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ABSTRACT

 This dissertation project examined the time-course of vigilance decrements that 

occur when operators perform demanding multitasking activities. For this aim, we 

conducted three experiments which implemented a novel paradigm we developed that 

measured performance during two sessions: a Single-Task session in which participants 

performed a go-no-go target detection task in the absence of any other task for 

approximately 12 minutes; and a Multi-Task session in which participants performed the 

detection task simultaneously with a driving-based tracking task for the same duration. A 

total of 183 participants from the University of South Carolina Department of Psychology 

took part in this study. Growth curve analyses revealed quadratic trajectories across 

accuracy and error measures, and linear trajectories across the tracking and RT measures, 

and that the inclusion of late verbal tasks (Experiment 3) negatively affected all detection 

task measures during more difficult conditions, but did not affect the tracking task 

measure. Further, vigilance decrements during both sessions and across all measures had 

higher intensity and variability during the more difficult conditions, and practice reduced 

these effects, but only to an extent. Together, these findings support the cognitive 

overload and opportunity cost models of vigilance performance. Insight from this work 

can significantly inform the design and development of complex operator-system 

interfaces, and further develop theoretical understanding of attention and multitasking 

performance.
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CHAPTER 1 

INTRODUCTION 

Sustained attention, generally defined as the ability to continuously engage in 

relevant activities (Esterman & Rothlein, 2019; Fortenbaugh et al., 2017; Sarter et al., 

2001), is a fundamental aspect of many tasks that require operators to detect and respond 

to critical signals over long periods (e.g., x-ray inspection, quality assurance testing, 

military surveillance) (Cardoso et al., 2019; Davies & Parasuraman, 1982; Dorrian et at., 

2007; Ghylin et al., 2007; Hancock & Hart, 2002; Heikoop et al., 2017; Masoudian & 

Razavi, 2019; Reinerman-Jones et al., 2016; Smith et al., 2021). During these scenarios, 

operators must exert varying levels of control for achieving task requirements while also 

maintaining adequate levels of alertness throughout task execution (Ballard, 1996; 

Fernandez-Duque & Posner, 2001; Hancock, 1989; Klösch et al., 2022; Langner & 

Eickhoff, 2013; van Schie et al., 2021). This can be difficult, however, since vigilance 

decrements typically occur in which certain measures of performance, such as target hit 

rate (hits) and reaction time (RT), deteriorate as a function of time-on-task (Dillard et al., 

2019; Mackworth, 1948; Parasuraman et al., 1987). The two leading theories to explain 

this phenomenon are the cognitive overload account, which attributes decrements to a 

progressive depletion of processing resources that can occur during demanding scenarios 

(e.g., Caggiano & Parasuraman, 2004), and the cognitive underload account, which 

attributes decrements to a progressive increase in task disengagement that can occur 

during monotonous scenarios (e.g., Robertson et al., 1997).  
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Researchers utilize continuous performance tests (CPTs) to examine the source of 

vigilance decrements under highly controlled experimental settings (for review: Riccio et 

al., 2002). These powerful tools are configured to examine how certain task 

characteristics can influence operator performance during demanding scenarios (Fisk & 

Scneider, 1981; Parasuraman & Mouloua, 1987; Roca et al., 2011), and how increasing 

cognitive load can modulate these effects (Buckley et al., 2016; He & McCarley, 2011; 

Luna et al., 2021; Luna et al., 2022; McBride et al., 2007). Examining performance under 

these conditions is particularly relevant since operators often perform multiple 

simultaneous tasks as a function of their job requirements (Chen & Joyner, 2009; Chérif 

et al., 2018; Karpinsky et al., 2018; St. John et al., 1997; Strayer et al., 2011). However, 

generalizing results from these studies is not always easy since researchers sometimes fail 

to properly account for the specific attentional mechanisms tapped by the tasks used in 

their paradigms (Nichols & Waschbush, 2004; Roebuck et al., 2016; Riccio & Reynolds, 

2001). Improving the methodological and ecological validity of these studies is critical 

for developing methods for mitigating vigilance decrements to help to prevent attentional 

failures in modern work environments (Hancock & Matthews, 2019; Helton & Russell, 

2017; Neigel et al., 2020).  
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CHAPTER 2 

