the
context in which an individual mind wanders. There are situations in which it might be pro-

206



ductive to actually stimulate an individual to mind wander, as associations reached through
mind wandering could bring about creative solutions to problems. For instance, after pre-
senting an individual with a complex problem, presenting themwith a something akin to the
monotonous visuomotor tracking task used in this dissertation might serve to stimulate an
individual to mind wander and formulate more creative solutions to a problem.

How then canwe knowwhether our thoughts are “grounded” in the present physical en-
vironment or elsewhere “in flight?” The findings presented in this dissertation demonstrate
that the our bodies are largely intertwinedwith ourminds, and consequently, can give us cues
about the whereabouts of our thoughts. When we are mind wandering, fine motor move-
ment becomes slower, less direct, more complex, andmore erratic. The deeper wemindwan-
der, themore erratic our finemotormovements, indicating a greater disengagement with the
present reality. Our brain signals process stimuli from the external environmentmoreweakly
and are more similar to brain waves active during sleep. These cues allow us to take a glimpse
into individuals’ minds and make an informed guess as to whether they are “grounded,” fo-
cused on the present moment, or wandering “in flight.”
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Appendix

Table 7.1: Correlations with 95% Confidence Interval between responses to the MWI and EEG
power for delta, theta, alpha, beta gamma, and the theta‐beta ratio (TBR) recorded 10 seconds prior
to the probe.

r Lower C.I. Upper C.I.
MWI Delta Power 0.34 0.01 0.60

Theta Power 0.23 -0.11 0.52
Alpha Power -0.01 -0.33 0.32
Beta Power -0.03 -0.36 0.30
Gamma Power 0.02 -0.32 0.34
TBR -0.20 -0.50 0.13
FADelta Power 0.33 -0.01 0.59
MWDelta Power 0.35 0.03 0.61

Table 7.2: Correlations with 95% Confidence Interval between responses to the MWI and EEG
power for delta, theta, alpha, beta gamma, and the theta‐beta ratio (TBR) at each cluster (Left‐
Frontal, Right‐Frontal, Left‐Frontal‐Central, Right‐Frontal‐Central, Left‐Central‐Parietal, Right‐
Central‐Parietal, Left‐Parietal‐Occipital , and Right‐Parietal‐Occipital ) and along the anteroposterior
electrodes (Fz, Cz, Pz , Oz ) recorded 10 seconds prior to the probe.

r Lower C.I. Upper C.I.
MWI Left Frontal Delta Power 0.12 -0.22 0.43

Left Frontal Theta Power 0.14 -0.20 0.45
Left Frontal Alpha Power -0.04 -0.36 0.29
Left Frontal Beta Power -0.03 -0.35 0.30
Left Frontal Gamma Power -0.05 -0.37 0.29
Left Frontal TBR -0.11 -0.43 0.22
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Table 7.2: Correlations with 95% Confidence Interval between responses to the MWI and EEG
power for delta, theta, alpha, beta gamma, and the theta‐beta ratio (TBR) at each cluster (Left‐
Frontal, Right‐Frontal, Left‐Frontal‐Central, Right‐Frontal‐Central, Left‐Central‐Parietal, Right‐
Central‐Parietal, Left‐Parietal‐Occipital , and Right‐Parietal‐Occipital ) and along the anteroposterior
electrodes (Fz, Cz, Pz , Oz ) recorded 10 seconds prior to the probe.

r Lower C.I. Upper C.I.
Right Frontal Delta Power 0.31 -0.03 0.58
Right Frontal Theta Power 0.16 -0.18 0.47
Right Frontal Alpha Power 0.07 -0.26 0.39
Right Frontal Beta Power -0.22 -0.51 0.11
Right Frontal Gamma Power -0.19 -0.49 0.15
Right Frontal TBR 0.06 -0.28 0.38
Left Frontal Central Delta Power 0.39 0.07 0.63
Left Frontal Central Theta Power 0.26 -0.07 0.54
Left Frontal Central Alpha Power 0.02 -0.31 0.34
Left Frontal Central Beta Power -0.08 -0.40 0.25
Left Frontal Central Gamma Power -0.05 -0.37 0.28
Left Frontal Central TBR -0.19 -0.49 0.15
Right Frontal Central Delta Power 0.33 0.01 0.60
Right Frontal Central Theta Power 0.21 -0.13 0.50
Right Frontal Central Alpha Power 0.02 -0.31 0.35
Right Frontal Central Beta Power -0.13 -0.44 0.21
Right Frontal Central Gamma Power -0.04 -0.37 0.29
Right Frontal Central TBR -0.12 -0.43 0.22
Left Central Parietal Delta Power 0.28 -0.05 0.56
Left Central Parietal Theta Power 0.19 -0.15 0.49
Left Central Parietal Alpha Power -0.06 -0.38 0.28
Left Central Parietal Beta Power 0.09 -0.24 0.41
Left Central Parietal Gamma Power 0.03 -0.31 0.35
Left Central Parietal TBR -0.23 -0.52 0.11
Right Central Parietal Delta Power 0.29 -0.04 0.57
Right Central Parietal Theta Power 0.21 -0.13 0.50
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Table 7.2: Correlations with 95% Confidence Interval between responses to the MWI and EEG
power for delta, theta, alpha, beta gamma, and the theta‐beta ratio (TBR) at each cluster (Left‐
Frontal, Right‐Frontal, Left‐Frontal‐Central, Right‐Frontal‐Central, Left‐Central‐Parietal, Right‐
Central‐Parietal, Left‐Parietal‐Occipital , and Right‐Parietal‐Occipital ) and along the anteroposterior
electrodes (Fz, Cz, Pz , Oz ) recorded 10 seconds prior to the probe.

