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Multitasking involves performing more than one task in parallel or in a serial manner.

Improving multitasking performance is particularly crucial in safety-critical environments,

where performance decrement can lead to serious or even life-threatening consequences.

For example, engaging in secondary tasks while driving, commonly known as distracted

driving, is one of the main contributors to tra”c accidents. In the field of aviation, several

fatal aircraft crashes have also been linked to pilots’ errors during multitasking. Despite

the crucial need to enhance multitasking performance, existing studies continue to rely on

retrospective behavioral measurements, which are insu”cient for continuously tracking and

predicting individuals’ multitasking performance. Furthermore, despite the widespread use

of automation in human-system interactions, there is a lack of research on how to design

automation in multitasking environments.

This dissertation aims to answer four research questions: 1) Which factors impact multi-

tasking performance in practical scenarios? 2) Which neurophysiological responses indicate

changes in multitasking performance? 3) How can multitasking performance be estimated

over time using probabilistic modeling? 4) How multitasking performance can be enhanced

by automation? To answer these research questions, a mix of survey, behavioral, and neu-

rophysiological data recorded from both controlled experiments and field studies was used.



The findings of this dissertation can be applied in safety-critical settings to reduce opera-

tors’ multitasking errors, enable timely and e!ective interventions, and ultimately mitigate

safety risks.
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Chapter 1

INTRODUCTION

Multitasking is a common part of our daily life. People often choose to multitask to get

things done more quickly, but sometimes multitasking might lead to the opposite outcome

and hurt our performance. Performing multitasking in a timely and accurate manner has

become an essential and valuable skill in modern workplaces (Chérif et al., 2018; Liu and

Nam, 2018). Advancements in technology and media have increased the volume of informa-

tion individuals need to handle, which also brings the need to navigate multiple devices and

tools simultaneously. However, multitasking can sometimes result in reduced performance

for each sub-task. For example, replying to emails during a conference call may cause you to

miss important parts of the discussion. Given the prevalence of multitasking, it is important

to mitigate the potential downsides of multitasking and enhance multitasking performance

(Chérif et al., 2018).

In safety-critical environments, multitasking errors can lead to significant consequences.

In clinical settings, there is a growing demand for clinicians to multitask to ensure e”cient

healthcare treatment (Heng, 2014; Weigl et al., 2013). Poor multitasking has been associ-

ated with medical errors and infection control failures, posing a severe risk to patient safety

(Weigl et al., 2013). A study by Westbrook et al. (2018) found higher prescribing error

rates when emergency physicians multi-tasked by placing medication orders and handling

other tasks at the same time. Another study based on the Manufacturer and User Facility

Device Experience database revealed that 48% of reported fatalities associated with infu-

sion pumps were due to nurses’ errors during multitasking (Clark et al., 2006). In aviation,

air-tra”c controllers are responsible for managing multiple tasks simultaneously, such as

managing aircraft and air-tra”c flow, giving accurate commands to pilots, and responding

to any weather change or emergencies (Bernhardt et al., 2019; Hopkin, 2017). A non-

negligible proportion of aviation accidents and incidents can be attributed to controllers’
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multitasking errors (Pape et al., 2001). Beyond the workplace, driving is one of the most

common multitasking situations in our daily lives. The prevalent use of smartphones and

in-car entertainment systems has promoted more multitasking during driving, which is a

major contributor to vehicle-pedestrian collisions (Regan et al., 2011). The National High-

way Tra”c Safety Administration reported that distracted driving contributed to 23,000

fatalities in tra”c accidents from 2012 to 2018 (Sajid Hasan et al., 2022).

The growing demand for multitasking, along with the potential for severe consequences

of multitasking errors, highlights the need to explore e!ective strategies for enhancing multi-

tasking performance. Two complementary approaches could be used to tackle this challenge.

One approach is to develop robust models that accurately predict multitasking performance,

enabling timely intervention and reducing the impact of errors. The second approach is to

design e!ective interventions that improve operators’ ability to handle multitasking.
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Chapter 2

LITERATURE REVIEWS

This dissertation aims to enhance human operators’ multitasking performance in prac-

tical scenarios, thereby improving the overall productivity and safety in high-risk environ-

ments. This chapter provides an overview of relevant studies to establish a deeper under-

standing of the topic, covering theories that explain performance decrements in multitasking,

key factors and reliable indicators of multitasking performance, appropriate modeling tech-

niques, and intervention methods. The chapter concludes with a discussion of the research

goals and questions that will be addressed in the subsequent chapters.

2.1 Multitasking Paradigms

Multitasking refers to performing two or more tasks either simultaneously or sequentially

(Chérif et al., 2018; Spink et al., 2008). There are two main paradigms of multitasking:

dual-task and task switching (Różańska and Gruszka, 2020; Spink et al., 2008). In practical

multitasking environments, individuals might also process multiple tasks in a combination

of dual-task and task-switching (Broeker et al., 2018).

2.1.1 Dual-task

The dual-task paradigm involves performing two tasks in parallel (Himi et al., 2019; Lin,

2013). Some studies also extend the concept of “dual-task” to include conducting more than

two tasks simultaneously (Chérif et al., 2018; Lui and Wong, 2020). Individuals’ attention is

divided in dual-tasking, and their performance is diminished compared to when each task is

performed in isolation (Koch et al., 2018). This decrement is termed dual-task interference.

For example, when two stimuli are presented with varying time overlap, the reaction time

for the second stimulus becomes longer as the intervals between the onset of the two stimuli

become shorter (Pashler, 1994).
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2.1.2 Task Switching

Task switching refers to individuals shifting among multiple tasks and processing them in

a sequential manner (Koch et al., 2018; Monsell, 2003). In situations where dual-tasking

is impractical, task switching occurs, requiring individuals to engage in only one task at a

time and temporarily suspend the others (Lee et al., 2008). Researchers have observed a

switch cost after task switching: operators need a period to initiate the upcoming task and

recover the e”ciency, leading to a performance decrement (e.g., longer response times or

higher error rates) compared to non-switching or task-repetition conditions (Broeker et al.,

2018; Monsell, 2003; Spink et al., 2008).

2.2 Performance Decrement During Multitasking

Multitasking often leads to reduced performance compared to focusing on each task sep-

arately. This section introduces theories and explanations for the performance decrement

observed in multitasking within the dual-task and task switching paradigms. These the-

ories not only provide a foundation for modeling multitasking performance but also o!er

theoretical insights into how such performance decrements can be mitigated.

2.2.1 Dual-task Interference

Since the last century, researchers have developed diverse theories to explain the multi-

tasking performance decrement in dual-task scenarios. The Bottleneck Theory posits that

specific stages in information processing act as bottlenecks, restricting the ability to process

multiple tasks simultaneously (Pashler, 1993). This assumption helps explain why individ-

uals face challenges in dual-tasking compared to performing a single-task. The Resource

Theory assumes a general resource with limited capacity that can be allocated among multi-

ple tasks and all stages of information processing, o!ering an explanation for the fluctuation

in multitasking performance corresponding to changes in task demand (Kahneman, 1973;

Navon and Gopher, 1979; Wickens, 2008). However, these theories have limitations as they

fall short of explaining practical situations where multiple demanding tasks can be executed

in a perfect time-sharing manner (Meyer and Kieras, 1997; Pew and Mavor, 1998; Wickens,

2020).
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Multiple Resource Theory (MRT) (Wickens, 2002) explains the performance decrement

in dual-task by hypothesizing that an individual’s attentional resources can be categorized

into multiple resource pools. Tasks requiring resources from the same pool are more likely to

interfere with each other, whereas tasks that require resources from di!erent pools within

each dimension are less prone to interfere. The interference between tasks can result in

performance decrements. MRT is based on the Resource Theory but discards the assump-

tion of a central unitary resource and, instead, introduces dimensions representing distinct

resource pools (Kahneman, 1973; Navon and Gopher, 1979; Wickens, 2008). The resource

pools in MRT include the stages of information processing (perceptual/cognitive or action),

the codes of processing (spatial or verbal), and modalities (auditory or visual) (Wickens,

2002). The dichotomies in each dimension are considered separate resource pools. MRT

explains how humans manage and execute multiple tasks and accommodates the situa-

tions where certain tasks can be performed simultaneously without significant interference

(Wickens, 2008,2).

• Stages of information processing. The dimension of information processing stage

assumes two separate pools for perceptual/cognitive activities and execution of re-

sponses. In practical terms, this suggests that the interference caused by responding

to one task is less likely to a!ect another task that is more perceptual or cognitively de-

manding. This division aligns with the evidence that perceptual-cognitive processing

is linked to the reticular activating system, whereas the response stage is associated

with the limbic system (Meyer and Kieras, 1997).

• Codes of information processing. The processing code dimension refers to spatial and

verbal information being processed using separate resource pools. This dichotomy

can be explained by the fact that the processing of spatial information is primarily

associated with the right hemisphere of the brain, while verbal information processing

is typically associated with the left hemisphere (Nagel et al., 2013).

• Modalities. In the modality dimension, MRT proposes distinct pools for auditory

and visual processing. For instance, listening to music is less likely to interfere with
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reading news on your cell phone, while reading news during driving is more likely to

interfere because both tasks demand the resource of visual perception. This division

aligns with the evidence that visual or auditory stimuli activate di!erent lobes of the

brain (O’Leary et al., 1997).

Figure 2.1: The Multiple Resource Theory model (Adapted from Wickens (2002)).

MRT has been employed to explain multitasking performance in diverse environments.

For instance, it served as the theoretical foundation for the development of an air tra”c

controller behavioral model (Volf et al., 2014). This model was constructed based on the

assumption of limited pools of modalities and stages of information processing to simulate

the workload change of air tra”c controllers. In driving scenarios, countermeasures have

been implemented to discourage smartphone use while driving. According to MRT, both

activities are visually demanding, and using a smartphone is highly likely to interfere with

driving, posing safety risks (Hassani et al., 2017).
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2.2.2 Task Switching Cost

Previous studies have identified two main explanations for the switching cost (Evans et al.,

2015). The first explanation for switching cost is task-set reconfiguration. A task-set refers

to the mental set-up that enabling an individual to perform a task e!ectively. The task-

set reconfiguration refers to the process that individuals prepare for the new coming task,

including shifting attention to the new task and retrieving information about what to do and

how to do it from working memory (Courage et al., 2015; Kiesel et al., 2010; Monsell, 2003).

This process requires a period of time and leads to a longer reaction time. The second reason

for switching cost is task-set inertia. Task-set inertia describes the interference from the

previous task, where the task-set associated with a previous task persists and influences an

individual’s performance on the new task (Courage et al., 2015; Evans et al., 2015; Monsell,

2003). It results in a longer reaction time or a higher likelihood of errors during and even

after task-switching.

2.3 Factors Impacting Multitasking Performance

Identifying the factors that impact multitasking performance is essential for modeling, pre-

dicting, and enhancing it. A clear understanding of these factors o!ers insight into how

individuals are influenced by multitasking environments (Chérif et al., 2018). These factors

can be broadly categorized into task-related factors and individual factors. This section

reviews several key factors that are further examined in the following chapters.

2.3.1 Task Complexity

Task complexity has been shown to a!ect individuals’ performance during multitasking

(Liu et al., 2016; Valéry et al., 2019). Task complexity can be defined in several ways, and

this dissertation adopts the definition provided by Robinson (2001), which characterizes

task complexity as “a result of resource requirement” (Liu and Li, 2012). The higher the

information load generated by the task, the greater the task complexity, leading to a greater

demand for attentional resources (Liu and Li, 2012; Robinson, 2001). An increase in task

complexity is linked to greater interference among tasks in dual-tasking (Wickens, 2020)

and is also associated with higher switching costs in task switching (Kiesel et al., 2010;



8

Monsell, 2003).

2.3.2 Task Repetition

Task repetition refers to the repeated execution of the same tasks. Previous studies have

suggested that task repetition makes the tasks more predictable and decreases their demand

on attentional resources (Broeker et al., 2018; Kida et al., 2012). Task repetition can

also improve attention allocation by directing operators’ attention to more task-relevant

information or the most beneficial tasks (Gri”ths et al., 2004; Lemonnier et al., 2020;

Martens and Fox, 2007).

2.3.3 Sensory Modality

Sensory modality refers to the channel through which individuals receive information from

environmental stimuli. These stimuli are typically classified based on the sensory receptors

they activate (Auvray and Spence, 2008). Typical sensory modalities include visual, audi-

tory, and tactile, but visual and auditory modalities are predominant in most multitasking

settings (Hutmacher, 2019). In dual-tasking, according to multiple resource theory (Wick-

ens, 2002), multitasking interference is greater when tasks use the same sensory modality

(e.g., two visual tasks) and lower when tasks use di!erent modalities (e.g., one visual task

and one auditory task). Similarly, Wahn et al. (2017) demonstrated in a dual-task paradigm

that distributing tasks across di!erent sensory channels leads to improved overall perfor-

mance and better management of individual subtasks. Modality plays a complex role in

task-switching, though findings across studies are not entirely consistent (Peng et al., 2018).

Some early studies suggest that shifting attention between modalities can lead to perfor-

mance decrement, resulting in longer response times (Hunt and Kingstone, 2004; Waszak

et al., 2003). In contrast, others reported a facilitative e!ect, where switching between

modalities actually reduced task-switching costs, possibly due to interference reduction

(Murray et al., 2009). Additionally, some studies suggest that the e!ect of modality on

multitasking performance depends on the interplay between sensory modality and the type

of responses (Fintor et al., 2018; Stephan and Koch, 2011).
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2.3.4 Task Priority

The priority of a task refers to its level of importance compared to other tasks (Barg-Walkow

and Rogers, 2017). The priority level assigned to a task influences the amount of attentional

resources it is allocated (Iani and Wickens, 2007; Valéry et al., 2019). A task assigned higher

priority receives a larger share of the available resources when competing with other tasks.

In task-switching scenarios, individuals are more inclined to switch to prioritized tasks or

stay on the ongoing task if it has the highest priority (Wickens et al., 2015).

2.3.5 Individual Factors

There are individual di!erences in multitasking performance. Aging can significantly impact

individuals’ multitasking ability, as it has been related to declines in information processing

speed and attention capability (McAvinue et al., 2012; Verhaeghen et al., 2003). Previ-

ous studies also demonstrate that older people have reduced working memory capacity

and deteriorated executive functions, which further limit their ability to multitask. As for

scenario-specific multitasking, such as distracted driving, individuals’ expertise level can

also a!ect their performance (Horrey et al., 2008). Studies have shown that novice drivers

are more susceptible to the detrimental e!ects of multitasking while driving, leading to a

higher likelihood of accidents (Klauer et al., 2014; Stavrinos et al., 2020).

Despite theoretical and empirical findings on key factors a!ecting multitasking, many

existing studies are limited in their ability to translate these insights into practical scenarios.

Most studies on multitasking have focused on highly controlled experiments, where condi-

tions are regulated to isolate specific factors. To conduct a more comprehensive analysis

of influential factors in multitasking, this research addresses the following question using

two datasets: one from a simulator replicating pilots’ routine tasks and another from a

naturalistic driving study:

RQ1: Which factors impact multitasking performance in practical scenarios?

2.4 Neurophysiolgoical Indicators of Multitasking Performance

Continuous monitoring of multitasking performance is essential for accurate modeling and

timely intervention, especially in safety-critical environments. Performance decrement in
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multitasking fluctuates over time based on task demands, interactions between tasks, and

operators’ strategies (Plummer and Eskes, 2015). Recent advancements have enhanced the

portability, unobtrusiveness, and automated signal processing of neurophysiological sensors

(Dehais et al., 2020). These improvements have made them highly e!ective for detecting

changes in multitasking performance across diverse task settings.

2.4.1 Eye Movements

An eye tracker detects the position and movement of the eyes using infrared light or high-

resolution cameras (Kredel et al., 2017). Fixation metrics are commonly used components of

eye movement in multitasking research. Eye fixation occurs when a person’s eyes maintain

a steady gaze on a point for at least 100 milliseconds (Borys and Plechawska-Wójcik, 2017;

Castet and Crossland, 2012). The number of fixations and fixation duration are key eye-

tracking metrics in multitasking studies, reflecting the engagement of visual attention and

the time required to process stimuli on a visual target (Eckstein et al., 2017). Areas of

Interest (AOI) metrics are used to examine task-specific eye movement patterns and evaluate

how participants allocate their attention during multitasking (Becker, 2011; Cui et al., 2024).