BACKGROUND 

Attention is a multi-faceted concept that broadly describes the ability to focus 

awareness on an intended target (Chun et al., 2011; Hommel et al., 2019; James, 1890; 

Krauzlis et al., 2023). This ability is considered to be a central component of human goal-

directed behavior, and has been a topic of philosophical debate over the last few centuries 

(Murray & Ross, 1982; Nicholas, 1979), and perhaps since the times of Aristotle 

(Fiecconi, 2021). However, it was not until the late nineteenth century that experimental 

paradigms were created to advance our knowledge of attention and its different 

components (Pavlov, 1902; Wundt, 1880). For example, the Dutch medical scientist 

Franciscus Donders performed a pioneering study in which he examined the processing 

times involved with specific decision-making scenarios (Donders, 1868). He did this by 

comparing RTs for simple tasks which required participants to press a button as quickly 

as possible whenever a nearby light was illuminated, with those from more complex tasks 

which required participants to press individual buttons whenever a left or right light was 

illuminated. Results showed that the duration for stimulus processing was longer for the 

more complex task, thus suggesting that the mental processes involved with stimulus 

detection and response may occur in serial stages (Sternberg, 1969), and that processing 

times may be directly correlated with the number of mental processes involved with a 

task. 
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Later research examined how this stimulus-response processing can progressively 

deteriorate during occupational scenarios in which operators are required to sustain 

attention while performing their work duties (Ditchburn, 1943; Scerbo, 1998; Wyatt & 

Langdon, 1932). This was a particularly concerning issue for radar system operators in 

the British Royal Air Force (RAF) during World War II, since they often monitored for 

enemy vessels over long watch periods (Baca, 2017; Lichstein et al., 2000). To help 

improve operator performance, the British RAF tasked researcher Norman Mackworth 

with designing an experimental paradigm to elicit performance deteriorations, coined as 

“vigilance decrements”, within a laboratory setting. For this, he developed ‘Clock Test’ 

experiments which required participants to sustain attention to a black pointer that moved 

around the face of a clock over the course of approximately 2 hours, and to verbally 

report whenever they detected any irregular pointer movements (Mackworth, 1948). 

Results showed that the number of correct signal detection events (i.e., hits) progressively 

declined over time, typically within the first 30 minutes of task engagement. Importantly, 

this work formed the basis of many subsequent studies which sought to examine the 

source of vigilance decrements across different measures of performance, and in relation 

to the different components associated with attentional processing (e.g., Dember et al., 

1992; Teichner, 1974; Warm et al., 2018). 

2.1 VIGILANCE DECREMENTS 

There are several theories to explain the occurrence of vigilance decrements 

during sustained attention tasks. One set of theories attribute vigilance decrements to 

certain task-specific factors. This is highlighted in the work of Parasuraman & Davies 

(1977), who developed a taxonomy which described the source of decrements as a 

function of two interacting factors. The first factor, discrimination type, distinguished 
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between successive tasks in which non-critical targets are successively presented and 

compared with a critical target standard retained in working memory, and simultaneous 

tasks in which critical targets are presented among non-critical targets. The second factor, 

target presentation rate, distinguished between high rates (24 targets per minute or 

higher) or low rates (below 24 targets per minute). According to their taxonomy, 

successive discrimination tasks involving high target rates would result in the largest 

vigilance decrements, while simultaneous discrimination tasks involving low target rates 

would result in smallest decrements (Lanzetta et al., 1987; Parasuraman, 1979).  

Another set of theories specifically attribute vigilance decrements to the internal 

state of the operator. These are often organized into two broad theories: the resource 

depletion (or cognitive overload) account, which suggests that vigilance tasks are 

stressful and demanding, and that decrements are related to progressive declines in 

available attentional resources as time-on-task increases (Caggiano & Parasuraman, 

2004; Fisk & Scerbo, 1987; Gartenberg et al., 2018; Helton & Warm, 2008; Matthews et 

al., 1993; Wiener et al., 1984); and the cognitive underload account, which suggests that 

vigilance tasks are monotonous and boring (Cummings et al., 2016; Greenlee et al., 2018; 

McBain, 1970; Scerbo et al., 1992), and that decrements are related to a progressive 

disengagement from the task towards ‘mindless behavior’, potentially due to several 

factors, such as task routinization (Manly et al., 1999; Robertson et al., 1997), lowered 

arousal (Eysenck, 1976; Hebb, 1955), perceptual desensitization (Mackworth, 1968), 

and/or goal habituation (Ariega & Lleras, 2011).  