r Lower C.I. Upper C.I.
Right Central Parietal Alpha Power 0.00 -0.33 0.33
Right Central Parietal Beta Power 0.09 -0.24 0.41
Right Central Parietal Gamma Power 0.16 -0.18 0.47
Right Central Parietal TBR -0.29 -0.57 0.04
Left Parietal Occipital Delta Power 0.32 -0.01 0.58
Left Parietal Occipital Theta Power 0.23 -0.11 0.52
Left Parietal Occipital Alpha Power -0.02 -0.34 0.32
Left Parietal Occipital Beta Power -0.07 -0.39 0.26
Left Parietal Occipital Gamma Power -0.07 -0.39 0.27
Left Parietal Occipital TBR -0.13 -0.44 0.21
Right Parietal Occipital Delta Power 0.31 -0.02 0.58
Right Parietal Occipital Theta Power 0.22 -0.12 0.51
Right Parietal Occipital Alpha Power -0.04 -0.36 0.29
Right Parietal Occipital Beta Power 0.22 -0.11 0.51
Right Parietal Occipital Gamma Power 0.41 0.10 0.65
Right Parietal Occipital TBR -0.38 -0.63 -0.05
Fz Delta Power 0.34 0.01 0.60
Fz Theta Power 0.19 -0.15 0.48
Fz Alpha Power 0.01 -0.32 0.34
Fz Beta Power 0.02 -0.31 0.35
Fz Gamma Power 0.17 -0.17 0.47
Fz TBR -0.22 -0.51 0.12
Cz Delta Power 0.25 -0.09 0.53
Cz Theta Power 0.19 -0.14 0.49
Cz Alpha Power -0.03 -0.36 0.30
Cz Beta Power -0.01 -0.34 0.32
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Table 7.2: Correlations with 95% Confidence Interval between responses to the MWI and EEG
power for delta, theta, alpha, beta gamma, and the theta‐beta ratio (TBR) at each cluster (Left‐
Frontal, Right‐Frontal, Left‐Frontal‐Central, Right‐Frontal‐Central, Left‐Central‐Parietal, Right‐
Central‐Parietal, Left‐Parietal‐Occipital , and Right‐Parietal‐Occipital ) and along the anteroposterior
electrodes (Fz, Cz, Pz , Oz ) recorded 10 seconds prior to the probe.

r Lower C.I. Upper C.I.
Cz Gamma Power 0.09 -0.25 0.41
Cz TBR -0.27 -0.55 0.07
Pz Delta Power 0.13 -0.21 0.44
Pz Theta Power 0.07 -0.26 0.39
Pz Alpha Power -0.06 -0.38 0.27
Pz Beta Power 0.08 -0.26 0.40
Pz Gamma Power -0.04 -0.36 0.29
Pz TBR -0.18 -0.48 0.16
Oz Delta Power 0.39 0.07 0.64
Oz Theta Power 0.31 -0.02 0.58
Oz Alpha Power 0.08 -0.25 0.40
Oz Beta Power -0.15 -0.46 0.19
Oz Gamma Power -0.15 -0.46 0.19
Oz TBR -0.10 -0.42 0.24

Table 7.3: Correlations with 95% Confidence Interval between power at delta, theta, alpha, beta,
gamma, and the theta‐beta ratio (TBR) at electrodes Cz and Pz (recorded 10 seconds prior to the
probe) with the P3, the MWI and MW frequency.

r Lower C.I. Upper C.I.
P3Cz FA Cz Delta Power 0.33 0.00 0.59

Cz Theta Power 0.33 0.00 0.59
Cz Alpha Power 0.10 -0.24 0.41
Cz Beta Power -0.31 -0.58 0.03
Cz Gamma Power -0.02 -0.35 0.31
Cz TBR -0.17 -0.47 0.17
Pz Delta Power 0.14 -0.20 0.44
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Table 7.3: Correlations with 95% Confidence Interval between power at delta, theta, alpha, beta,
gamma, and the theta‐beta ratio (TBR) at electrodes Cz and Pz (recorded 10 seconds prior to the
probe) with the P3, the MWI and MW frequency.