Analyzing fixation and AOI metrics provides insights into how individuals allocate their

attention during multitasking and reveals the underlying cognitive processes and strategies.

2.4.2 Brain Signals

An electroencephalogram (EEG) captures the brain’s electrical activity through electrodes

placed on the scalp (Jackson and Bolger, 2014). Previous studies often utilize the power

spectral density of frequency bands to understand how the brain functions and adapts to

task designs (Klimesch, 2018). Frequency band power is derived by decomposing the EEG

signals into several frequency bands, including delta (1–4 Hz), theta (4–8 Hz), alpha (8–12

Hz), beta (12–30 Hz), and gamma (30–100 Hz) (Kim and Im, 2018). Among them, theta-

and alpha-band power are associated with attention allocation. Theta-band power can

reflect the activation of high-level cognitive processes and is sensitive to the task demand

(Cavanagh and Frank, 2014; Gevins et al., 1998; Klimesch, 1999). Alpha-band power is

related to processing task-related information and can also indicate the demand for attention
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during multitasking (Foxe and Snyder, 2011; Klimesch, 2018; Puma et al., 2018).

2.4.3 Multisensory Data

Rather than solely relying on one measurement, recent studies have been using multisensor

data to model human performance and cognitive states. Multisensor approaches are favored

because they provide complementary data that single sensors might miss, mitigate the noise

susceptibility of single sensors, and ultimately improve prediction accuracy (Al Imran et al.,

2024; Brunzini et al., 2024; Iqbal et al., 2024). For example, Al Imran et al. (2024) argue that

single-sensor approaches may fail to capture certain aspects of fatigue, while multisensor

methods can capture complementary information to enhance detection accuracy. Khosravi

et al. (2024) combined eye-tracking, electrodermal activity, and photoplethysmography to

monitor mind-wandering in students. Their integrated model showed higher prediction

accuracy than those relying on only one sensor by obtaining higher prediction accuracy.

Although research has indicated the potential of neurophysiological responses in reflect-

ing multitasking performance across diverse task settings, there is a lack of studies using

them together to continuously monitor multitasking performance. Most studies still rely on

measures such as overall error rates or averaged reaction times for post-task assessment of

multitasking performance (Meng et al., 2021; Szumowska and Kossowska, 2016; Westbrook

et al., 2018), which are asynchronous and lack information during the multitasking pro-

cess (Moacdieh et al., 2020). To address these limitations, I propose the following research

question in this dissertation:

RQ2: Which neurophysiological responses indicate the changes in multitasking perfor-

mance?

2.5 Probabilistic Modeling

One of the main challenges in using neurophysiological responses in real-world settings is

their low signal-to-noise ratio. These responses are influenced by various sources of environ-

mental uncertainty. Probabilistic models can account for these uncertainties by identifying

the probabilistic distribution of variables (Ghahramani, 2015; Murphy et al., 2002). Proba-

bilistic models allow researchers to incorporate prior knowledge into the modeling process.
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Leveraging established theoretical and empirical findings as priors can enhance the model’s

interpretability and generalizability (Ghahramani, 2013). Given these advantages, the ap-

plication of probabilistic modeling in multitasking research has not yet been fully explored.

The potential of probabilistic models to estimate multitasking performance over time re-

mains an open question, leading to the third research question in this dissertation:

RQ3: How can multitasking performance be predicted over time using probabilistic

modeling?

2.6 Automation Intervention

Automation is recognized as an e!ective tool for enhancing multitasking performance by

reducing the demand for attentional resources across various stages of information processing

(Onnasch et al., 2014; Parasuraman and Wickens, 2017; Sato et al., 2023b). Automation is

defined as a system that performs partial or full functions previously handled by by human

operators (Chérif et al., 2018; Parasuraman et al., 2000). It has been widely applied in

real-world settings to assist human operators in multitasking, particularly in safety-critical

areas. An example of automation in driving is advanced driver assistance systems, which are

now commonly equipped in modern vehicles. These systems improve driving performance

by assisting drivers with various manipulations such as blind-spot detection, lane change

assistance, and cruise control (Nidamanuri et al., 2021).

2.6.1 Full Automation

Full automation refers to systems that execute all tasks without human intervention, thereby

eliminating the need for manual control. It has been implemented in some industries, such

as automotive manufacturing, where automated assembly lines perform repetitive tasks

like welding and significantly improve the productivity Papulová et al. (2022). One ma-

jor limitation of full automation is that no automation system is 100% reliable; machines

may fail or struggle to respond e!ectively to unpredictable events. Consequently, human

monitoring is still necessary for some critical tasks to prevent failures or malfunctions of

automation (Ferraro and Mouloua, 2021; Onnasch et al., 2014). Studies have emphasized

that monitoring automation can foster over-reliance on automation, which can negatively



13

impact performance and even result in severe consequences (Yamani and Horrey, 2018), or

conversely, increase the workload on the human monitor (Endsley, 2017).

2.6.2 Partial Automation

Partial automation has been increasingly integrated into daily activities, allowing systems to

handle some tasks while leaving others under human control. For example, partial automa-

tion in aviation enhances pilots’ multitasking performance by automating routine tasks,

thereby reducing total task demands and pilot workload (Wang et al., 2021). The autopilot

system maintains altitude, heading, and speed, but pilots remain responsible for communi-

cating with air tra”c controllers and handling safety-critical situations, such as those that

require the pilots to make evasive maneuvers to avoid collisions (Metzger and Parasuraman,

2017). In addition, pilots are expected to continuously monitor the automated system to

detect and mitigate automation failures (Vu et al., 2012).

Compared to full automation, partial automation requires less investment in technology

and reduces operator overreliance on automation by keeping humans in the loop (Endsley,

2017). Previous studies indicate that partial automation enables operators to intervene when

automated systems encounter errors or human judgment is essential, thereby improving

error mitigation and overall safety (Carsten and Martens, 2019; Parasuraman et al., 2000).

However, a key challenge in implementing partial automation is determining which tasks

should be automated. When designing the automation strategy, system engineers must

consider the attributes of each task and the task’s impact on human operators, ensuring

that the automation supports rather than hinders operators’ ability to manage multiple

tasks e!ectively.

Although numerous studies have explored the usefulness of automation in a variety of

task settings, these tasks are usually investigated in isolation, and limited e!ort has been

devoted to understanding how to achieve better multitasking performance with the aid of

automation (Calhoun, 2022). This limitation of current studies leads to the fourth research

question in this dissertation:

RQ4: How multitasking performance can be enhanced by automation?
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2.7 Research Goals and Summary of Research Questions

This dissertation aims to develop an integrated, data-driven framework for enhancing mul-

titasking performance by constructing accurate predictive models and exploring e!ective

intervention design. To achieve this objective, four key research questions are addressed, as

outlined in Table 2.1.

Table 2.1: Research questions and corresponding chapters.

Research question Chapter

RQ1. Which factors impact multitasking performance in practical scenarios? Chapters 3 & 4

RQ2. Which neurophysiological responses indicate changes in multitasking performance? Chapter 4

RQ3. How can multitasking performance be predicted over time using probabilistic modeling? Chapter 5

RQ4. How multitasking performance can be enhanced by automation? Chapter 6

To systematically investigate these questions, the dissertation is organized into a se-

ries of chapters. Chapter 3 investigated the factors impacting multitasking in a real-world

scenario, distracted driving, by analyzing a naturalistic driving dataset; Chapter 4 identi-

fied task-related factors of multitasking performance and explored the neurophysiological

indicators in a lab experiment; In Chapter 5, I built a dynamic Bayesian Network (DBN)

to model individuals’ multitasking performance overtime. To validate its e!ectiveness in

modeling multitasking performance, I made comparison analysis with other commonly-used

models; In Chapter 6, I conducted a lab experiment examining how to design automation

intervention, specifically focusing on how to select tasks for partial automation based on

sensory modality and task priority in order to enhance overall multitasking performance.
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Chapter 3

MODELING DISTRACTED DRIVING BEHAVIOR BY
IDENTIFYING FACTORS FROM NATURALISTIC DATA

Multitasking in driving requires the allocation of limited attentional resources to both

driving and non-driving activities. Driving is a unique multitasking situation in which driv-

ing is the primary and only critical task, while all other activities are considered secondary

tasks. This section seeks to address RQ1 by identifying factors of multitasking performance

in a real-world scenario. Dataset from the second Strategic Highway Research Program

(SHRP2) were utilized for this study.

This study assessed multitasking performance using four driving performance measures:

speed, gas pedal usage, lane position, and the number of hands on the steering wheel.

Using k-means clustering, nine secondary tasks were categorized into three groups based on

their similarities in these measures. Results from the mix-e!ects logit model identified the

factors contributing to the likelihood of drivers’ engagement in the three groups of secondary

tasks. This study o!ers a better understanding of drivers’ decision-making in secondary task

engagement and provides insights for selecting e!ective interventions to prevent di!erent

types of secondary activities in driving.

3.1 Introduction

Pedestrian-vehicle conflicts are a major concern across the world (WHO, 2018). From

2009 to 2016, pedestrian fatalities at intersections have increased on average 5.2% per year

(Hu and Cicchino, 2018). A major contributor of vehicle-pedestrian collisions is driver

inattention and driver distraction (Regan et al., 2011; Sajid Hasan et al., 2022). The

widespread use of smartphones and in-car entertainment systems have encouraged more

non-driving activities during driving. Distracted driving may negatively impact a driver’s

ability to see pedestrians at intersections.

Multiple resource theory provides a basis for characterizing the secondary tasks with
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respect to visual, auditory, cognitive, and manual distractions in driving (Kimura et al.,

2022; Neyens and Boyle, 2008; Stavrinos et al., 2018; Young et al., 2007). Visual distrac-

tion occurs when the drivers’ view is on non-roadway objects, and auditory distraction

occurs when the driver is focused on an auditory stimulus (e.g., listening to conversation).

Cognitive distraction is associated with the state of “mind o! the road” (Stavrinos et al.,

2018), and manual distraction refers to when the drivers physical movements are not driv-

ing related. Visual and manual distractions are often considered to be the greater risks

given the visual-manual demanding nature (Young et al., 2007). However, it is common

that a secondary task involves two or more distracting components in naturalistic driving

scenarios, which makes it challenging to assess the compound e!ects of multiple distraction

components on driving safety (Zhang et al., 2014).

Distracted driving can also be characterized in terms of driving performance measures

(Papantoniou et al., 2017; Qin et al., 2019) related to longitudinal and lateral vehicle control

(Choudhary and Velaga, 2017a; Kashevnik et al., 2021; Oviedo-Trespalacios et al., 2016),

and reaction time to roadway events (Kashevnik et al., 2021; Qin et al., 2019; Svetina, 2016).

Given that no single measure can completely capture the impacts of distracted driving, a

combination of these performance measures is considered in this study to provide a more

comprehensive understanding of the driver (Young et al., 2009).

The goal of this study is to better understand drivers’ engagement in secondary tasks,

with the aim of providing valuable insights for enhancing pedestrian safety at intersections.

To achieve this, the study focused on identifying factors that influence drivers’ secondary

task behaviors.

3.2 Methods

3.2.1 Dataset

SHRP2 is a naturalistic driving study that collected data from 2008 to 2013. More than

3,400 drivers were recruited from six states in the US. The data acquisition system used in

the SHRP2 program was capable of collecting time series vehicle and video data from each

traversal taken by participants. The recorded videos included the forward view, rear view,
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face of the driver, and dashboard view using four video cameras (Campbell, 2012).

3.2.2 Site Selection

The study analyzed data from 676 traversals at 17 intersections in Seattle, WA and Tampa,

FL. These two cities were selected given their proximity to central business districts and

universities, where pedestrian-vehicle interactions were more likely. The 676 traversals came

from 406 participants with a range of 1 to 4 traversals per participant (mean=1.67). For

each traversal, the data (video and vehicle kinematics) was examined at 50 meters before

the crosswalk. Data from 50 meters before the crosswalk was selected to ensure inclusion of

drivers recognizing the crosswalk and adjusting their driving behavior accordingly (Pantangi

et al., 2021; Varhelyi, 1998).

Table 3.1 and Figure 3.1 show the crosswalk markings and signalization status of each

selected intersection. The range of crosswalk markings included unmarked, standard, bar-

pair, and continental, as depicted in Figure 3.2. These crosswalk markings were selected as

they were readily available in the two cities selected for this study.

(a) Seattle, WA (b) Tampa, FL

Figure 3.1: Selected crosswalks in Seattle and Tampa with map legend.



18

Table 3.1: Selected intersections.

City Intersection Signalization Crosswalk Marking

Seattle, WA

S1 Signalized Bar-pair

S2 Unsignalized Bar-pair

S3 Unsignalized Unmarked

S4 Unsignalized Unmarked

S5 Unsignalized Unmarked

S6 Unsignalized Unmarked

S7 Signalized Bar-pair

S8 Signalized Bar-pair

S9 Signalized Bar-pair

Tampa, FL

T1 Signalized Continental

T2 Signalized Continental

T3 Signalized Continental

T4 Signalized Standard

T5 Signalized Standard

T6 Signalized Standard

T7 Unsignalized Unmarked

T8 Unsignalized Unmarked

3.2.3 Variables

The data used in this study included the forward-view video, face- and hand/dash-view

video, vehicle kinematics, demographics of participants, and the crosswalk configuration of

the selected intersections (see Table 3.2).

The video files were labeled using video coding software, Datavyu. Every traversal was

linked back to the SHRP2 demographic database. The vehicle kinematic data and the two

parts of video data were synced by matching the timestamp and the unique ID of each

traversal. Each instance of secondary task (n = 225) was matched with four instances when

drivers were not engaging in any secondary tasks (n = 900) at the same intersection and

with the same length of duration. Table 3.4 shows the frequency of non-secondary and

secondary tasks.
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Figure 3.2: Pictures of a) unmarked, b) standard, c) continental, and d) bar-pair crosswalks
from the selected intersection in Seattle and Tampa from Google street view.

• Forward-view videos contain video data facing out of the front window of the vehicle.

The forward-view video coding started from one block before the selected crosswalk

and ended at one block after the crosswalk. Weather conditions, the status of the

tra”c signals, tra”c influence, the presence of pedestrians (including their positions

and activities) at the crosswalks were coded from the forward-view videos.

• Face-view and Hand/dash-view videos include video data of the driver’s face, hands,

and vehicle dashboard. The research team coded the drivers’ secondary task engage-

ment, the number of hands on the steering wheel (0, 1, or 2), and the presence of

front- (yes, no) and back-seat passengers (yes, no, unknown) by matching the start

and end time with the forward-view videos. The description of secondary tasks in

the work of Zou et al. (2023) was followed for video coding. The nine categories of

secondary tasks used in this study are summarized in Table 3.3.

• Vehicle kinematics. Measures related to drivers’ longitudinal and lateral vehicle con-

trol have been shown to reflect the extent of drivers distraction (Ebnali et al., 2016;

Osman et al., 2019; Papantoniou et al., 2017; Regan et al., 2008). To identify the sim-

ilarities of the nine secondary tasks, four driving performance measures were utilized



20

Table 3.2: Overview of variables obtained from SHRP2 data.

Variables Levels

Forward-view videos

Weather Clear, not clear

Tra!c signal Green, red, yellow, unsignalized, no signal perceived

Lead vehicle Leading vehicle, no leading vehicle

Pedestrian position Before, after

Pedestrian activity No pedestrians observed, waiting, walking

Face- and hand/dash-view videos

Hands-on-wheel 0, 1, 2

Front passenger Yes, no

Back passenger Yes, no, unknown

Vehicle kinematics

Speed continuous (m/s)

Gas pedal position continuous (%)

Distance o”-center continuous (m)

Demographics

Income level Under $50,000/unknown, $50,000 to $100,000, over $100,000

Working status Not working/work from home (WFH)/unknown, part-time, full-time

Mileage last year Under 10,000 miles, 10,000 to 20,000 miles, over 20,000 miles

Business use Yes, no

Age group Under 25, 25-70, over 70

Education level High-school or lower/unknown, college level, post-graduate degree

Crosswalk Configuration

Crosswalk markings Unmarked, standard, continental, bar-pair

in this study:

– Vehicle speed: Vehicle speed indicated on speedometer.