Both accounts are supported by physiological indicators of stress and alertness, as 

well as self-reports of task engagement and demand. For example, the cognitive overload 
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predicted by the resource depletion account is indicated by increases and higher 

variability in eye activity (e.g., pupil size, blink rate), cortical activity (e.g., increasing 

theta, decreasing beta), and cardiovascular activity (e.g., heart rate) (Hancock, 1989; 

Innes, 1973; Mehrabi & Kim, 2022), as well as subjective reports of both increased 

workload (Hart & Staveland, 1988) and task-induced stress (Matthews et al., 1999). On 

the other hand, the lowered arousal and boredom predicted by the underload account are 

indicated by decreases in heart rate and increases and higher variability in blink duration 

and alpha frequency oscillations (Basacik et al., 2015; Jarosch et al., 2019; Lohani et al., 

2019; McWilliams & Ward, 2021), as well as subjective reports of higher levels of 

sleepiness and lower levels of task engagement (Mathis & Hess, 2009; Schmidt et al., 

2009).  

Interestingly, however, operators may also report higher levels of demand while 

performing monotonous and boring tasks (Körber et al., 2015; Smallwood et al., 2004; 

Stevenson et al., 2011; Zhang & Kumada, 2017). This inconsistency may be explained by 

the mind-wandering account (Giambra, 1995; Smallwood & Schooler, 2006), which 

suggests that during monotonous scenarios attentional resources progressively shift 

towards demanding task-unrelated thoughts (TUTs), resulting in declining performance 

over time. The resource-control account (Thomson et al., 2015) shares a similar view, 

but specifically attributes vigilance decrements to progressive failures of executive 

control processes to sustain task goals and prevent TUTs from consuming available 

resources. Finally, the opportunity-cost account (Kurzban et al., 2013) goes one step 

further and suggests that progressive declines in control are the result of strategic shifts of 

cognitive effort based on factors such as reward or motivation.  
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Whether vigilance decrements occur due to task-specific factors, the depletion of 

attention resources, cognitive underload, etc., evidence supporting each of these theories 

ultimately suggests that there is no single vigilance decrement pattern that applies to all 

sustained attention tasks (Luna et al., 2022; McCarley & Yamani, 2021; Rubinstein, 

2020). Importantly, however, there is also evidence that vigilance decrements can be 

reduced or even eliminated given certain conditions, such as taking brief periods of rest 

to reset task goal activation (Ariga & Lleras, 2011; Ross et al., 2014), increasing arousal 

during monotonous scenarios (Al-Shargie et al., 2019; Atchley & Chan, 2011; Atchley et 

al., 2014), automating task performance through practice (Fisk & Schneider, 1981; Fisk 

& Scerbo, 1987; Parasuraman & Giambra, 1991; Schneider and Shiffrin, 1977), and 

manipulating potential costs and rewards associated with task performance (Arrabito et 

al., 2007; Esterman et al., 2014; Gutzwiller et al., 2015; Hancock et al., 2016), to name a 

few.  

2.2 CONTINUOUS PERFORMANCE TESTS 

Continuous performance tests (CPTs) are specialized target detection tasks often 

used by researchers to investigate the source of vigilance decrements in laboratory 

settings (Ord et al., 2021; Riccio et al., 2002; Smid et al., 2006). CPTs have traditionally 

been used to assess attentional disorders in clinical populations, and are increasingly 

utilized in sustained attention research due to their versatility and sensitivity for 

measuring different aspects of attention (Ballard, 2001; Bearden et al., 2004; Conners et 

al., 2003).  

Common versions follow a basic paradigm in which participants are required to 

either respond, or withhold response, whenever they detect a critical target stimulus 

presented among a series of distractor stimuli. For example, the standard (or CPT-X) 
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paradigm (Rosvold et al., 1956), developed to assess attention-deficit/hyperactivity 

disorder (ADHD), requires participants to visually monitor the presentation of a 

continuous stream of [non-target] letters, and then to manually respond whenever they 

detect the infrequent target letter ‘X’. The sustained attention to response task (SART; 

Robertson et al., 1997), developed to assess patients with acquired brain injuries, requires 

participants to manually respond to the presentation of a continuous stream of [non-

target] digits, and then to inhibit response whenever they detect the infrequent target digit 

‘3’. Finally, the psychomotor vigilance test (PVT; Lim & Dinges, 2008; Wilkinson & 

Houghton, 1982), developed to study the effects of sleep deprivation, requires 

participants to manually respond as fast as possible to the presentation of a target 

presented at different intervals. 