r Lower C.I. Upper C.I.
Pz Theta Power 0.15 -0.19 0.45
Pz Alpha Power -0.03 -0.35 0.31
Pz Beta Power -0.13 -0.44 0.21
Pz Gamma Power -0.02 -0.35 0.31
Pz TBR -0.05 -0.37 0.29
MWI -0.02 -0.35 0.31
MW frequency 0.31 -0.02 0.58

P3CzMW Cz Delta Power 0.38 0.06 0.63
Cz Theta Power 0.37 0.05 0.62
Cz Alpha Power 0.13 -0.21 0.44
Cz Beta Power -0.34 -0.60 -0.02
Cz Gamma Power -0.03 -0.35 0.30
Cz TBR -0.20 -0.50 0.14
Pz Delta Power 0.19 -0.15 0.49
Pz Theta Power 0.19 -0.15 0.49
Pz Alpha Power -0.02 -0.34 0.31
Pz Beta Power -0.19 -0.49 0.15
Pz Gamma Power -0.07 -0.39 0.27
Pz TBR -0.04 -0.37 0.29
MWI -0.05 -0.37 0.28
MW frequency 0.33 0.00 0.60

P3Pz FA Cz Delta Power -0.04 -0.37 0.29
Cz Theta Power 0.00 -0.33 0.33
Cz Alpha Power 0.06 -0.27 0.38
Cz Beta Power 0.01 -0.32 0.34
Cz Gamma Power -0.03 -0.36 0.30
Cz TBR -0.01 -0.34 0.32
Pz Delta Power 0.22 -0.12 0.51
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Table 7.3: Correlations with 95% Confidence Interval between power at delta, theta, alpha, beta,
gamma, and the theta‐beta ratio (TBR) at electrodes Cz and Pz (recorded 10 seconds prior to the
probe) with the P3, the MWI and MW frequency.

r Lower C.I. Upper C.I.
Pz Theta Power 0.23 -0.11 0.52
Pz Alpha Power 0.14 -0.20 0.45
Pz Beta Power -0.08 -0.40 0.25
Pz Gamma Power 0.01 -0.32 0.34
Pz TBR -0.20 -0.50 0.14
MWI -0.25 -0.54 0.08
MW frequency -0.04 -0.36 0.29

P3PzMW Cz Delta Power 0.06 -0.28 0.38
Cz Theta Power 0.11 -0.23 0.42
Cz Alpha Power 0.12 -0.22 0.43
Cz Beta Power -0.05 -0.37 0.29
Cz Gamma Power -0.05 -0.37 0.28
Cz TBR -0.11 -0.42 0.23
Pz Delta Power 0.31 -0.03 0.58
Pz Theta Power 0.33 0.00 0.59
Pz Alpha Power 0.22 -0.12 0.51
Pz Beta Power -0.15 -0.46 0.19
Pz Gamma Power -0.06 -0.38 0.28
Pz TBR -0.26 -0.54 0.08
MWI -0.25 -0.53 0.09
MW frequency -0.05 -0.37 0.28

Table 7.4: Correlations with 95% Confidence Interval between power at delta, theta, alpha, beta,
gamma, and the theta‐beta ratio (TBR) for MW and FA epochs at electrode Cz (recorded 10 seconds
prior to the probe) with the P3, the MWI, and MW frequency.

r Lower C.I. Upper C.I.
P3Cz FA FADelta Power 0.33 0.01 0.60
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Table 7.4: Correlations with 95% Confidence Interval between power at delta, theta, alpha, beta,
gamma, and the theta‐beta ratio (TBR) for MW and FA epochs at electrode Cz (recorded 10 seconds
prior to the probe) with the P3, the MWI, and MW frequency.

r Lower C.I. Upper C.I.
FA Theta Power 0.35 0.02 0.61
FA Alpha Power 0.13 -0.21 0.44
FA Beta Power -0.32 -0.59 0.01
FA Gamma Power -0.01 -0.34 0.32
FA TBR -0.19 -0.49 0.15
MWDelta Power 0.33 0.00 0.59
MWTheta Power 0.31 -0.03 0.58
MWAlpha Power 0.07 -0.26 0.39
MWBeta Power -0.29 -0.57 0.04
MWGamma Power -0.03 -0.36 0.30
MWTBR -0.14 -0.45 0.20
MWI -0.02 -0.35 0.31
MW frequency 0.31 -0.02 0.58

P3CzMW FADelta Power 0.39 0.07 0.64
FA Theta Power 0.39 0.07 0.64
FA Alpha Power 0.15 -0.19 0.46
FA Beta Power -0.35 -0.61 -0.03
FA Gamma Power -0.01 -0.34 0.32
FA TBR -0.22 -0.51 0.11
MWDelta Power 0.37 0.05 0.62
MWTheta Power 0.35 0.03 0.61
MWAlpha Power 0.10 -0.24 0.42
MWBeta Power -0.33 -0.59 0.00
MWGamma Power -0.05 -0.37 0.29
MWTBR -0.17 -0.47 0.17
MWI -0.05 -0.37 0.28
MW frequency 0.33 0.00 0.60
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