– Gas pedal position: Position of the accelerator pedal collected from the vehicle.

– Distance o! the lane center: Distance to the left or right of the center of the lane.

The sampling rate of speed was lower than other variables and the research team

addressed the missing speed values using the last observation carried forward impu-
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Table 3.3: Secondary task description.

Secondary tasks Description

Adjusting in-vehicle devices
Any manipulation towards the center console (adjusting climate control,

adjusting radio, inserting CD).

Eating/drinking Subject drinks from a container or has food placed in their mouth.

Interaction with passengers

and/or pets

Subject is talking, listening, reaching to or moving away from a pas

-senger or a pet.

Cell phone or tablet operation
Subject press buttons or interacts with a touch screen on a cell phone

or a tablet.

Hygiene
Any personal hygiene related behaviors (e.g., combing/brushing/fixing

hair, apply make-up, shaving, brushing/flossing teeth, biting nails).

Reaching for object

Subject is reaching for any item (e.g., cell phone, food, cigarette, dropped

item, personal body-related items, cloths) without any further manipulation

(e.g., cell phone dialing).

Reading
1) Subject vehicle driver is reading material that is in the vehicle, but not a

part of the vehicle (e.g., not reading external signs, or center stack display).

2) Subject is holding and reading a cell phone or tablet without pressing

any buttons.

Talking and/or listening to a device

1) Subject vehicle driver is talking on a phone or has the phone up to ear

as if listening to a phone conversation or waiting for the person they are

calling to pick up the phone.

2) Subject vehicle driver is moving lips as if talking or singing, the inter

-action is not believed to be with a passenger.

Other external/internal distractions
1) Subject is looking outside the vehicle (eyes o” the forward roadway,

possibly distracted by construction, pedestrian, previous crash, etc.).

2) Subject vehicle driver glances away from the direction of travel at

something inside the subject vehicle but cannot determine a specific

glance location.

tation.

• In this study, demographic data provided for each SHRP2 participant can be traced

back through each traversal obtained. Six variables were considered: income level,

working status, age group, education level, mileage last year, and whether they used
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the study vehicle was for any business purposes. The education level variable en-

compasses three levels: high school or lower/unknown, college level (including “some

education beyond high school but no degree” and college degree), and post-graduate

degree (including “some graduate or professional school, but no post-graduate degree”

and post-graduate degree).

• Crosswalk configuration: The research team identified intersections containing pedes-

trian facilities using the SHRP2 Insight database for estimates of traversal counts in

areas of interest.

Table 3.4: Frequency of secondary task and matched non-secondary task observations.

Task type

Frequency

Sec-task Non-sec task

Adjusting in-vehicle devices 5 20

Eating and/or drinking 11 44

External and/or internal distraction 44 176

Interacting with passengers and/or pets 55 220

Cell phone or tablet operation 14 56

Hygiene 44 176

Reaching for object 7 28

Reading 9 36

Talking and/or listening to a device 36 144

Total 225 900

3.2.4 Data Analysis

A cluster analysis was first conducted on four driving performance measures, including

vehicle speed, gas pedal position, distance o! center, and the number of hands on the steering

wheel, to cluster the nine secondary tasks. Classifying driver secondary task behaviors

by driving performance data is useful to examine potential di!erences of secondary task

activities in their e!ects on driving safety. The cluster analysis provided a framework to

identify previously unobserved secondary task behavior in a performative manner.
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A mixed-e!ects logit model is then implemented with an outcome variable of the clus-

tered secondary tasks to identify the explanatory factors on distracted driving at intersec-

tions. Predictors in the logit model are derived from video data, and additionally include

demographic and crosswalk configuration information.

K-means Clustering

K-means clustering is a widely-used unsupervised learning method to partition a data set

(MacQueen, 1967). This study applied the average silhouette width (ASW) to find the op-

timal number of clusters by evaluating the cluster results using two criteria, separation and

compactness (Rousseeuw, 1987). The grouping of secondary tasks was based on similarities

in the vehicle speed, gas pedal position, the number of hands on the steering wheel, and

the distance o! the lane center. The outliers were removed and min-max normalization was

applied on each variable. After that, the mean values of the four variables in each instance

were computed for k-means clustering to group the secondary tasks.

Mixed-e!ects Logit Model

A mixed-e!ects logit model was employed to estimate the likelihood of engaging in each

secondary task group relative to not performing any secondary task (baseline). The multi-

collinearity between variables was checked before fitting the logic model. Intersection was

used as the random e!ect, which account for the variation caused by the intersection dif-

ferences. The multicollinearity of the model was assessed by the Variable Inflation Factors

score (O’brien, 2007). High multicollinearity was observed between some pairs of variables.

Those variables that remained in the model included front passenger, pedestrian activity,

and crosswalk marking. Those excluded included back passenger, pedestrian position, and

speed limit.

3.3 Results

3.3.1 Secondary Tasks Grouping

Figure 3.3 shows that k = 3 is the optimal number of clusters based on the ASW. A

larger ASW indicates smaller within-cluster variations and larger between-cluster variations
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in the k-means clustering result. Table 3.5 summarises the mean values of the selected

variables for k-means clustering. Group 1 contains the secondary tasks of reaching for object,

adjusting in-vehicle devices, and other external/internal distractions. Group 2 consists of

talking and/or listening, reading, hygiene, cell phone or tablet operation, and eating and/or

drinking. Group 3 includes only interactions with passengers and/or pets.

Figure 3.3: Silhouette plot for determining the optimal number of clusters in k-means.

Table 3.5: Summary of the secondary task groups after k-means clustering.

Group Secondary task
Speed

(m/s)

Gas pedal

position

(%)

Distance

o! center

(m)

Number of

Hands-on-wheel

NA No secondary task 9.46 10.36 0.35 1.55

1 Quick visual-manual tasks

Reaching for objects

6.12 9.67 0.32 1.19Adjusting in-vehicle devices

Other external/internal distractions

2 Continuous visual-manual tasks

Talking and/or listening to a device

9.81 10.08 0.39 0.92

Reading

Hygiene

Cell phone or tablet operation

Eating and/or drinking

3 Passenger interactions
Interaction with passenger

and/or pets
11.74 9.57 0.45 1.42

Note: Gas pedal position: 0% indicates no pedal depression and 100% indicates pressing the pedal to the floor.
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Group 1 tasks included reaching for object, adjusting in-vehicle devices, and other ex-

ternal/internal distractions not identified. Drivers that engaged in Group 1 tasks had the

lowest average speed and was able to maintain the closest distance to the lane center, as

shown in Table 3.5. This suggests that the drivers had good longitudinal and lateral vehi-

cle control when engaged in these tasks. These tasks were all visual-manual and required

glances away from the road. The average duration of these tasks was the shortest compared

to other groups (see Table 3.6). Since these tasks include both visual and manual operation,

Group 1 will now be identified as quick visual-manual tasks.

Group 2 tasks included talking/listening, reading, hygiene, cell phone/tablet operation,

and eating/drinking. Drivers engaged in Group 2 tasks had the highest gas pedal position,

indicating they used the gas pedal more than the other groups. It also had the smallest

averaged number of hands on the steering wheel and the second-largest distance o! the lane

center, indicating drivers had a low level of lateral control when doing secondary tasks in

this group. According to the description in Table 3.3, reading and talking and/or listening

to a device include drivers’ manipulation of their phones. During the SHRP2 program,

there was a lack of voice assistants, and interacting with phones relied on touchscreens

and physical buttons. In general, the five secondary tasks in Group 2 were the longest and

required both visual and manual engagement. Group 2 will now be referred to as continuous

visual-manual tasks.

Group 3 only includes interactions with passengers and/or pets. Despite having the

highest speed and the largest distance o!-center, when drivers engaged in secondary tasks

in this group, they maintain their hands on the steering wheel more often compared to

other two groups. The average duration of interactions with passengers and/or pets was

38.6 seconds. This group will be named passenger interactions for subsequent discussions.

Table 3.6: Average duration of secondary task groups.

Group Average duration (s)

1 Quick visual-manual tasks 24.59

2 Continuous visual-manual tasks 39.10

3 Passenger interactions 38.62
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3.3.2 Results of Mixed-e!ects Logit Model

The final mixed-e!ects logit model is shown in Table 3.7 (Quick visual-manual tasks v.s.

baseline), 3.8 (continuous visual-manual tasks v.s. baseline), and 3.9 (passenger interactions

v.s. baseline). The Akaike Information Criterion (AIC) score and Bayesian Information

Criterion (BIC) of the mixed-e!ects logit model are 1429.75 and 1791.59, respectively.

Quick Visual-manual Task vs Baseline

The parameter estimates for this mixed e!ects logit model quick visual-manual tasks com-

pared to no secondary tasks) is shown in Table 3.7. Drivers were 5.2 times more likely to

perform quick visual-manual tasks while waiting at red lights when compared to driving

through green lights. Drivers approaching a continental crosswalk were less likely to engage

in these secondary tasks when compared to unmarked crosswalks. The presence of one or

more pedestrians waiting at the intersection increased the likelihood of engaging in these

tasks by 2.2 folds. The model also showed that part-time workers were less likely to engage

in these secondary tasks when compared to full time workers. Drivers with postgraduate

degrees were more likely to engage in these secondary tasks when compared to those with

up to one college degree. Furthermore, if the vehicle was for business use, the driver was

87.5% less likely to engage in these tasks.

Continuous Visual-manual Tasks vs Baseline

Unlike the Quick visual-manual tasks, none of the environmental factors significantly im-

pacted the likelihood of engaging in continuous visual-manual tasks. This suggests that

these tasks were mainly based on characteristics of the driver (see Table 3.4). More specif-

ically, full-time workers were 3.4 times more likely to engage in continuous visual-manual

tasks compared to individuals who were either unemployed, WFH, or whose work status

was unknown. Senior drivers 70 years and older were 78.7% less likely to engage in these

secondary tasks compared to young drivers under 25.
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Passenger Interactions v.s. Baseline

Drivers were more likely to interact with passengers when they were seating in the front

(44.7 times more likely). They were no significant passenger interactions observed with

passengers seating in the back seat. Unlike quick visual-manual tasks, driver were more likely

to interact with their passengers when approaching transver and continental crosswalks

compared with unmarked crosswalks. Drivers with a full-time job were more inclined to

interact with passengers than those with the other types of working status. Those whose

income were between $50,000 and $100,000 were more likely to interact with passengers

compared to those who with lower (under $50,000 or unknown) or higher incomes (over

$100,000). Additionally, if the vehicle was for business use, the driver was 87.1% less likely

to interact with passengers.

3.4 Discussions

Naturalistic driving data was used to identify factors that contribute to drivers’ engagement

in various secondary tasks. The nine secondary tasks were grouped using cluster analysis,

which revealed three groups: quick visual-manual tasks, continuous visual-manual tasks, and

passenger interactions. The results of the mixed-e!ects logit model indicate that drivers’

engagement in quick visual-manual tasks was significantly a!ected by the crosswalk marking

designs and the presence of pedestrians. The presence of pedestrians and some demographic

factors also played critical roles in the engagement of these secondary tasks. However, the

likelihood of engaging in continuous visual-manual tasks was only influenced by drivers’

demographic factors. Besides, engaging in passenger interactions largely depended on the

presence of a front passenger, but were also a!ected by crosswalk marking design and

demographic characteristics. This study o!ers a better understanding of drivers’ decision-

making in secondary task engagement and provide valuable insights into intervention design.

3.4.1 Groups of Secondary Task

Engaging in quick visual-manual tasks requires a diversion of visual attention from the

roadway and hands o! the steering wheel. According to the multiple resource theory, these

secondary tasks interfere with driving because both are visual-manual activities and likely to
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complete for attentional resources (Wickens, 2008). The cluster analysis shows that drivers

had good longitudinal and lateral vehicle control while conducting these quick visual-manual

tasks. Such adaptions can be seen as compensatory behaviors to reduce the overall demands

for attentional resources without compromising driving safety (Kimura et al., 2022; Oviedo-

Trespalacios et al., 2016). Previous research has linked these compensatory behaviors to

drivers’ risk perception in distracted driving situations (Oviedo-Trespalacios et al., 2016).

The higher adaptation of speed and lane position observed during quick visual-manual tasks

suggests that drivers were more aware of the potential risks associated with these tasks

compared to other groups. The findings in crosswalk markings suggest that continental

crosswalks were e!ective in reducing the likelihood of engaging in quick visual-manual tasks.

The pedestrian activities also showed significant impact on the engagement in these tasks.

Interestingly, drivers were more likely to engage in quick visual-manual tasks when pedes-

trians were just waiting at an intersection. There were no observed di!erences between

pedestrians walking and no pedestrian presence. The category of “other external/internal

distractions” within this group includes the situations that drivers looking at pedestrians

other than the forward roadway, which explains why there was a higher likelihood with

pedestrians waiting. This finding suggests that drivers might perceive a higher level of un-

certainty and allocate more attention on pedestrians when they are waiting by the side, as

they could either decide to cross the street or continue waiting.

Drivers exhibited a lower level of lateral control and used gas pedal more when doing sec-

ondary tasks in continuous visual-manual tasks group, indicating that drivers were less likely

to take compensatory behaviors while performing these tasks. The continuous visual-manual

tasks group includes most routine daily activities, such as personal hygiene and cell phone

operation. Although these tasks require both visual and manual engagement and could in-

terfere with the primary task of driving, drivers often view them as less cognitive demanding

due to their familiarity with these routine activities (Fuller, 2005; Oviedo-Trespalacios et al.,

2016). However, given the deterioration in drivers’ vehicle control and the fact that these

tasks tend to last longer than others, the continuous visual-manual tasks remain hazardous

and can lead to severe consequences for pedestrian safety. The likelihood of engagement

in these tasks appears to be influenced only by drivers’ demographic characteristics. Un-
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derstanding these relationships can help in the development of targeted interventions to

enhance pedestrians safety at intersections. For example, specialized training programs can

be developed to increase awareness about the negative e!ects of driving while engaging in

routine daily activities among drivers with a high school education or less and those who

are employed full-time.

The engagement of passenger interactions largely depends on the presence of the front

passenger and the demographic information of the drivers. Leveraging the multiple resource

theory, passenger interactions involve auditory input and verbal processing, which have

less interference with driving compared to the quick visual-manual and continuous visual-

manual groups. Prior studies have indicated that talking and/or listening to passengers are

usually considered as low-risk by drivers (Young and Lenné, 2010), which might explain the

observation that drivers were even inclined to interact with passengers while approaching

standard and continental crosswalks compared to unmarked crosswalks.

3.4.2 Individual Factors

In this study, demographic characteristics were found to influence how drivers engaged in

various types of secondary tasks. Some of these factors are closely related to risk percep-

tion, which in turn shapes distracted driving behavior (Cox et al., 2023; Jing et al., 2023;

Machado-León et al., 2016; Ye et al., 2017). Specifically, older adults exhibit higher risk

perception compared to younger drivers (Machado-León et al., 2016; Rhodes and Pivik,

2011). Drivers with higher mileage may develop better risk assessments and are less likely

to underestimate the dangers of distraction (Chen et al., 2022). These findings suggest that

risk perception mediates the relationship between these demographic factors and secondary

task engagement in driving. Beyond risk perception, education and income levels can also

influence how drivers view their multitasking abilities. According to reports by Schroeder

et al. (2018) and AAA Foundation for Tra”c Safety (2023), more educated and higher-

income drivers reported more frequent phone use while driving. Moreover, previous studies

have suggested that employed drivers are likely to engage in secondary tasks during com-

mute due to their habitual behavior or obligation to handle work-related duties (Costantini

et al., 2022; Teodorovicz et al., 2022). These results underscore the importance of inves-
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tigating the underlying factors behind these demographic characteristics. By integrating

demographic profiles with behavioral mediators like risk perception, targeted interventions

can be developed to more e!ectively enhance driving safety.