CPTs are particularly useful for experimental research since they produce several 

different measures of performance (Borgaro et al., 2003; Epstein et al., 2003; Roebuck et 

al., 2016). These include a measure of the time (or latency) between stimulus presentation 

and response (RT); measures of lapses (i.e., errors) in attention, such as failures to 

respond when a target is presented (omissions), and incorrect responses when no target is 

presented (commissions); measures of detection accuracy, such as correct responses to 

target detection events (hits), and correct non-responses when no target is presented 

(correct rejections, or CRs); as well as measures derived from signal detection theory 

(SDT; Green & Swets, 1966). These include the ability to discriminate between targets 

and non-targets (sensitivity, or d’), considered by some to be a more powerful measure of 

detection accuracy than hits and false alarms alone (Lord, 1985); and the criterion (or 

strategy) used to characterize the willingness of an observer to respond to a presented 
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target. In vigilance studies, this criterion is often expressed as speed vs. accuracy 

tradeoffs in CPT responses (response bias, or β), where emphasis on speed-over-accuracy 

describes liberal bias, and emphasis on accuracy-over-speed describes conservative bias 

(Azizi et al., 2018).  

Each of these measures are averaged across the duration of the CPT to assess 

overall performance on the task, and across blocks of trials to assess the ability to sustain 

attention (Bubnik et al., 2015; Cornblatt et al., 1989; Esterman & Rothlein, 2019). 

Resulting measures are then compared with the scores from the normative group to 

indicate whether individuals present behavioral markers related to common attention 

disorders, such as ADHD (Conners, 2000; Epstein & Loren, 2013; Gilden & Hancock, 

2007; Kirlin, 2002; Reynolds et al., 2008). For example, impulsivity, generally associated 

with a degradation in response inhibition (Bari & Robbins, 2013; Dalley et al., 2011), is 

characterized by higher commissions, faster RTs, and more liberal response bias; and 

inattentiveness, generally associated with a degradation in attentional capacity (Diamond, 

2005; Edwards et al., 2007), is characterized by higher omissions, lower sensitivity, and 

slower (and more variable) RTs. Moreover, while the ability to sustain attention in both 

normative and clinical populations is generally characterized by consistent measures of 

performance (i.e., detection accuracy and errors) across trial blocks, failure to sustain 

attention is typically characterized by high variability and/or progressive declines in 

performance across blocks, with clinical populations thought to be especially susceptible 

to these decrements (Fuermaier et al., 2022; Tucha et al., 2009). 

Interpreting measures is not always straightforward, however, since common 

CPTs vary along several categories (stimulus modality, motor control requirements, 
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detection-response criteria, etc.) (Denney et al., 2005; Hall et al., 2016; Riccio et al., 

2001). As a result, the relevance of certain measures as indicators of performance may 

vary depending on the configuration of the CPT. For example, since the standard 

(Rosvold et al., 1956) and the PVT (Lim & Dinges, 2008) paradigms both involve 

maintaining alertness for quickly detecting and responding to critical target stimuli, then 

the most relevant indictors of performance for these CPTs include hits and RTs, as well 

as errors of omission and commission (Basner et al., 2018; Levy et al., 2018). However, 

RTs may be a better indicator of performance in the PVT since it involves more frequent 

responding and thus better captures moment-to-moment fluctuations in RTs (Rosenberg 

et al., 2013). Alternatively, since the SART (Robertson et al., 1997) involves maintaining 

alertness for inhibiting prepotent (automatic) responses to critical target stimuli, then its 

most relevant indicators of performance include CRs and commissions, while hits, RTs, 

and omissions may be less relevant since they relate more to the secondary task of motor 

responding (Berger & Cassuto, 2014; Ogundele et al., 2011). Interestingly, this difference 

underscores the controversy in the literature regarding whether the SART measures the 

ability to sustain attention, or whether it measures the ability to sustain inhibition to 

response (i.e., Carter et al., 2013; Dang et al., 2018; Helton, 2009; Jun, 2021; Wilson et 

al., 2016).  