3.4.3 Limitations

This study’s findings are subject to certain limitations. First, the data from the SHRP2

NDS dataset does not fully represent the current US driving population but instead re-

flects participants from five cities who volunteered for the study. Flannagan et al. (2019)

also addressed the limitation that young drivers (16-24 years old) were over-represented

in SHRP2 when compared to the actual driver population. Additionally, the dataset was

collected between 2010 and 2012. Since that time, there has been more widely adopted

in-vehicle systems that encourage drivers to engage in virtual meetings, cell phone or tablet

operations. Future research can employ other datasets to eliminate the bias caused by the

SHRP2 dataset. Second, the proposed logit model only uncovers the predictors for the

engagement in secondary tasks, while the factors that contribute to disengagement from

secondary tasks remain unknown. Future research should investigate the predictors of dis-

engagement to gain a more comprehensive understanding of distracted driving. Third,

though naturalistic driving data provides us rich driving-related information in real-world

conditions, such observational study has limited information outside the vehicles. Further

research can consider conducting a controlled study to understand the motivation behind

distracted driving by capturing a more comprehensive range of contextual variables.
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Table 3.7: Mixed-e!ects logit model: quick visual-manual tasks v.s. Baseline (non-secondary
task).

Variables Coe!cient Odds ratio p

Front passenger - reference level: no

Front passenger: yes 0.384 1.468 0.364

Tra!c signal - reference level: no signal perceived

Tra!c signal: green -0.093 0.911 0.894

Tra!c signal: red 1.832 6.246 0.006 **

Tra!c signal: yellow 0.330 1.391 0.728

Tra!c signal: unsignalized -1.143 0.319 0.110

Marking type - reference level: unmarked

Marking type: standard -1.147 0.318 0.198

Marking type: continental -2.350 0.095 0.019 *

Marking type: bar-pair -0.577 0.562 0.561

Pedestrian activity - reference level: no pedestrians

Pedestrian activity: waiting 1.165 3.206 0.034 *

Pedestrian activity: walking -0.656 0.519 0.561

Working status - reference level: full-time

Working status: part-time -1.987 0.137 0.003 **

Working status: not working/WFH/unknown -0.650 0.522 0.148

Age group - reference level: 25-70

Age group: under 25 0.923 2.517 0.117

Age group: over 70 -0.048 0.953 0.920

Income - reference level: 50k-100k

Income: under $50,000/unknown -0.595 0.552 0.150

Income: over $100,000 -0.874 0.417 0.060 .

Education - reference level: college level

Education: high school or lower/unknown 0.349 1.418 0.587

Education: advanced 0.947 2.578 0.020 *

Miles last year - reference level: 10k-20k

Miles last year: under 10,000 miles -0.132 0.876 0.767

Miles last year: over 20,000 miles 0.065 1.067 0.912

Business use - reference level: no

Business use: yes -2.078 0.125 0.007 **

*** p <0.001, ** p <0.01, * p <0.05, . p <0.1



32

Table 3.8: Mixed-e!ects logit model: continuous visual-manual tasks v.s. Baseline (non-
secondary task).

Variables Coe!cient Odds ratio p

Front passenger - reference level: no

Front passenger: yes -0.532 0.597 0.212

Tra!c signal - reference level: no signal perceived

Tra!c signal: green -0.386 0.680 0.286

Tra!c signal: red 0.310 1.363 0.431

Tra!c signal: yellow -0.715 0.489 0.276

Tra!c signal: unsignalized 0.097 1.102 0.866

Marking type - reference level: unmarked

Marking type: standard -0.032 0.969 0.960

Marking type: continental -0.293 0.746 0.667

Marking type: bar-pair -0.167 0.846 0.843

Pedestrian activity - reference level: no pedestrians

Pedestrian activity: waiting 0.289 1.335 0.488

Pedestrian activity: walking 0.363 1.438 0.447

Working status - reference level: full-time

Working status: part-time -0.686 0.504 0.065 .

Working status: not working/WFH/unknown -1.225 0.294 0.000 ***

Age group - reference level: 25-70

Age group: under 25 0.567 1.763 0.125

Age group: over 70 -0.959 0.383 0.030 *

Income - reference level: $50,000-$100,000

Income: under $50,000/unknown -0.404 0.668 0.174

Income: over $100,000 -0.302 0.739 0.374

Education - reference level: college level

Education: high school or lower/unknown 0.051 1.052 0.916

Education: advanced -0.099 0.906 0.762

Miles last year - reference level: 10,000-20,000 miles

Miles last year: under 10,000 miles -0.485 0.616 0.110

Miles last year: over 20,000 miles -1.058 0.347 0.017 *

Business use - reference level: no

Business use: yes 0.480 1.616 0.299

*** p <0.001, ** p <0.01, * p <0.05, . p <0.1
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Table 3.9: Mixed-e!ects logistic regression model: passenger interactions v.s. Baseline
(non-secondary task).

Variables Coe!cient Odds ratio p

Front passenger - reference level: no

Front passenger: yes 3.853 47.134 0.000 ***

Tra!c signal - reference level: no signal perceived

Tra!c signal: green -0.354 0.702 0.512

Tra!c signal: red -1.442 0.236 0.077 .

Tra!c signal: yellow -20.589 0.000 0.998

Tra!c signal: unsignalized 1.158 3.184 0.218

Marking type - reference level: unmarked

Marking type: standard 2.025 7.576 0.042 *

Marking type: continental 2.470 11.822 0.021 *

Marking type: bar-pair 1.260 3.525 0.370

Pedestrian activity - reference level: no pedestrians

Pedestrian activity: waiting 0.854 2.349 0.183

Pedestrian activity: walking -17.860 0.000 0.998

Working status - reference level: full-time

Working status: part-time -1.722 0.179 0.019 *

Working status: not working/WFH/unknown -1.206 0.299 0.021 *

Age group - reference level: 25-70

Age group: under 25 0.680 1.974 0.331

Age group: over 70 -0.549 0.578 0.348

Income - reference level: 50k-100k

Income: under $50,000/unknown -1.758 0.172 0.000 ***

Income: over $100,000 -2.087 0.124 0.000 ***

Education - reference level: college level

Education: high school or lower/unknown 1.517 4.559 0.020 *

Education: advanced -0.275 0.760 0.597

Miles last year - reference level: 10k-20k

Miles last year: under 10,000 miles 0.281 1.324 0.568

Miles last year: over 20,000 miles 0.261 1.298 0.598

Business use - reference level: no

Business use: yes -1.521 0.218 0.113

*** p <0.001, ** p <0.01, * p <0.05, . p <0.1
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Chapter 4

MODELING MULTITASKING PERFORMANCE BY IDENTIFYING
FACTORS AND NEUROPHYSIOLOGICAL INDICATORS

In Chapter 4, I explored factors and neurophysiological indicators of multitasking per-

formance through a laboratory study. The Multi-Attribute Task Battery II (MATB-II), an

experimental platform that simulates pilots’ routine tasks on a flight deck, was employed

as the multitasking environment. Sixteen college-aged students were recruited, and their

behavioral responses, eye movements, and EEG signals were collected during MATB-II.

Chapter 4 revealed the significant impact of task complexity and repetition on multitasking

performance. Correlation analysis revealed significant relationships between multitasking

errors and fixation count, fixation duration, central alpha-band power, frontal alpha-band

power, central theta-band power, and frontal theta-band power. The connection between

selected neurophysiological responses and the number of multitasking errors indicates the

potential use of portable EEG and eye-tracking devices in real-world scenarios to monitor

changes in multitasking performance. Chapter 4 also lays the groundwork for Chapter 5,

where the selected factors and indicators are used as contextual and observable variables in

the proposed DBN. The results in Chapter 4 and 5 have been published in Li et al. (2025).

4.1 Introduction

4.1.1 Factors Impacting Multitasking Performance

Task complexity and task repetition have been reported to a!ect multitasking performance,

as discussed in Section 2.3.1. One way to describe task complexity is the level of atten-

tional resources required to conduct a particular task (Li and Kim, 2021; Robinson, 2001).

Substantial studies have indicated that greater task complexity leads to lower multitasking

performance (Liu et al., 2016; Puma et al., 2018; Valéry et al., 2019). According to Valéry

et al. (2019), no matter the complexity of the increments in a single task or any combination
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of tasks in multitasking, a decrease in multitasking performance is expected. Puma et al.

(2018) found that as the level of task complexity became greater, achieved by increasing

the number of activated sub-tasks in a pilot simulator, there was a decline in the overall

performance score. As for task repetition, studies have found that repetition increases the

predictability of tasks, allowing individuals to allocate their attentional resources more ef-

fectively across tasks and leading to improved multitasking performance (Broeker et al.,

2018; Ewolds et al., 2021).

Individual di!erences among operators are also known to influence multitasking. Age is

one of the most commonly discussed factors, with younger adults typically outperforming

older adults (Kievit et al., 2014; Reimers and Maylor, 2005; Todorov et al., 2014; Wechsler

et al., 2018), as discussed in Section 2.3.2. Todorov et al. (2014) observed lower performance

in the older group compared to the younger group on a multitasking test battery that tests

executive functioning and spatial ability. Wechsler et al. (2018) examined scenarios combin-

ing dual-task and task switching in a driving simulator, where older drivers demonstrated

lower driving performance and a higher risk of incidents.

4.1.2 Selecting Factors and Indicators for Multitasking Performance

Feature selection is a fundamental part for model development, as it identifies the most

relevant features that contribute to or reflect changes in multitasking performance. Due

to the high-dimensional nature of neurophysiological data, feature selection is crucial for

reducing dimensionality and improving the modeling e”ciency. Furthermore, removing

redundant features can help mitigate the potential for over-fitting, particularly when dealing

with relatively small sample sizes (Li et al., 2017).

4.2 Methodology

4.2.1 Participants

16 participants (ten women and six men) were recruited with an average of 19.88 years old

(SD = 1.26). Each of the participants was a student at the University of Washington. In an

online pre-experimental questionnaire, participants were asked about their demographics,

eyesight, and prior knowledge of task settings. All of them had normal or corrected-to-
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normal eyesight. Each participant performed four experimental trials, and 64 observations

were obtained in total.

4.2.2 Apparatus

Participants performed multitasking experiments using a 15-inch Dell laptop in the Human

and System Laboratory at the University of Washington. The screen resolution was 1920

x 1080 at a scale of 100% of the screen. The viewing distance between the participants

and the laptop screen was controlled at 40 cm. A monitor-mounted Tobii Pro X3-120 eye

tracker (Tobii) was used to record participants’ eye movements. All the eye movement data

were recorded in Tobii Pro Studio (Tobii). I utilized a 32-channel portable EEG device

to capture brain signals. The EEG data were recorded using EmotivPro (Emotiv). To

minimize movement artifacts in EEG signals caused by physical movement or movement

between the scalp and electrodes, throughout the experiment, all participants were required

to sit in a chair and avoid making any significant physical movements.

Participants completed the MATB-II developed by NASA, a computer-based flight simu-

lator software program (Santiago-Espada et al., 2011). The MATB-II platform was selected

for its standardization and generality given that the MATB-II has been widely used in

experimental laboratories to test operators’ multitasking performance (Comstock Jr and

Arnegard, 1992; Santiago-Espada et al., 2011). During the experiment with MATB-II, the

participants were instructed to conduct concurrently the three tasks–resource management,

system monitoring, and communication–that mimic operators’ typical task sets in flight.

Figure 4.1 shows the main user interface of MATB-II. Tracking task was not activated in

this study. The simultaneous operations of multiple tasks are MATB-II’s key feature, which

also represents the nature of most other operational systems that require the ability to han-

dle the demands of multiple tasks concurrently. I controlled the time intervals between the

tasks to manipulate task complexity levels in this study. In the NASA-TLX, tasks appear

randomly with average time intervals of approximately 6.3 seconds for low-complexity levels

and 1.5 seconds for high-complexity levels. MATB-II recorded the timing and the status of

each response made by participants during the experiment.
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Figure 4.1: The user interface of MATB-II.

4.2.3 Experimental Procedure

We conducted the experiment in the Human and System Laboratory at the University

of Washington. Before beginning, each participant was instructed on the procedures and

signed a consent form. Then each participant conducted a five-minute practice trial to

familiarize themselves with the MATB-II task. After the practice trial, I set up the eye

tracker and EEG device. The EEG Ag/Cl electrodes were attached to each participant’s

scalp with electric gel. According to the previous studies considering frontal (Bohle et al.,

2019; Fairclough et al., 2005; Ozdemir et al., 2016; Puma et al., 2018), and central brain

regions (Bohle et al., 2019; Fairclough et al., 2005; Ozdemir et al., 2016), 23 electrodes were

selected from the corresponding regions based on the International 10–20 system (Sazgar

and Young, 2019)(frontal: Fp1, Fp2, F7, F3, Fz, F4, F8; central: FC5, FC1, FC2, FC6, C3,

Cz, C4, CP5, CP1, CP2, CP6; parietal: P7, P3, Pz, P4, P8).

The main experiment included two blocks, and each block included both low- and high-

complexity trials, resulting in each participant completing a total of four trials. Each trial,
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either with low or high complexity, lasted eight minutes. I randomized the trial order in

each block to avoid the order e!ect in the experiment. The sequence of the blocks reflected

task repetition. Specifically, participants did both low- and high-complexity MATB-II for

the first time in the first block, and they repeated both levels of MATB-II in the second

block. While participants conducted the MATB-II, their eye movements and brain signals

were recorded. During the MATB-II task, participants needed to perform multiple tasks

simultaneously: communication (COMM), system monitoring (SYSMON), and resource

management (RESMAN). In the COMM task, participants were required to follow radio

instructions to select radio stations and adjust the radio frequency accordingly via left-

clicking the mouse. The selection of an incorrect radio station or frequency was counted as

an error. The SYSMON task included two subtasks. The first subtask required participants

to respond when the green light on the interface was turned o! by left-clicking the green light

or pressing the F5 key and to respond similarly when the red light was turned on by left-

clicking it or pressing the F6 key. In the second subtask, participants were asked to monitor

four moving scales and to maintain the yellow arrows next to the scales in the center areas.

If participants observed the arrows were o!set, they needed to press the corresponding

keys on the keyboard (F1, F2, F3, and F4 for each scale). I counted it as an error if

participants missed or responded incorrectly to an event in SYSMON. When operating the

RESMAN task, participants needed to maintain the fuel levels in two target tanks (Tanks

A and B) within an acceptable range. Participants could transfer fuel between the target

tanks and supplementary tanks (Tanks C, D, E, and F) by controlling the pumps between

them. Pumps could be activated or deactivated by left-clicking the mouse or pressing the

corresponding keys on the keyboard. If the fuel level in either target tank was below or

beyond the range, the label of the tank would turn red, which was considered an error in

this study. The entire experiment lasted about 90 minutes.

4.2.4 Analysis

Data Preprocessing

The schematic diagram in Figure 4.2 presents the entire procedure of data analysis in this

study. Prior to DBN modeling, I synchronized the variables in the performance and observ-
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able layers, i.e., error count, eye movement, and EEG recordings. I then conducted noise

deduction and feature selection on eye movement and EEG raw data. Finally, I conducted

DBN modeling using the selected variables. I evaluated and validated the modeling result

and assessed the capability of the model in multitasking performance compared to other

competitive algorithms.

Table 4.1: Types and levels of variables

Type Variable

Task-related and individual factors

Discrete Task complexity (low, high), block (1, 2)

Continuous Age

Behavioral responses

Continuous Error count

Neurophysiological reponses

Continuous
Fixation count, fixation duration,

alpha- and theta-band power at frontal, central, and parietal regions

Figure 4.2: Diagram of data processing and modeling
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Time Formatting and Data Synchronization

To match the sample rates of datasets recorded by the eye tracker (120 Hz) and EEG

(128 Hz), I first converted the epoch time of EEG raw data into the date–time format. I

used the start and end of each experimental trial in MATB-II to locate and tailor the eye

movement and EEG data to the length of each trial. Then, I down-sampled the EEG and

eye movement data di!erent length of time slice, with the shortest time slice as 5 seconds.

I considered 5-second time slice because the time interval between tasks in low complexity

level was around 6.3 seconds. Time slices shorter than 5 seconds are less likely to include

participants’ responses to MATB-II.

Noise Deduction and Feature Extraction in Neurophysiological Variables

Before processing the EEG raw data, I checked the contact quality of the 32 electrodes

and the scalp of each participant. The Fast Fourier Transform (FFT) based on Welch’s

method was conducted to decompose the voltage oscillations of EEG into a power spectrum

and applied a Hanning function to smooth the amplitude of the discontinuities (Welch,

1967). I utilized the Butterworth band pass filter with a cuto! frequency of 0.5 Hz–60

Hz (Murugappan et al., 2014) and filtered the data based on the frequency ranges of the

delta (0.5–4 Hz), theta (4–8 Hz), alpha (8–12 Hz), beta (12–30 Hz), and gamma (30–60 Hz)

bands. The average alpha-band and theta-band power across the three brain regions were

computed. I conducted the EEG data processing and filtering in Python 3 (Van Rossum

and Drake, 2009) using the ‘Scipy’ package (Virtanen et al., 2020). For eye movements,

for each time slice, I calculated the average fixation duration and counted the number of

fixations.

4.3 Results

4.3.1 Descriptive Statistics

Table 4.2 summarizes the mean and standard deviation of variables for the behavioral

and neurophysiological responses by the levels of task complexity and repetition. Par-

ticipants made more multitasking errors for the high-complexity levels compared to the
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low-complexity levels, and made more errors in the first blocks compared to the second

blocks.

Table 4.2: Descriptive statistics of continuous variables by task complexity and repetition

Variable Task Complexity Block

Low-complexity High-complexity First block Second block

Performance layer

Error count 11.00 (9.21) 18.44 (19.48) 18.09 (17.32) 11.34 (13.02)

Observable layer

Fixation count 1266.16 (141.75) 1302.38 (148.33) 1291.34 (136.28) 1277.19 (155.23)

Fixation duration 311.64 (60.16) 326.09 (60.59) 320.37 (49.86) 317.36 (70.06)

Frontal alpha-band power 19.25 (11.26) 18.94 (9.33) 18.89 (9.44) 19.31 (11.16)

Frontal theta-band power 51.73 (31.10) 52.75 (37.90) 51.78 (31.93) 52.70 (37.21)

Central alpha-band power 6.91 (2.80) 6.65 (2.22) 6.60 (2.34) 6.96 (2.69)

Central theta-band power 12.75 (4.51) 13.12 (5.48) 12.70 (4.80) 13.16 (5.22)

4.3.2 E!ects of Task Complexity and Repetition on Multitasking Performance

Non-parametric repeated-measures ANOVA results show that participants made more mul-

titasking errors during the high-di”culty task compared to the low-di”culty task (F =

103.012, p < 0.001) and during the first block compared to the second block (F = 15.470,

p < 0.001). Figure 4.3 shows the interaction plot of multitasking error as a function of the

two factors.

4.3.3 Relationships Between Multitasking Performance and Neurophysiological Responses

Repeated measures correlation tests revealed significant correlations between multitasking

performance and the following variables: fixation count (p < 0.001), fixation duration (p <

0.001), central alpha-band power (p < 0.01), frontal alpha-band power (p < 0.05), central

theta-band power (p < 0.05), and frontal theta-band power (p < 0.01). Age (p = 0.953),

alpha- (p = 0.302) and theta-band power (p = 0.336) in the parietal area did not show

significance and were excluded from the further analysis. The continuous variables were
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Figure 4.3: Interaction plot for the multitasking error. Lower values indicate better multi-
tasking performance. Error bars represent standard errors.

normalized before the correlation analysis. Table 4.3 shows the correlation test results.

Table 4.3: Repeated-measures correlation test results of continuous variables and error
count.

Age
Fixation

count

Fixation

duration

Central

alpha-band

power

Central

theta-band

power

Frontal

alpha-band

power

Frontal

theta-band

power

Parietal

alpha-band

power

Parietal

theta-band

power

p 0.953 <0.001*** <0.001*** <0.001*** 0.016* 0.037* 0.002** 0.302 0.336

rrm 0.000 -0.099 0.094 -0.044 -0.031 -0.027 -0.040 -0.013 -0.012

4.4 Discussions

In this chapter, I examined the relationships of multitasking performance with various fac-

tors and neurophysiological indicators using a software-based multitasking battery, MATB-

II. The number of errors made by participants increased with task complexity but de-

creased with task repetition in MATB-II. Previous studies have not reached a consensus
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on the relationship between fixation duration and multitasking performance. The corre-

lation between shorter fixations and fewer multitasking errors in this study aligns with

findings from Gartenberg et al. (2011) and Hodgetts et al. (2015). Quicker fixations in

this study indicated a faster speed of information encoding and processing across all the

sub-tasks (Hodgetts et al., 2015). This might ultimately lead to better overall performance.

Among EEG band powers, I observed a relationship between increased theta- and alpha-

band power in the frontal and central regions with enhanced multitasking performance, as

indicated by negative coe”cients in the repeated measures correlation analysis. The results

in alpha-band power aligns with the notion that suppressed alpha-band activity indicates

increasing task demand on attentional resources (Arana et al., 2022; Klimesch, 1999; Puma

et al., 2018). However, the finding in theta-band power showed opposite relationship with

multitasking performance from previous studies. This observation can be explained by the

notion that increased theta-band power may indicate the involvement of greater attentional

resources and executive functions, leading to improved multitasking performance (Cavanagh

and Frank, 2014; Fairclough and Venables, 2006; Vidulich and Tsang, 2012). There was a

lack of significant correlation between age and multitasking performance, although previous

studies have shown decline in multitasking performance as age increases (Kievit et al., 2014;

Reimers and Maylor, 2005; Todorov et al., 2014; Wechsler et al., 2018). This might due to

all the participants were college-aged students at the University of Washington with a rel-

atively narrow age range. Consequently, the non-significant impact of age on multitasking

performance could be attributed to the minimal variance within the age group.

This chapter recommends several strategies to enhance multitasking performance in

modern workplaces. From the perspective of task design, lowering task frequency, reducing

unnecessary information, and providing adequate training can e!ectively prevent multi-

tasking errors. With the integration of real-time data processing capabilities in recent EEG

and eye-tracking devices, this study also demonstrates the potential for using these sensors

to monitor operators’ multitasking performance, thereby enabling timely intervention to

correct errors or mitigate the consequences.
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Chapter 5

PREDICTING MULTITASKING PERFORMANCE USING
DYNAMIC BAYESIAN NETWORK

Chapter 5 aims to address RQ3 using DBN, a Bayesian-based probabilistic model. De-

spite the importance of accurately modeling and predicting multitasking performance, most

existing multitasking studies have relied on post-hoc measurements that cannot reflect

changes in multitasking performance over time. To overcome such limitations, I established

a DBN model for the modeling and prediction of multitasking errors using the time-series

data generated from the eye-tracker and EEG. The metrics of eye movements and EEG

band power were selected from Chapter 4. The e!ectiveness of the DBN was validated

using a comparative analysis with other more commonly used models. This DBN model

has the potential to anticipate the occurrence of multitasking errors over time, ultimately

improving multitasking strategies in workplace settings.

5.1 Introduction

One of the main challenges of using physiological responses in real-world settings is the low

signal-to-noise ratio. Real-world settings, unlike controlled laboratory environments, are

often surrounded by uncertain information. A way to mitigate such noisy data is to apply

a probabilistic model that identifies the stochastic distribution of variables and their rela-

tionships (Murphy et al., 2002). Uncertainties in modeling are covered by the probabilistic

distribution of variables. Accordingly, probabilistic models are able to present the e!ect of

uncertainties on the entire system (Ghahramani, 2015).

A DBN is one promising probabilistic modeling technique for capturing the causal rela-

tionships among multiple variables over time (Murphy et al., 2002). Using a directed acyclic

graph, the DBN includes multiple nodes and arcs. The nodes represent random variables,

and the arcs indicate the influential relations (i.e., conditional dependencies) among the vari-

ables (Mihajlovic and Petkovic, 2001). The conditional probabilities in DBN are derived
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based on Bayes’ theorem, which calculates posterior probabilities given prior probability

and likelihood (Mihajlovic and Petkovic, 2001). DBN represents the time dimension in the

form of time slices and collects a series of Bayesian networks that each describes the state of

the system in one particular time slice (Li and Ji, 2004). Thus, the movement between the

Bayesian networks reflects the temporal change in the system. The temporal relationship

in DBN can be explained by the hidden Markov model, meaning that the state of a random

variable at a time slice t depends only on its historical state at the previous time slice t-1

and the state of other related variables at the time slice t (Neapolitan and Jiang, 2010).

To build DBN models, some researchers predetermine the variables and their dependen-

cies based on domain knowledge. Doing so simplifies the learning process of DBN struc-

tures—i.e., the arcs and nodes—and improves computational e”ciency (Reichenberg, 2018;

Zeng and Ji, 2010). Domain knowledge may also reduce the chance of false causal rela-

tionships between variables when the size of the training dataset is small (Zeng and Ji,

2010).

5.2 Methodology

I proposed a three-layer DBN with the contextual layer as the first layer. This layer included

task complexity and the block of the experiment, all of which were treated as discrete

variables. In the second layer, I defined the sum of errors in the COMM, SYSMON, and

RESMAN tasks as the measure of participants’ multitasking performance. In the observable

layer, eye movements and EEG band power as treated as continuous data to avoid the loss

of information.

I used EEG and eye movements as observable variables to overcome the limitations of

relying solely on behavioral performance to continuously predict multitasking performance.

I used the eye tracker with a 120 Hz sample rate and EEG with a 128 Hz sample rate,

resulting in more than 120 data points recorded per second. Such rich datasets produce

reliable predictive models of multitasking performance, which cannot be gathered with

behavioral responses. This structure is further supported by previous research that has

placed neurophysiological responses in the final observable layer (Liao et al., 2005; Yang

et al., 2010).
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5.2.1 DBN Modeling

DBN is structured graphical modeling technique that combines multivariate probabilistic

systems with Bayes’s theorem. Bayes’s theorem states that the posterior probability can be

computed from the prior probabilities and likelihood, as shown in (5.1).

P (X|Y ) =
P (Y |X)P (X)

P (Y )
(5.1)

In this study, I applied a DBN that assumes the state of the variable Z at time t (Zt)

depends only on the state of Z at time t → 1 (Zt→1) and the parent nodes in the current

time slice t. The conditional probability of the variable Z at time t can thus be defined by

Equation (5.2), where Pai(Zt) denotes the ith parent nodes of Zt in the current time slice

t.

P (Zt|Zt→1, Pa1(Zt), . . . , Pai(Zt)) = P (Zt|Zt→1)
I∏

i=1

P (Zt|Pai(Zt)) (5.2)

According to the chain rule, the resulting joint distribution can be expressed as follows:

P (Z1:T ) = P (Z1)↑
T∏

t=2

(
P (Zt|Zt→1)↑

I∏

i=1

P (Zt|Pai(Zt))

)
(5.3)

In DBN, I assume continuous variables follow a normal distribution N(µ,ω). If contin-

uous variable Z has categorical parent nodes, its conditional distribution can be expressed

as Equation (5.4), where Pa(Z) represents the parent node of the variable Z where µc is

the mean and ωc is the standard derivation (Murphy et al., 2002).

P (Pa(Z) = c) = N(z;µc,ωc) (5.4)

The conditional distribution of continuous variable Z with continuous parent nodes is

shown in Equation (5.5), where W represents the weight matrix (Murphy et al., 2002).

P (Pa(Z) = y) = N(z;W · y + µ,ω) (5.5)

5.2.2 Time Slices in DBN

In DBN, the spatial relationships and the conditional probabilities among the variables in

each time slice are assumed to be static (Bielza and Larranaga, 2014). Changing the length
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of the time slice in DBN not only a!ects the relationships among the variables within a

time slice but also influences the transition between time slices, which in turn impacts the

prediction accuracy of the DBN, as the length of the time slice essentially determines the

time scale of the dynamic process (Nodelman et al., 2012). Normally, the length of the time

slice is predetermined. In this study, I applied variant lengths of time slices to test the e!ect

of the length on the DBN prediction. 5, 10, 15, 20, 30, 40, and 60 seconds were selected to

make sure the data in each experimental trial (480 seconds) could be equally divided.

5.2.3 DBN Validation

This study performed leave-one-out cross-validations to assess the prediction accuracy of

DBN and other competitive models to avoid bias caused by using the same participant’s

data for both training and testing (Wong, 2015). In each iteration of cross-validation,

one participant’s data was picked as the test set and the remaining 15 participants’ data

was considered the training set. Mean squared error (MSE) measures the average squared

di!erence between actual values and predictive values (Chicco et al., 2021; Wallach and

Go”net, 1989). Equation (5.6) shows the formulas of MSE, where n is the number of

interactions, Ai is the actual value, and Pi is the predicted value. After the 16 iterations of

leave-one-out cross-validation, i.e., each participant’s data being used as the test set once,

the average MSE was computed.

MSE =
1

n

n∑

t=1

(Ai → Pi)
2 (5.6)

5.3 Results

5.3.1 Structure of the DBN

A three-layered DBN structure is shown in Figure 5.1. The contextual layer includes the

block and the task complexity level; the performance layer includes the multitasking per-

formance variable (i.e., the error counts of MATB-II); and the observable layer includes the

two features of eye movement and four features of EEG band power. The solid arcs in Fig-

ure 5.1 represent the direction of conditional dependencies between variables within a time

slice, and the dashed arcs represent the dependencies between variables in two adjacent time



48

slices (Ji et al., 2006). More specifically, the variables in the performance and observable

layers in the previous time slice were used as parental nodes to predict the corresponding

variables in the current time slice. Since the variables in the contextual layer do not vary

over time in the experiment, there are no dashed arcs connecting the contextual variables

between time slices.

Figure 5.1: Structure of the DBN for predicting multitasking performance.

5.3.2 Prediction Accuracy With Variant Time Slices

Figure 5.2 shows the prediction accuracy of multitasking performance given the di!erent

time slice lengths of –5, 10, 15, 20, 30, 40, and 60 seconds. In Figure 5.2, the x-axis shows

the time slice length, and the y-axis represents the MSE of the DBN models after cross-

validation in terms of each time slice. Smaller prediction errors, as indicated by reduced

MSEs, were observed as the length of the time slice decreased from 60 seconds to 5 seconds.
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The result revealed that the DBN with the shortest time slice was the most accurate in

predicting multitasking performance.

Figure 5.2: Prediction accuracy of DBN using di!erent time slices. The lower mean squared
error of error counts represents greater prediction accuracy.

I applied bootstrap resampling to evaluate the robustness of the three-layered DBN

model with the current sample size. The bootstrap simulates a large number of datasets

by randomly sampling the original dataset (Bland and Altman, 2015). During each of the

100 iterations of the bootstrap (Rosenfeld et al., 2017), a resampled was generated dataset

with the same size as the original datasets, fit the DBN model to the resampled data,

and calculated the corresponding MSE for each time slice. Table 5.1 shows the MSE of

the DBN models after leave-one-out cross-validation and the confidence interval of MSE

after bootstrapping in terms of each time slice. The MSE values obtained using leave-

one-out cross-validation are within the 95% confidence interval derived from bootstrapping,

indicating the robustness of the DBN model given the current sample size.
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Table 5.1: Prediction accuracy (MSE) of DBN using leave-one-out cross-validations and the
confidence interval of MSE after bootstrapping.