Variations between CPT paradigms can also affect the interpretation of both 

sensitivity and response bias since they are derived from calculations involving hits and 

commissions (Broadbent & Gregory, 1965; Koelega et al., 1989; MacMillan & 

Creelman, 1990; Nuechterlein et al., 1983; Parasuraman & Mouloua, 1987; See et al., 

1997). Therefore, these measures may be overall weak indicators of performance in 
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paradigms involving high signal-to-noise ratios, such as the SART, since these often 

produce disproportionate response distributions in which hits are prone to ceiling effects 

and commissions are prone to floor effects (Huang-Pollock et al., 2012). Relatedly, there 

is a debate in the literature regarding whether vigilance decrements can be attributed to a 

progressive loss in sensitivity, or rather due to a shifting strategy in which responses 

become more conservative with time-on-task (Thompson et al., 2016). While there is 

evidence for both, researchers should be mindful when interpreting SDT measures since 

certain indicators of performance, such as hits, commissions, and RTs, are highly 

confounded with response bias and may thus progressively increase as responses become 

more liberal, and decrease as responses become more conservative (Bedi et al., 2023; 

Craig, 1978; Helton et al., 2009).  

Lastly, certain paradigms are specifically configured to determine the role of 

operator arousal in modulating CPT performance (Conners et al., 2003; Egeland & 

Kovalik-Gran, 2010). A common method of achieving this is by reducing the 

predictability of incoming stimuli by alternating interstimulus intervals (ISIs) within-task 

(MacLean et al., 2009). For instance, the PVT variably changes ISIs between 2 and 10 

seconds throughout the duration of the task (Basner and Dinges, 2011), while the 

Conners (2014)’s CPT (CCPT) rotates ISIs between 1s, 2s, and 4s every set number of 

trials. The reported effects of these ISI manipulations, as well as the measures used to 

assess these effects, tend to vary between studies (Silverstein et al., 2004). Indeed, several 

studies report that shorter ISIs are more associated with higher omissions and slower and 

more variable RTs, possibly due to increased processing demands (Matthews et al., 

2017), while longer ISIs are more associated with higher commissions, possibly due to 
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stimulus expectancy and motor preparation (Los et al., 2001; Nickerson, 1968); other 

studies suggest that target discrimination ability is better overall during the longer ISIs 

since respondents have more time to respond in these conditions (Huang-Pollock et al., 

2012); and others suggest that variability in performance between ISIs is associated with 

difficulty adjusting to changes in task demands (Conners et al., 2003; Ord et al., 2021). 

While some of this inconsistency can be attributed to the nature of the CPT paradigms 

and/or the measures of interest for a particular study, another factor could be due to the 

length of time associated with each ISI, since trial blocks with longer ISIs also have 

disproportionately longer durations (and, as a result, more datapoints) than those with 

shorter ISIs (Ballard, 2001).  

2.3 DISSOCIATING VIGILANCE 

While sustained attention is a common measure among CPT paradigms, it is not 

always clearly defined in the literature (Esterman & Rothlein, 2019; Fortenbaugh et al., 

2017; Langner & Eickhoff, 2013; Oken et al., 2006; Sarter et al., 2001). One reason for 

this is that it is highly related to other components of attention (Fisher, 2019; Mirsky et 

al., 1991; Posner & Boies, 1971; Shallice et al., 2008). For example, sustaining attention 

involves continuously allocating attentional resources towards performing a task over 

durations lasting several minutes to hours (Esterman et al., 2013; Manly et al., 1999; 

Rosenberg et al., 2016). These limited capacity resources can be focused on a particular 

stimulus or task goal, as in the case of selective attention (Treisman, 1969; Johnston & 

Dark, 1986), they can also be shared between multiple stimuli or task goals, as in the case 

of multitasking (Allport et al., 1972; Black et al., 2022; Koch et al., 2018; Poljac et al., 

2018). Underlying these components are executive control processes that are essential for 

maintaining higher level functions involved in different aspects of task performance 



 

13 

(Kieras et al., 2000; Kieras & Meyer, 1997; Norman & Shallice, 1986; Rubinstein et al., 

2001).  

However, another reason for the lack of clarity is that sustained attention is often 

confounded with vigilance (Klösch et al., 2022; MacLean et al., 2009; Oken et al., 2006; 

van Schie et al., 2021). Mackworth (1968) describes vigilance as a state of readiness to 

react and respond to small irregular changes in the environment. This suggests an 

involvement of physiological components that are separate from (but still related to) 

those involved in sustained attention (Head, 1923; Klösch et al., 2022). These include 

alertness, defined as a quantifiable sensitivity to incoming stimuli (Posner, 2008), and 

arousal, defined as a sudden upward change in alertness associated with the sleep-wake 

spectrum (Stum & Williams, 2001; van Schie et al. 2021). Furthermore, van Schie et al. 

(2021) suggests that a major difference between the two concepts is that sustained 

attention has a horizontal directional aspect (i.e., goal directed behavior over time), while 

vigilance has a vertical directional aspect (i.e., upward changes in alertness), and that 

maintaining vigilance is necessary for sustaining attention, but the opposite is not true.  

Posner & Petersen (1990)’s attention networks model discusses these concepts 

with relation to other attentional components. According to their model, there are three 

anatomically and functionally independent brain networks related to the main functions 

of attention (Posner & Petersen, 1990). The orienting network is involved with directing 

and prioritizing attention to important sensory stimuli. It consists of overt orienting, for 

physically directing the eyes toward an intended target or location, and covert orienting, 

for mentally shifting attention toward an intended target without physical eye movement. 

This network is most associated with the posterior areas of the parietal lobe, and includes 
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the superior colliculus and the pulvinar nucleus of the thalamus. The alerting 

(arousal/vigilance) network is involved with modulating arousal for achieving and 

maintaining an alert state. It consists of phasic alerting, for quickly moving from a non-

alert to an alert state by influence of exogenous factors (salient stimuli, cues, etc.); and 

tonic arousal, involved with sustaining attention for detecting rare targets or for 

continuously responding to stimuli by influence of endogenous factors (task 

requirements, goals, etc.). This network is most associated with the reticular system, as 

well as the right inferior frontal, inferior parietal, and anterior cingulate regions of the 

brain. Finally, the executive network is involved with effortful allocation of attentional 

resources for focal conscious processing, conflict resolution, monitoring, error detection, 

planning, coordination, and inhibitory control. This network is most associated with the 

anterior areas of the frontal cortex, as well as the lateral frontal lobes, prefrontal cortex, 

anterior cingulate cortex, and supplementary motor area.  

Fan et al. (2002) developed the Attention Network Test (ANT) paradigm to 

independently measure and evaluate these networks within a single experiment. It 

consists of a flanker task (Eriksen & Eriksen, 1974), in which participants must quickly 

respond to the direction pointed by a central target while ignoring the direction of 

flanking arrows, and a spatial cueing task (Posner, 1980), in which flanker trials (i.e., 

neutral, congruent, incongruent) are sometimes preceded by informative visual cues (i.e., 

center cue, double cue, spatial cue). Efficiency of the three attentional networks is 

assessed by measuring how RTs are influenced by the flankers and visual cues. 

Specifically, the orienting effect is calculated by subtracting the mean RT of the spatial 

cue conditions from the mean RT of the center cue, the alerting effect is calculated by 
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subtracting the mean RT of the double-cued conditions from the mean RT of the no-cue 

conditions, and the executive control effect is calculated by subtracting the mean RT 

from all congruent flanking conditions from the mean RT of incongruent flanking 

conditions.  

Callejas et al. (2004) extended this with the ANT for Interactions (ANTI), which 

examined features of the interactions between the different networks. This paradigm 

modified the original ANT by adding an auditory tone as a warning signal cue to 

separately assess the alerting network, and an uninformative cue to assess the exogenous 

component of the orienting network. Results from this work found evidence that the 

alerting network produces an inhibitory effect on the executive network to support fast 

responses to detect infrequent stimuli, the orienting network positively influences the 

executive network for selectively attending to relevant stimuli, and the alerting network 

enhances the orienting network for faster orienting. 