Time slice Leave-one-out cross-validation Bootstrap

Mean (SD) 95% CI Mean (SD) 95% CI

5 seconds 0.368 (0.180) [0.257, 0.480] 0.362 (0.071) [0.348, 0.376]

10 seconds 0.593 (0.232) [0.437, 0.749] 0.601 (0.103) [0.580, 0.621]

15 seconds 0.865 (0.328) [0.657, 1.073] 0.854 (0.125) [0.830, 0.879]

20 seconds 1.182 (0.390) [0.873, 1.490] 1.216 (0.213) [1.173, 1.258]

30 seconds 1.851 (0.611) [1.301, 2.402] 1.902 (0.343) [1.834, 1.970]

40 seconds 2.321 (0.653) [1.501, 3.140] 2.331 (0.578) [2.217, 2.446]

60 seconds 3.746 (1.269) [2.063, 5.429] 3.663 (1.180) [3.429, 3.897]

5.3.3 Model Validation by Comparing Prediction Accuracy and BIC Among Di!erent DBN

Structures

To evaluate the e!ectiveness of combining contextual variables and physiological responses in

the observable layer of DBN, I compared the prediction accuracy of diverse DBN structures

that included specific subsets of the variables. Figure 5.3 presents the proposed DBN (DBN

1) and three variant DBN models that considered EEG power and eye movement only (DBN

2), contextual variables and eye movement only (DBN 3), and contextual variable and EEG

power only (DBN 4). The performance of the four DBN models is shown in Table 5.2. The

Wilcoxon signed rank test showed significantly smaller MSE in the proposed DBN (DBN

1) compared to DBN 2 (p < 0.001), DBN 3 (p < 0.001), and DBN 4 (p < 0.01). The model

comparison among the four DBN models is shown in Table 5.3. Besides, BIC evaluates a

model by balancing the goodness of fit and model complexity (Stoica and Selen, 2004), with

lower value indicating a better model quality. The proposed DBN achieved the lowest BIC

score (-21159.21). In comparison, the BIC scores for DBN 2-4 are -20600.40, -10614.26, and

-13001.54, respectively.
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Figure 5.3: The structures of proposed DBN (DBN 1) and its variants (DBN 2, 3, and 4).

Table 5.2: Prediction accuracy of DBNs including contextual, EEG, and eye movements
(DBN 1); EEG and eye movements only (DBN 2); contextual and eye movements only
(DBN 3); and contextual and EEG only (DBN 4).

Model DBN 1 DBN 2 DBN 3 DBN 4

MSE 1.561 1.606 1.580 1.588

95% CI [1.038, 2.084] [1.113, 2.101] [1.072, 2.087] [1.057, 2.119]

5.3.4 Prediction Comparison With BN and Other Algorithms

To further evaluate the DBN as an appropriate approach to predict multitasking perfor-

mance, I compared the DBN’s prediction accuracy with that of other popular methods.
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Table 5.3: Wilcoxon test results for comparison between DBNs including contextual, EEG,
and eye movements (DBN 1); EEG and eye movements only (DBN 2); contextual and eye
movements only (DBN 3); and contextual and EEG only (DBN 4).

Statistics DBN 2 DBN 3 DBN 4

DBN

p-value <0.001*** <0.001*** 0.006**

W 1862 4703 2226

DBN 2

p-value - <0.001*** 0.002**

W - 4436 4232

DBN 3

p-value - - 0.003**

W - - 2147

Bayesian Network (BN) and several common modeling techniques of linear regression (LR),

random forests (RF), and deep neural networks (DNN) were used for comparison. BN can

be considered as a single time slice in DBN (Murphy et al., 2002). The BN for comparison

has the same structure as DBN, but without the conditional dependencies between the time

slices. LR uses linear functions to model relationships among variables (Montgomery et al.,

2021). RF can be taken as an aggregate of multiple decision trees, which partitions data into

di!erent subgroups based on statistical rules and generates a graphic representation with a

tree-like structure (Lan et al., 2020; Song and Ying, 2015). Compared to a single decision

tree, a random forest can reduce the variance of the estimated results and achieve higher

accuracy in classification and prediction (Breiman, 2001). DNN simulates the functionality

of human neurons and is composed of multiple layers of perceptrons. The perceptrons be-

tween layers are connected by activation functions and di!erent layers can learn di!erent

features, enabling the deep neural network to discover underlying patterns in the dataset

(Gurney, 2018).

Table 5.4 shows that the DBN outperformed other competitive models in multitasking

performance prediction by showing the smallest average MSE. The results of the Wilcoxon

signed rank tests in Table 5.5 showed that DBN had significantly better performance com-

pared to BN, LR, RF, and DNN.
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Table 5.4: Prediction accuracy comparison between DBN and other algorithms.

Model DBN BN LR RF DNN

MSE 1.561 1.607 2.697 2.562 2.643

95% CI [1.038, 2.084] [1.778,3.289] [1.500, 3.893] [1.417, 3.707] [1.232, 4.054]

Table 5.5: Wilcoxon test results for comparison between models.

Statistics BN LR RF DNN

DBN

p-value <0.001*** <0.001*** <0.001*** <0.001***

W 668 594 307 449

BN

p-value - 0.553 0.024* 0.073

W - 2959 2388 2546

LR

p-value - - 0.503 0.929

W - - 2933 3195

RF

p-value - - - 0.637

W - - - 3001

5.4 Discussions

I applied a DBN to predict multitasking performance over time using EEG band power

and eye movements in this chapter. The DBN model performed better than other DBN

models that included only single physiological measurements, indicating the benefit of em-

ploying multiple physiological responses in DBN. It has also shown its e!ectiveness by

achieving greater prediction accuracy compared to other modeling approaches. Leveraging

the strength of small prediction errors and high computational e”ciency, this study suggests

the practical uses of the DBN model in improving operators’ multitasking performance.

The proposed DBN, which integrates EEG, eye movements, and contextual variables,

achieves the highest prediction accuracy and o!ers a more comprehensive understanding of

how multitasking performance relates to task context, cognitive activity, and visual atten-

tion. The di!erences are statistically significant, as confirmed by Wilcoxon tests. Further-

more, the BIC score for the proposed DBN was the lowest among all models, indicating
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better model fit despite the penalties for relative higher model complexity. Although the

absolute di!erence in prediction error may appear small, the relative di!erence exceeds 1%.

For instance, in the 10-second time slice condition, my DBN achieved a percentage error

of 17.6%, compared to 18.9% for DBN 2. These improvements can still be meaningful in

safety-critical domains, where small gains in predictive accuracy can accumulate over time

and lead to significant operational or safety benefits. The higher prediction accuracy of the

DBN model with multisensor measures is consistent with recent research that employs mul-

tisensor data in modeling human performance and cognitive states. Multisensor approaches

are usually favored because they provide complementary data that single sensors might

miss, mitigate the noise susceptibility of single sensors, and ultimately improve prediction

accuracy (Al Imran et al., 2024; Brunzini et al., 2024; Iqbal et al., 2024).

The proposed DBN model shows the smallest prediction errors compared to other mod-

els, confirming the capability and robustness of the DBN in predicting multitasking perfor-

mance over time. Compared to a static Bayesian network, the DBN significantly improves

multitasking performance prediction by capturing temporal causal relationships among vari-

ables, allowing for enhanced prediction over time (Murphy et al., 2002; Yang et al., 2010).

The performance of the deep neural network was below my expectations, which may be due

to the small size of the training dataset used in this study. Though I might have obtained a

better prediction result given a bigger sample size, the training process of the deep neural

network would have been more challenging and lengthy (Szanda#la, 2021), making it less ap-

plicable than the DBN to real-world scenarios. The DBN’s superior performance compared

to other modeling approaches when there is a relatively small sample size may be due to the

DBN’s unique ability to use the parameter estimations based on conditional probabilities

(Reichenberg, 2018) from other models.

The findings in this chapter provide insights into how best to model and predict mul-

titasking performance. The three-layered DBN model provides a framework for predicting

multitasking performance using a dynamic probabilistic model. The proposed model has

implications beyond the laboratory setting, as error prediction during multitasking is known

to be one way to mitigate the consequences of errors (Reason, 1990), especially in high-risk

work environments. In particular, if the DBN model detected an increased number of errors
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in the coming time period, operators could be alerted to the occurrence so that they could

react in advance to avoid or minimize the impact of the errors.
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Chapter 6

ENHANCING MULTITASKING PERFORMANCE BY
AUTOMATION INTERVENTIONS

Chapter 6 examined how to design an automation intervention in a multitasking environ-

ment. Partial automation is an e!ect way to enhance multitasking performance by reducing

the overall attention demands of multitasking placed on human operators. Compared to

full automation, partial automation requires less technical resources and also reduces op-

erator overreliance on automation by keeping human in the loop. However, there is a

critical gap in researchers’ understanding of how to design e!ective partial automation in

multitasking, particularly when it comes to determining the types of tasks that should be

automated. This study explores the impact of partial automation on multitasking perfor-

mance under di!erent sensory modalities and task prioritizations. This study utilized the

MATB-II as the multitasking environment and employed a 2 ↑ 2 within-subjects design

with two independent variables: sensory modality (cross-modality vs. intra-modality) and

task priority (equal vs. unequal priority). The individual subtask and overall multitasking

performances of 20 participants were measured. Results indicate that partial automation

led to greater improvements in both types of performance under cross-modality than under

intra-modality. These findings o!er guidance for designing automation allocation strategies

to enhance multitasking performance.

6.1 Introduction

6.1.1 Sensory Modality and Task Priority

The e!ectiveness of partial automation depends on an understanding of the factors that

influence operator performance during multitasking (Endsley, 2017). Two critical fac-

tors—sensory modality and task priority—influence operator multitasking performance and

need to be carefully considered when designing automation interventions. Sensory modal-
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ity refers to the channel through which individuals collect information from environmental

stimuli. These stimuli are typically classified based on the sensory receptors they activate

(Auvray and Spence, 2008). Visual and auditory modalities are predominant in most safety-

critical settings (Hutmacher, 2019). According to multiple resource theory (Wickens, 2002),

multitasking interference is greater when tasks use the same sensory modality (e.g., two

visual tasks) and lower when tasks use di!erent modalities (e.g., one visual task and one

auditory task).

Task priority, another crucial factor, a!ects multitasking by prompting operators to

allocate more attentional resources to high-priority tasks. This prioritization enhances op-

erator performance on these tasks but may lead to decreased performance on tasks of lower

priority (Barg-Walkow and Rogers, 2017). In a multitasking scenario involving rerouting,

maintenance, and target detection of an unmanned aerial vehicle, participants exhibited

higher accuracy and faster response times on the explicitly prioritized task while showing

lower accuracy and slower responses on secondary tasks (Liu and Gao, 2024).

6.1.2 Research Question

While research has highlighted the importance of task-related factors in multitasking, key

questions remain about the role these factors play in the presence of partial automation.

Understanding their influence is essential for designing automation strategies that enhance

the system and operator’s combined multitasking performance. Specifically, it is unclear

which tasks in a multitasking system should be automated given these factors Calhoun

(2022). In the following sections of this paper, I refer to the system and operator’s combined

multitasking performance as “overall multitasking performance”. Existing research has

only partially addressed this issue. For example, Onnasch (2015) and Karpinsky et al.

(2018) investigated the impact of partial automation on operators’ attention allocation and

overall multitasking performance using the MATB-II. However, both studies preselected the

automated task and did not explore other possibilities for task selection. Meanwhile, Dan

et al. (2012) conducted a qualitative study examining how automation reliability and task-

related factors a!ect operators’ multitasking strategy but did not quantify their impact on

overall multitasking performance. Strybel et al. (2016) analyzed how automating di!erent
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tasks a!ects overall performance in air tra”c control yet did not explain why the automation

of certain tasks led to better performance. This study examines how to design partial

automation in a multitasking environment, specifically focusing on how to select tasks for

automation based on task modality and priority in order to enhance overall multitasking

performance.

6.2 Methodology

6.2.1 Participants

Twenty participants (14 women, 6 men) with a mean age of 25.55 years (SD = 4.14) from

the University of Washington participated in this study. All participants had normal or

corrected-to-normal vision. Individuals with visual or hearing impairments, color blindness,

or photosensitive epilepsy, as well as those wearing medical devices that might have been

a!ected by the equipment used in this study, were excluded.

6.2.2 Experimental Design and Procedure

I employed a 2 ↑ 2 within-subjects design with the two independent variables, sensory

modality (i.e., intra- and cross-modality) and task priority (i.e., equal and unequal priority).

The level of sensory modality was defined by the combination of two tasks in the multitasking

environment. The intra-modality condition involved a visual–visual task combination, while

the cross-modality condition featured a visual–auditory task combination. Task priority

was determined by the researcher, who before each session specified whether there would

be a priority di!erence between the two tasks (Jansen et al., 2016). In this study, partial

automation was implemented by automating one task while keeping the other task manual.

The automation’s reliability was set at 80%. Only the automated task would be prioritized

if there was a priority di!erence.

Participants who met the inclusion criteria participated in the experiment by visiting

the Human and Systems Laboratory at the University of Washington. Upon arrival, par-

ticipants were asked to consent to participate in the study. Those who consented were

provided with verbal instructions related to the experimental procedure. Participants then

watched a short video about the experiment design and how to perform the tasks. Next,
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participants completed practice sessions to familiarize themselves with the keyboard con-

trols. Once participants were ready for the experiment, researchers assisted them in sitting

properly in front of the Tobii eye tracker, and conducted the eye-tracker calibration. In the

main experiment, each participant completed a total of six trials: two baselines without

automation and priority di!erences, followed by four experimental trials, as shown in Fig-

ure 6.1. After each session, participants completed a web-based NASA-TLX questionnaire

and took a 1-minute break. After completing all six sessions, participants answered the

trust questionnaire. The entire experiment lasted around 90 minutes. Participants were

compensated with a $10 Tango card.

Figure 6.1: Design of experiment.

The dependent variables in this study include the individual performance measures for

each subtask and a combined measure representing subtasks’ combined performance. The

description of each dependent variable can be found in Section 2.3. Table 6.1 lists all the

independent and dependent variables.

MATB-II, a computer-based flight simulation software program developed by the Na-

tional Aeronautics and Space Administration (NASA) (Santiago-Espada et al., 2011), was

used as the multitasking environment in this study. I utilized an open-source version of

MATB-II, Open-MATB (Cegarra et al., 2020), so that I could create a customized user

interface tailored to my research question. Unlike the original MATB-II, this customized

setting using Open-MATB showed two subtasks displayed side by side. My study had three

subtasks: system monitoring (SYSMON), communication (COMM), and resource manage-

ment (RESMAN). The left panel featured either the SYSMON or COMM task, depending



60

Table 6.1: Independent and dependent variables

Category Sub-category Variable

Independent variable - Task modality (cross-modality, intra-modality)

- Task priority (equal, unequal)

Dependent variable Behavioral response Automated task: Inverse e!ciency score (IES)

Manual task: Number of abnormal tanks

Overall performance: Sum of errors

Subjective response NASA-TLX

Physiological response Number of fixations in automated task

Number of fixations in manual task

Number of saccades in automated task

Number of saccades in manual task

Dwell time in automated task

Dwell time in manual task

on the experimental condition, while the right panel displayed the RESMAN task, as il-

lustrated in Figure 6.2. In the four experimental conditions, the task displayed on the left

panel (SYSMON or COMM) was automated, while that on the right panel (RESMAN)

remained manual.

The intra-modality (visual–visual) condition was created by activating SYSMON and

RESMAN at the same time. SYSMON requires participants to respond when they detect

abnormalities in any of the four gauges displayed on the interface. When an arrow on a

gauge was o!set, participants pressed the corresponding key (F1, F2, F3, or F4) on the

keyboard to correct it. RESMAN involves maintaining the fuel levels of two target tanks on

the airplane within the desired range. As in the SYSMON task, when an arrow on a gauge

was o!set, participants managed fuel by transferring it between the target tanks (Tank A

and Tank B) and supplementary tanks using pumps, which they could activate or deactivate

by pressing the corresponding number key on the numpad.

The cross-modality (visual–auditory) condition was created by pairing COMM and RES-

MAN. The COMM task requires participants to listen to radio messages and adjust the radio
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Figure 6.2: User interface of multitasking environment: (a) The intra-modality condition
included two visual tasks, system monitoring (SYSMON) and resource management (RES-
MAN). SYSMON was the automated task, while RESMAN was the manual task; (b) The
cross-modality condition included an auditory task, communication (COMM), and a visual
task, RESMAN. COMM was the automated task, while RESMAN was the manual task.

channel and frequency based on the messages. The participants used the up and down arrow

keys to change the channel and the left and right arrow keys to adjust the frequency. They

then confirmed their selection by pressing the return key.