While both the ANT and ANTI have been successfully applied in different 

research settings to assess attentional functioning (e.g., Gamboz et al., 2010; Ishigami et 

al., 2016; Johnson et al., 2008; López-Ramón et al., 2011; MacLeod et al., 2010), they are 

not well equipped to measure vigilance as they only infer it using a phasic alertness task 

(Ishigami & Klein, 2010). To overcome this, Roca et al. (2011) developed the ANT for 

Interactions and Vigilance (ANTI-V), which separately assessed tonic alertness by 

embedding a SART-like secondary vigilance task within the main ANTI task. This 

provided several direct measures of vigilance performance, such as hits and commissions, 

as well as SDT indexes of sensitivity and response bias. However, these measures did not 

take into account some of the complexity involved with assessing vigilance. For example, 
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the effect of time-on-task was only indirectly examined using global (i.e., averaged) 

measures across the different conditions (e.g., cue vs. no cue blocks, etc.), and 

comparative measures between the first and last trial blocks (Ishigami & Klein, 2009). 

Furthermore, vigilance was only measured as a unitary concept (i.e., signal detection 

performance), without consideration of other perspectives discussed in the literature (e.g., 

Lim & Dinges, 2008). 

To address these limitations, Luna et al. (2018) developed the ANT for 

Interactions and Vigilance – executive and arousal components (ANTI-Vea). This 

paradigm obtained independent measures of the three attentional networks using the 

ANTI, and directly measured vigilance as two dissociated components using a SART-like 

task to measure executive vigilance (EV), defined as the ability to sustain attention for 

detecting infrequent stimuli, and a PVT-like task to measure the arousal component of 

vigilance (AV), defined as the ability to achieve and maintain fast reaction to stimuli. 

Additionally, unlike the previous ANT-based paradigms, the ANTI-Vea used repeated 

measures ANOVAs to measure changes in performance across the different blocks and 

conditions, thereby allowing decrements in performance to be captured as a function of 

time on task. Results from this study found the main effects and interactions of the 

attentional networks observed in the ANTI task (Luna et al., 2021), and importantly, 

found an EV decrement in which hits progressively decreased and response bias 

incremented towards a more conservative criterion (i.e., Thomson et al., 2016), and an 

AV decrement in which mean and variability of RTs increased over time.  

Recently, Luna et al. (2022) utilized the ANTI-Vea paradigm to examine the role 

of cognitive load in modulating vigilance performance. In line with the resource 
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depletion theory, they predicted that increasing cognitive load by combing vigilance tasks 

during multitasking conditions would result in larger EV and AV decrements than during 

single task conditions. Interestingly, results from their study showed that: for the EV task, 

mean hit rates were higher and response bias was more liberal during the dual- and triple-

task conditions compared to the single-task condition, while neither measure showed 

significant changes across time-on-task only in the dual-task condition; and for the AV 

task, mean RT was slower in the dual-task compared to the single-task condition, while 

the variability of RT and omissions progressively increased with time-on-task only in the 

single-task condition. Overall, these results showed partial support for the resource 

depletion theory, since both EV and AV performance measures were worst in the more 

demanding conditions, however, other theories are needed to explain the mitigative 

influence of cognitive load on the vigilance decrements during the dual-task condition. 

To this end, the authors explained results in line with the inverted-U hypothesis (Wiener 

et al., 1984), which suggests that performance is most optimal when operators are neither 

under-aroused or over-aroused, and therefore supports other findings in the literature 

which suggest that increasing task load can reduce or eliminate certain vigilance 

decrements given the right conditions (e.g., Moray & Haudegond, 1998; Stearman & 

Durso, 2016).  

Indeed, over-arousal and increased load are commonly implicated as the cause of 

operational failures associated with complex vigilance tasks (Engström et al., 2005; Lam, 

2002; Lamble et al., 1999; Muhrer & Vollrath, 2011; Regan et al., 2011; Strayer & 

Fisher, 2016). These are often studied using multitasking paradigms which combine 

PVT-like tasks with visual motor tasks such as object tracking (Buckley et al., 2016; 
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Poudel et al., 2008; Tombu & Seiffert, 2008; Vater et al., 2017) and simulated driving 

(Bowden et al., 2019; Bruyas & Dumont, 2013; Cooper et al., 2009; Strayer et al., 2003; 

Strayer et al., 2019; Tillman et al., 2017). Seemingly less frequent are studies which pair 

complex choice and even SART-like CPTs with tracking-like tasks (Castro et al., 2019; 

Hahn et al., 2011; Mehler et al., 2008). This may be a key difference to consider when 

interpreting results from vigilance studies, since they commonly generalize findings 

based on the results from broad categories of CPTs (e.g., “EV-related” CPTs such as the 

SART), while failing to appropriately dissociate the attentional mechanisms tapped by 

the specific task configurations.  