To minimize any potential bias in performance incurred by di!erences in subtask com-

plexity, I balanced the complexity of SYSMON and COMM by using the Baud rate (Cam-

den et al., 2017), which quantifies the rate of information presentation to the participant,

as measured in bits per second (bps). Equation 6.1 shows the Baud rate formula, where B

represents the Baud rate of a subtask, N indicates the number of decision alternatives, and

$T denotes the time interval between two events in the subtask (Liu and Nam, 2018). I
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controlled the Baud rate for the pair of tasks at 0.25 bps, with SYSMON presenting eight

events per minute and COMM presenting three events per minute. The RESMAN task was

designed with eight events per minute to balance the complexity of the time-sharing tasks.

B =
log2(N)

$T
(6.1)

6.2.3 Responses

Behavioral Responses

Participants’ responses to the subtasks, along with their response times, were recorded by

the Open-MATB software. The system’s status, such as the fuel levels of Tank A and Tank

B, was also logged for analysis. To evaluate overall multitasking performance, I employed

a variety of behavioral responses.

• Inverse e”ciency score (IES): I used IES, a performance measure that combines re-

sponse time and the proportion of error responses (Bruyer and Brysbaert, 2011), to

generate a single metric by which to evaluate performance on the automated task

(SYSMON or COMM). Errors in SYSMON included misses, defined as failures to

correct an abnormal gauge, and false alarms, defined as incorrect adjustments to a

normal gauge. Errors in COMM were categorized as missing a radio adjustment re-

quest, changing a radio channel or frequency without a corresponding request from the

radio message, or adjusting the incorrect channel or frequency. Equation 6.2 indicates

how to compute IES.

IES =
Response time

1→ Error rate
(6.2)

• The number of abnormal tanks: I considered the number of tanks outside the de-

sired fuel level (either above or below), referred to as “abnormal tanks”, to evaluate

performance on the manual task (RESMAN). The possible values for the number of

abnormal tanks were 0, 1, or 2.

• Sum of errors: I used the combined sum of errors from the automated and manual

tasks to evaluate overall multitasking performance.
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Physiological Responses

I used a Tobii X3-120 eye tracker (Tobii) to record participants’ eye movements. The

sampling rate was 120 Hz. The distance between the eye tracker and participants was

maintained at approximately 500 mm to ensure reliable tracking during the calibration

and experiment. The lighting was controlled by blocking out sunlight to ensure consistent

experimental settings across participants.

Several metrics were derived from the recorded eye movements to assess participants’

attention allocation during multitasking. I defined two AOIs, correspond to the locations of

the automated task and the manual task, to analyze task-specific eye movement patterns.

Dwell time on each AOI, representing the total fixation time spent within the AOI, was

also computed (Becker, 2011). Lastly, I derived the stationary gaze entropy (SGE) from the

eye movements, which quantifies the variability of eye movements across the two AOIs and

assesses the overall spatial dispersion of fixations (Cui et al., 2024). I used the Shannon’s

entropy to calculate the gaze entropy as shown in Equation 6.3. n represents the number

of AOIs (which is 2 in this study), and pi is the probability of fixations in the ith AOI.

SGE = →
n∑

i=1

pi log2(pi) (6.3)

Subjective Responses

I used NASA-Task Load Index (NASA-TLX) to measure participants’ perceived workload

across six dimensions: mental demand, physical demand, temporal demand, performance,

e!ort, and frustration (Hart, 2006). After rating each dimension, participants performed

pairwise comparisons to decide the weights, which reflects the relative contribution of each

dimension to the overall workload. The overall workload score was then calculated as a

weighted average.

6.2.4 Data Processing and Analysis

I first applied the moving average on the eye movement to smooth the data and reduce

the noises. Next, we converted the time formats of the eye movement and MATB-II data
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by converting them to a local timestamp. The eye movement was downsampled to 1 Hz.

Finally, we synchronized the eye movements and behavioral responses, aggregating them by

the predetermined time bins to prepare the data for further analysis and modeling.

To normalize the comparisons of behavioral, subjective, and physiological responses

across di!erent conditions, I analyzed the relative change in each of the responses from

baseline, as shown in Equation 6.4. Xexperimental represents the value of a response under

the experimental conditions, and Xbaseline represents its value under the baseline conditions.

Xrelative denotes the relative change in the response, which measures how much the response

change in experimental conditions compared to the baseline. A positive relative change

indicates an increase in the response, whereas a negative relative change indicates a decrease.

Xrelative =
(Xexperimental →Xbaseline)

Xbaseline
(6.4)

I conducted a non-parametric two-way ANOVA using the aligned rank transform (ART)

to examine the e!ects of sensory modality and task priority on the behavioral responses.

ART is a robust method for analyzing factorial designs with non-normal data, allowing for

the testing of main e!ects and interactions (Elkin et al., 2021). The extended ART method

adjusts for the repeated measures in my within-subect design by accounting for individual

variability across conditions (Beasley, 2002). I used the ‘ARTool’ package to conduct the

analysis in R (R Core Team, 2021).

6.3 Results

6.3.1 Enhancement of Multitasking Performance Through Automation

I first compared the behavioral and subjective responses measured under baseline conditions

with those obtained under experimental conditions to determine whether the enhancements

in multitasking performance were statistically significant. The Mann–Whitney U test shows

significant improvements resulting from automation, indicated by lower IES (U = 2852.5,

p < 0.001), fewer abnormal tanks (U = 2086, p = 0.002), and a reduced total number of

errors (U = 2338.5, p < 0.001). I also observed a significant di!erence in NASA-TLX scores

between baseline sessions and sessions with automation (U = 2112, p = 0.004). Table 6.2
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summarizes these results, presenting responses in actual values.

Table 6.2: Comparison of behavioral and subjective responses between the baseline and
experimental conditions (with automation).

Responses Baseline Automation p-value

Automated task: IES 2432.506 1237.484 < 0.001→→→

Manual task: Number of abnormal tanks 1.075 0.500 0.002→→

Overall performance: Sum of errors 5.109 1.550 < 0.001→→→

NASA-TLX 59.358 48.354 0.004→→

6.3.2 Descriptive Statistics

Table 6.3 displays the descriptive statistics of dependent variables for each experimental

condition across all participants, including the mean and standard deviation for each vari-

able. Based on the definitions of the three behavioral responses—IES, number of abnormal

tanks, and sum of errors—lower values indicate better performance. For NASA-TLX, a

higher score indicates a higher self-assessed workload. Responses are presented in actual

values. However, in the following sections, only relative changes in experimental conditions

compared to baseline will be reported to assess the impact of automation.

6.3.3 E!ects of Sensory Modality and Task Priority

Automated Task

Participants showed lower IES on the automated task during cross-modality multitasking

compared to intra-modality multitasking (F = 13.145, p < 0.001). According to the defini-

tion of IES, the lower the ratio of the response time to (1 → Error Rate) is, the better the

performance of the automated task. The negative values represent improvement in perfor-

mance compared to baseline. There was no significant e!ect observed from priority or the

interaction of modality and priority. Figure 6.3 depicts the interaction plot for IES across

sensory modalities and task priority levels.
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Table 6.3: Descriptive statistics of dependent variables (mean and SD) in experimental
conditions (with automation). Responses are shown in actual values.

Task Priority Task Modality

Dependent Variable Equal Unequal Cross-modality Intra-modality

Automated task: IES
1258.349

(553.037)

1216.619

(553.713)

1031.025

(641.142)

1443.944

(338.882)

Manual task: Number of abnormal tanks
0.400

(0.744)

0.600

(1.057)

0.350

(0.700)

0.650

(1.075)

Overall performance: Sum of errors
1.475

(1.552)

1.625

(1.720)

1.375

(1.444)

1.725

(1.797)

NASA-TLX
48.142

(19.488)

48.567

(17.875)

47.092

(19.445)

49.617

(17.833)

Figure 6.3: Interaction plot for the inverse e”ciency score (IES) in the automated task.
The y-axis shows the relative di!erence in IES from baseline. Lower (more negative) values
indicate better performance. Error bars represent standard errors.

Manual Task

I observed significantly fewer abnormal tanks during cross-modality multitasking compared

to intra-modality multitasking (F = 9.737, p < 0.01). This suggests better performance on

the manual task. There was no significant e!ect observed from priority or the interaction
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of modality and priority. Figure 6.4 shows the interaction plot for the number of abnormal

tanks across sensory modalities and task priority levels across sensory modalities and task

priority levels.

Figure 6.4: The interaction plot for the number of abnormal tanks in the manual task. The
y-axis represents the relative change of the number of abnormal tanks from baseline. Lower
(more negative) values indicate better performance. Error bars denote standard errors.

Combined Multitasking Performance

With IES and the number of abnormal tanks, participants showed fewer sum of errors under

the cross-modality condition than under the intra-modality condition, indicating a better

overall multitasking performance under cross-modality (F = 4.274, p < 0.05). They also

showed a marginal e!ect of task priority on sum of errors, with smaller sums of errors under

the equal-priority condition compared to unequal-priority condition (F = 2.982, p = 0.090).

There was no significant interaction e!ect of modality and priority. Figure 6.5 shows the

interaction plot for the combined performance of the automated and manual tasks.

NASA-TLX

There were no significant di!erences in NASA-TLX scores across sensory modalities or

priority levels, suggesting that participants’ perceived workload did not vary among the

experimental conditions with automation aid.
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Figure 6.5: The interaction plot for the sum of errors from the automated and manual tasks.
The y-axis represents the relative change of the sum of errors from baseline. Lower values
indicate better performance. Error bars denote standard errors.

6.4 Discussions

This study examined how sensory modality and task priority influence the e!ectiveness of

partial automation in enhancing overall multitasking performance. These results showed

that cross-modality multitasking benefited more than intra-modality multitasking from the

incorporation of partial automation, which highlights the importance of tailoring partial

automation to account for sensory modalities in multitasking. No significant di!erences

were observed between the equal- and unequal-priority conditions.

6.4.1 Sensory Modality

One explanation for the di!erence between sensory modalities is the impact of mapping

auditory information onto spatially distributed visual elements on MATB-II during cross-

modality multitasking. This process likely led to additional spatial transformation demands

and increased cognitive e!ort, resulting in reduced performance Stock et al. (2017); Tsang

et al. (2021). In this study, participants had to map channel and frequency information

provided in radio messages to visual panels using the MATB-II interface when performing

an auditory task (COMM). To assess whether this could explain my results, I conducted

a Wilcoxon signed-rank test comparing the cross-modality and intra-modality baselines.
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When there was no automation, participants in the intra-modality baseline exhibited bet-

ter overall multitasking performance compared to those in the cross-modality baseline, as

indicated by the former group’s fewer sum of errors (W = 41.5, p < 0.05). Given that task

complexity between SYSMON and COMM was balanced, these findings suggest that the

introduction of partial automation helped reduce the cognitive e!ort of performing spatial

mapping in cross-modality conditions, leading to larger performance improvements.

Eye movement di!erences provide additional insights into how participants’ allocate

their visual attention during multitasking when automation was involved. In cross-modality

conditions, participants exhibited longer dwell times in the manual task compared to intra-

modality conditions (F = 39.770, p < 0.001). Longer dwell times are indicative of increased

focus on a given area Fichtel et al. (2019), suggesting that participants were able to allocate

more visual attention to the manual task in cross-modality scenarios, potentially leading to

improved performance on the manual task compared to intra-modality conditions.

6.4.2 Task Priority

To understand the reasons for the insignificant e!ect of task priority on multitasking per-

formance, I investigated participants’ eye movement di!erences by task priority conditions.

When the automated task was assigned a higher priority, participants exhibited longer dwell

times on the automated task and shorter dwell times on the manual task than they did under

the equal-priority conditions (F = 16.466, p < 0.001; F = 16.083, p < 0.001, respectively).

This finding suggests that, despite being automated, participants still allocated more visual

attention to the prioritized task. While automation is intended to reduce attentional de-

mands on the prioritized task, which usually receives greater attention when competing with

other tasks, this advantage may have been o!set by increased monitoring of the automated

task when it was prioritized.

6.4.3 Correlation Between Eye Movements and Performance Metrics

The repeated measures correlation analysis revealed key eye movement metrics that reflect

both subtask performance and overall multitasking performance. A longer average fixation

duration, indicating higher cognitive e!ort for visual information processing, was associated



70

with a higher IES (r = 0.429, p < 0.001), reflecting lower performance on the automated

task. The shorter dwell time in the manual task and the higher SGE were correlated with

a higher number of abnormal tanks (r = →0.268, p < 0.05 and r = 0.266, p < 0.05, respec-

tively), indicating lower manual task performance. Higher SGE suggests a more dispersed

fixation pattern and less e”cient visual attention allocation to task-relevant elements. Re-

garding overall performance, a longer average fixation duration was also associated with

greater sum of errors (r = 0.351, p < 0.01). Additionally, longer dwell time in the auto-

mated task, shorter dwell time in the manual task, and higher SGE were correlated with

lower overall performance (r = 0.351, p < 0.01; r = →0.327, p < 0.01; and r = 0.330,

p < 0.01, respectively). The heatmap in Figure 6.6 shows the results of the correlation

analysis.

Figure 6.6: Heatmap for correlations between subtask performance, overall multitasking
performance, and eye movement metrics. All variables are presented in relative di!erence
format, and the values on the heatmap represent correlation coe”cients.
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6.4.4 Limitation and Future Research

This study has limitations that require further research. First, I focused on automation

with 80% reliability, a value higher than the 70% used by other studies that have shown

the e”cacy of partial automation in enhancing performance (Onnasch, 2015). Future re-

search could explore various levels of automation reliability to gain a more comprehensive

understanding of how to design partial automation. Second, this study examined two levels

of task priority, equal priority and unequal priority. The automated tasks, SYSMON and

COMM, are both signal-detection tasks that are time-critical Pontiggia et al. (2024). Con-

sidering the actual functionality of SYSMON and COMM in flight operations, responding

to audio messages from air tra”c control and detecting abnormal altitude gauges, are more

safety-critical tasks, making them important for maintaining overall system functionality.

In contrast, the manual task (RESMAN) involves planning and resource allocation Pontig-

gia et al. (2024), which is less time-critical and allows for more temporal flexibility. This

di!erence is the primary reason I did not include a condition in which the manual task was

prioritized. However, broadening the applicability of these findings would require exploring

scenarios in which the manual task is prioritized while partial automation is active. Third,

while MATB-II simulates the routine tasks of pilots during flights, exploring the e!ects of

partial automation in real-world multitasking scenarios would provide valuable validation

and enhance the generalizability of my findings beyond the simulator-based setting.



72

Chapter 7

GENERAL DISCUSSIONS AND CONCLUSIONS

7.1 Objectives

The increasing prevalence of multitasking in real-world work settings is driven by the grow-

ing complexity of responsibilities and the increasing volume of tasks that operators must

process simultaneously (Mark et al., 2005). In high-risk environments such as aviation,

driving, and healthcare, operators are required to manage multiple streams of information,

coordinate competing task demands, and make accurate decisions under pressure. Perfor-

mance decrements, such as errors or delayed response times in these settings, can lead to

life-threatening consequences, making it imperative to develop data-driven solutions that

improve multitasking performance to ensure safety and e”ciency. This dissertation devel-

oped an integrated framework for multitasking performance enhancement by modeling and

predicting multitasking performance and investigating the design of intervention. Table 7.1

summarizes the key findings of this dissertation by research question and chapter.

E!ectively modeling and predicting multitasking performance is crucial for mitigating

the negative impacts of performance decrements. This dissertation examines multitask-

ing behavior in both a real-world distracted driving scenario and controlled experimental

settings, demonstrating how factors such as task complexity, repetition, priority, and sen-

sory modality influence performance. I also identified several time-series neurophysiological

metrics from eye movements and EEG signals as reliable indicators to reflect performance

changes. Building on these insights, a Bayesian-based dynamic probabilistic model was

employed to capture temporal dependencies among these variables, enabling continuous

prediction of multitasking performance.

This dissertation also goes one step further by investigating how to design e!ective

intervention support in order to deliver beneficial and timely mitigation once the predic-

tive model detects performance decrements in multitasking. With the rapid development
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of automation technology, this dissertation also incorporated intervention into the scope

and examined how partial automation enhance the performance based on the multitasking

environment.

The rest of this chapter concludes by summarizing the main findings and contributions

of this dissertation, and discusses the potential directions for future studies.

Table 7.1: Summary of research findings.

Chapter RQ Summary of findings

3, 4 RQ1 Contextual factors (crosswalk markings, tra!c light, and presence of pedestrians;

task complexity and repetition) and individual factors (age group, etc.) influence

multitasking performance in field and the laboratory studies.

4 RQ2 Neurophysiological responses, including eye movements (fixation duration and fre-

quency) and brain signals (central and frontal theta-band power and alpha-band

power) serve as indicators of changes in multitasking performance.

5 RQ3 A DBN integrating contextual factors and neurophysiological responses provides a

robust framework for predicting multitasking performance over time.

6 RQ4 The e”ectiveness of automation in enhancing multitasking performance is influenced

by contextual factors (sensory modality).

7.2 Review of Findings

7.2.1 Factors

Understanding the factors that influence multitasking performance is the first and essen-

tial step for modeling multitasking performance. A well-informed model that accounts for

key contributors to variations in multitasking performance can provide accurate estima-

tions, enabling timely alerts, and proactive mitigation of performance decrements. The

studies collectively identify a range of factors that influence multitasking performance. I

investigated the factors that influence distracted driving behavior using naturalistic driv-

ing data. Using k-means clustering and multinomial regression, the analysis identifies two

broad categories of factors that shape drivers’ engagement in secondary tasks and their

subsequent impact on driving performance. The first category includes factors related to
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the driving task, such as tra”c signals, the presence of pedestrians, and crosswalk marking

types, which influence drivers’ situational awareness and decision-making. The second cate-

gory includes demographic factors, including education level, employment status, age group,

driving mileage, and income level, which reflect individual di!erences in distracting driv-

ing. In the controlled study using MATB-II, task-related factors, including task complexity

and repetition, as lower complexity and more repetition can result in better multitasking

performance. Together, these findings provide insights into how task-related and individual

factors influence distracted driving behavior and its consequences on driving performance.

7.2.2 Neurophysiological Indicators

Neurophysiological signals o!er distinct advantages over traditional behavioral metrics for

assessing multitasking performance. While behavioral measurements provide only post-hoc

evaluations and often fail to capture moment-to-moment fluctuations, time-series neuro-

physiological signals can reflect real-time changes in cognitive and attentional states during

multitasking. This dissertation identifies key neurophysiological indicators from eye move-

ments and EEG signals by integrating domain knowledge, which considers their relevance

to multitasking, with data-driven methods, specifically repeated measures correlation anal-

ysis. Eye movement features, including fixation count and fixation duration, were selected

based on their established relationship with visual attention allocation. Similarly, theta-

and alpha-band power in the central and frontal regions of EEG were chosen due to their

associations with cognitive processes and task-related cognitive demands. These neurophys-

iological signals demonstrated significant correlations with multitasking errors, validating

their potential for tracking performance fluctuations over time. Identifying these physio-

logical indicators lays the groundwork for developing a probabilistic modeling approach to

predict multitasking performance.

7.2.3 Probabilistic Modeling

Probabilistic modeling is a powerful method for estimating multitasking performance over

time, as it can e!ectively handle small sample sizes, account for uncertainty, deal with

missing data, and provide interpretable representations of variable dependencies. These
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advantages make probabilistic modeling particularly suitable for multitasking research. In

this dissertation, I developed a DBN to predict multitasking performance over time. The

model follows a well-validated three-layer structure, incorporating factors in the contextual

layer and indicators in the observable layer, which are identified in the previous parts of this

dissertation. The model was validated through comparative analysis with other machine

learning models, demonstrating its feasibility in estimating multitasking errors over time.

Additionally, I evaluated the predictive performance of DBN models incorporating both

eye-tracking and EEG signals versus those relying on a single sensor type. The results

align with recent trends in human factors research, showing that a multi-sensor approach

enhances prediction accuracy compared to single-sensor models.

7.2.4 Interventions

In this dissertation, I introduced partial automation as an intervention to enhance multi-

tasking performance, as it can reduce attentional demands while addressing the limitations

of full automation. This section expands on insights from earlier chapters by integrating

task-related factors into the automation design discussion and utilizing neurophysiological

indicators, specifically eye movements, to gain an understanding of how automation in-

fluences human operators’ behavior in multitasking environments. This study specifically

examines how sensory modality and task priority influence the e!ectiveness of partial au-

tomation. Using non-parametric ANOVAs, the findings reveal that partial automation leads

to greater improvements in both subtask and overall multitasking performance when ap-

plied under cross-modal conditions compared to intra-modal conditions. This suggests that

automation should be strategically allocated between tasks that engage di!erent sensory

systems to maximize its benefits.

7.3 Contributions

7.3.1 Scientific Contributions

This dissertation makes several scientific contributions to the fields of human performance

modeling and human-automation interaction. First, it introduces a dynamic, data-driven

framework for accurately modeling multitasking performance, moving beyond static and
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post-hoc methods toward an interpretable probabilistic model. Future researchers can eas-

ily adjust this model to account for context-specific factors in di!erent task settings and

incorporate various physiological sensors to refine its predictions.

Moreover, this framework is not only applicable to multitasking research but also ex-

tends to a broad range of domains. One key strength is its flexibility, which allows variables

to be added, removed, or reconfigured based on domain-specific theories or empirical find-

ings, enabling adaptation to varied contexts. Beyond this flexibility, the DBN approach

also captures temporal relationships among variables, making it well-suited for domains

where outcomes fluctuate over time or task demands change. By integrating diverse data

sources, including physiological sensors (capturing latent cognitive and physiological states),

contextual factors (reflecting task demands), and individual di!erences, this framework facil-

itates comprehensive modeling of various outcomes, such as vigilance, fatigue, and cognitive

workload. As sensor technologies and data acquisition methods continue to advance, this

approach will remain relevant for domains that require adaptive, customized, and time-

sensitive modeling.

Finally, this dissertation enhances empirical understanding of automation design in mul-

titasking environments, an area that remains underexplored in current research. It empha-

sizes the need to study human-automation interactions within the context of specific tasks,

which is frequently underrepresented in broader studies. These findings suggest that fu-

ture research could benefit from this approach that integrates both general principles and

context-specific insights. By leveraging insights from task-related factors and neurophysio-

logical indicators, this work contributes a data-driven framework to the design of automation

systems in multitasking environment.

7.3.2 Practical Implications

The findings of this dissertation provide actionable insights that can be applied to various

domains. First, the proposed probabilistic model incorporating factors and neurophysiolog-

ical indicators has implications for developing decision support systems, as error prediction

is a known strategy for mitigating the consequences of errors in high-risk work environments

(Reason, 1990). For example, in the aviation industry, my sensor-based predictive model for
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multitasking performance could be integrated into pilots’ and air tra”c controllers’ moni-

toring displays, providing personalized proactive interventions, such as timely performance

feedback or alerts for potential performance declines.

Second, my model could be applied to training program design and candidate selection,

as maintaining multitasking ability is a key requirement in many modern workplaces. Or-

ganizations could use the model to design adaptive training programs that can adjust task

design (e.g., task complexity levels) based on trainees’ real-time performance, ensuring pro-

gressive skill development for roles that require intensive multitasking, such as clinicians.

Similarly, the model could be integrated into candidate selection to assess and estimate in-

dividuals’ multitasking performance over time, helping to identify candidates who are best

suited for roles that face complex and dynamic multitasking situations, such as those in

military settings.

Third, this dissertation establishes the groundwork for designing context-specific adap-

tive automation system to enhance operators’ multitasking performance. This adaptive

automation is particularly beneficial in domains with structured and multitasking-intensive

settings, such as driving and aviation, ensuring that automation is deployed at the right

moment and on the right task. Understanding how to allocate automation based on task-

related factors allows for a more strategic and e”cient deployment of automation support.

Moreover, by integrating real-time neurophysiological monitoring to detect performance

decrements, the system can dynamically trigger context-specific automation that are aligned

with the operators’ needs and task demands.

7.4 Limitations and Future Rresearch

This dissertation has several limitations o!ering directions for future research. First, the

probabilistic model was developed based on controlled lab studies, validating this framework

in another distracted driving study would strengthen the applicability and generalizability

of my approach. Second, while demographic factors did not show significant e!ects in

the lab studies and were not included in the DBN model, both the field study in this

dissertation and previous research indicate that individual di!erences can also influence

multitasking performance. Besides, the proposed DBN model does not incorporate sub-
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task performance metrics or neurophysiological indicators (e.g., AOI-based eye movement

metrics). Future research could enhance the model’s generalizability by integrating indi-

vidual factors, subtask-level performance data and indicators, providing a more detailed

and customized prediction models of multitasking performance. Third, the e!ectiveness of

automation was examined in a controlled multitasking setting, which may not fully capture

the complexity of real-world multitasking contexts. Future research should investigate how

automation can enhance multitasking performance in more dynamic and less well-defined

environments, including real-world settings. For instance, future studies could explore how

automation allocation strategies should evolve when tasks change over time and user prior-

ities fluctuate, which is very likely to happen in our daily work. These e!orts will support

the development of more generalized and robust automation interventions to improve multi-

tasking performance. Finally, integrating automation e!ects into the probabilistic modeling

framework would further enhance this dissertation’s contributions. A key direction for fu-

ture research is to extend the DBN model by incorporating automation as an intervention

variable. To lay the groundwork for this, I have conducted preliminary research by using

repeated-measures correlations between eye movement metrics and both subtask and overall

performance (see Figure 6.6). Future studies could build on these findings by integrating

significant eye movement metrics as indicators to achieve continuous estimation of multi-

tasking performance with the intervention of automation. This integration would ultimately

inform the design of sensor-based adaptive automation systems.



79

REFERENCES

AAA Foundation for Tra”c Safety (2023). 2022 tra”c safety culture index (technical

report). Technical report, AAA Foundation for Tra”c Safety, Washington, D.C. Re-

trieved from AAA Foundation for Tra”c Safety.

Agresti, A. (2012). Categorical data analysis, volume 792. John Wiley & Sons.

Ahmad, A., Darmoul, S., Dabwan, A., Alkahtani, M., and Samman, S. (2016). Human

error in multitasking environments. In Proceedings of the International Conference on

Industrial Engineering and Operations Management, pages 1265–1272.

Akhtar, M. J. and Utne, I. B. (2014). Human fatigue’s e!ect on the risk of maritime

groundings–a bayesian network modeling approach. Safety science, 62:427–440.

Al Imran, M. A., Nasirzadeh, F., and Karmakar, C. (2024). Designing a practical fatigue

detection system: A review on recent developments and challenges. Journal of Safety

Research, 90:100–114.

Arana, L., Melcón, M., Kessel, D., Hoyos, S., Albert, J., Carretié, L., and Capilla, A.
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Chérif, L., Wood, V., Marois, A., Labonté, K., and Vachon, F. (2018). Multitasking in the

military: Cognitive consequences and potential solutions. Applied cognitive psychology,

32(4):429–439.

Chicco, D., Warrens, M. J., and Jurman, G. (2021). The coe”cient of determination r-

squared is more informative than smape, mae, mape, mse and rmse in regression

analysis evaluation. PeerJ Computer Science, 7:e623.

Choudhary, P., Pawar, N. M., Velaga, N. R., and Pawar, D. S. (2020). Overall performance

impairment and crash risk due to distracted driving: A comprehensive analysis using

structural equation modelling. Transportation research part F: tra”c psychology and

behaviour, 74:120–138.

Choudhary, P. and Velaga, N. R. (2017a). Analysis of vehicle-based lateral performance

measures during distracted driving due to phone use. Transportation research part F:

tra”c psychology and behaviour, 44:120–133.

Choudhary, P. and Velaga, N. R. (2017b). Modelling driver distraction e!ects due to mobile

phone use on reaction time. Transportation Research Part C: Emerging Technologies,

77:351–365.

Clark, T., David, Y., Baretich, M., Bauld, T., Dickey, D., Gieras, I., et al. (2006). Impact

of clinical alarms on patient safety. ACCE Healthcare Technology Foundation, pages

1–20.

Collet, C., Petit, C., Priez, A., and Dittmar, A. (2005). Stroop color–word test, arousal,

electrodermal activity and performance in a critical driving situation. Biological psy-

chology, 69(2):195–203.

Colom, R., Mart́ınez-Molina, A., Shih, P. C., and Santacreu, J. (2010). Intelligence, working



84

memory, and multitasking performance. Intelligence, 38(6):543–551.

Comstock Jr, J. R. and Arnegard, R. J. (1992). The multi-attribute task battery for hu-

man operator workload and strategic behavior research. Technical Report NAS 1.15:

104174, NASA.

Costantini, A., Ceschi, A., and Oviedo-Trespalacios, O. (2022). Eyes on the road, hands

upon the wheel? reciprocal dynamics between smartphone use while driving and job

crafting. Transportation research part F: tra”c psychology and behaviour, 89:129–142.

Courage, M. L., Bakhtiar, A., Fitzpatrick, C., Kenny, S., and Brandeau, K. (2015). Growing

up multitasking: The costs and benefits for cognitive development. Developmental

Review, 35:5–41.

Cox, A. E., Cicchino, J. B., Reagan, I. J., and Zuby, D. S. (2023). Prevalence of dis-

tracted driving by driver characteristics in the united states. Journal of safety research,

86:346–356.

Craig, C. M., Morris, N. L., and Hong, Y. (2019a). A case study on the impact of crosswalk

markings on driver yielding to pedestrians. In Proceedings of the Human Factors and

Ergonomics Society Annual Meeting, volume 63, pages 1399–1403. SAGE Publications

Sage CA: Los Angeles, CA.

Craig, C. M., Morris, N. L., Van Houten, R., and Mayou, D. (2019b). Pedestrian safety and

driver yielding near public transit stops. Transportation research record, 2673(1):514–

523.

Crews, D. E. and Russ, M. J. (2020). The impact of individual di!erences on multi-

tasking ability. International Journal of Productivity and Performance Management,

69(6):1301–1319.

Cui, Z., Sato, T., Jackson, A., Jayarathna, S., Itoh, M., and Yamani, Y. (2024). Gaze tran-

sition entropy as a measure of attention allocation in a dynamic workspace involving

automation. Scientific Reports, 14(1):23405.

Dan, C. S., Cullen, R. H., Rogers, W. A., and Fisk, A. D. (2012). Exploring strategy

use in a multiple-task environment: E!ects of automation reliability and task proper-

ties. In Proceedings of the Human Factors and Ergonomics Society Annual Meeting,

volume 56, pages 2123–2127. SAGE Publications Sage CA: Los Angeles, CA.



85

De Jong, R. (1995). The role of preparation in overlapping-task performance. The Quarterly

journal of experimental psychology, 48(1):2–25.

De Winter, J. C., Gosling, S. D., and Potter, J. (2016). Comparing the pearson and

spearman correlation coe”cients across distributions and sample sizes: A tutorial

using simulations and empirical data. Psychological methods, 21(3):273.

Dehais, F., Lafont, A., Roy, R., and Fairclough, S. (2020). A neuroergonomics approach

to mental workload, engagement and human performance. Frontiers in neuroscience,

14:268.

Delbridge, K. A. (2000). Individual di!erences in multi-tasking ability: Exploring a nomo-

logical network. PhD thesis, Michigan State University.

Do, T.-T. N., Chuang, C.-H., Hsiao, S.-J., Lin, C.-T., and Wang, Y.-K. (2019). Neural

comodulation of independent brain processes related to multitasking. IEEE Transac-

tions on Neural Systems and Rehabilitation Engineering, 27(6):1160–1169.

Dogan, E., Steg, L., and Delhomme, P. (2011). The influence of multiple goals on driving

behavior: The case of safety, time saving, and fuel saving. Accident Analysis &

Prevention, 43(5):1635–1643.

Domeyer, J. E., Seaman, S., Angell, L., Lee, J., Reimer, B., Zhang, C., and Donmez, B.

(2016). SHRP2 NEST database: Exploring conditions of secondary task engagement

in naturalistic trip data. In Adjunct Proceedings of the 8th International Conference on

Automotive User Interfaces and Interactive Vehicular Applications, AutomotiveUI ’16

Adjunct, pages 185–190, New York, NY, USA. Association for Computing Machinery.

Dormann, C. F., Elith, J., Bacher, S., Buchmann, C., Carl, G., Carré, G., Marquéz, J.
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