For example, unlike many other studies in vigilance literature (e.g., Baldwin & 

Lewis, 2017; Dang et al., 2018; Dillard et al., 2014; Hoonakker et al., 2017; Manly et al., 

1999; Robertson et al., 1997; Seli et al., 2013), ANT-related studies fail to include CRs 

and/or commissions in their analysis of EV performance (i.e., Luna et al., 2018; Luna et 

al., 2022; Roca et al. 2011). This is a critical omission since executive control supports 

the phasic alertness involved with the primary tasks of inhibiting and strategizing 

responses in the SART (Scullin & Bugg, 2013), and also supports the allocation of 

attentional resources towards establishing the feed-forward motor routines required for 

the secondary responding task (Schneider and Shiffrin, 1977). Therefore, measures 

associated with executive processes are most relevant when interpreting performance on 

SART-like tasks (Carter et al., 2013). 

Furthermore, ANT-related studies fail to utilize other psychophysical tasks that 

may provide more ecological validity than CPTs alone, like object tracking (Böttcher et 

al., 2023; Busk & Galbraith, 1975; Drew, 1951; Miall et al., 1993; Pylyshyn, 1994; 
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Pylyshyn & Storm, 1988). Indeed, object tracking is a classic CPT often used to measure 

and assess the cognitive functions associated with aspects of real-world tasks, such as the 

steering and curve negotiation involved with driving (Rajan et al., 2016; Salvucci & 

Taatgen, 2011; Tatham et al., 2014). Central to these functions are mechanisms 

associated with tonic arousal, involved with automatizing perceptual and motor routines 

for continuously monitoring the slow movement of target stimuli within the vision field 

(Barry et al., 2005; Rusby et al., 2007); and mechanisms associated with phasic alertness 

involved with focusing perceptual and motor control on the fast and/or unpredictable 

movement of target stimuli (Castro et al., 2019; Kinnear et al., 2013; Vardaki et al., 

2014).  

Interestingly, several studies also demonstrated mitigative effects of cognitive 

load on aspects of tracking performance (Cooper et al., 2013; He & McCarley, 2011; He 

et al., 2014; Li et al., 2018). However, in contrast to Luna et al. (2022), these findings 

were explained using the hierarchical control theory (Logan & Crump, 2009; Medeiros-

Ward et al., 2014), which suggests that allocating attention to highly automatized tasks 

may actually disrupt performance rather than maintain or improve it, and that increasing 

task load may direct cognitive resources away from disrupting the automatized task 

(Forster & Lavie, 2009; Lavie et al., 2004).  

While both ANT and tracking paradigms successfully demonstrate that they can 

be utilized to test different theories of performance under highly controlled settings, 

neither provide adequate explanation of the shared mechanisms involved with their 

performance during complex multitasking scenarios. Furthermore, while tracking tasks 

provide a more ecological method for evaluating visual motor performance, they often do 
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not utilize a theoretically based task structure for evaluating attentional components in 

line with the CPT literature. Therefore, we explore this knowledge gap in the following 

study. 

2.4 THE PRESENT STUDY  

In the present study, we conducted three experiments which implemented a novel 

paradigm we developed that measured performance during two fixed-order sessions: a 

Single-Task session in which participants performed a go-no-go target detection task in 

the absence of any other task for approximately 12 minutes; and a Multi-Task session in 

which participants performed the detection task simultaneously with a driving-based 

tracking task for the same duration. The target detection task was modeled after the 

Conners (2014) CPT and implemented using E-Prime 3.0 (Psychology Software Tools, 

Pittsburgh, PA), while the driving-based tracking task was the smooth pursuit continuous 

tracking and reaction (ConTRe; Mahr et al., 2012) task implemented in the OpenDS 

(Math et al., 2013) driving simulator environment. 

The CPT provides several discrete measures of performance (i.e., hits, omissions, 

commissions, CRs, RT, sensitivity, and response bias), a design structure in which 

measures are averaged across six blocks of trials and where each block serves as a time-

point of task performance, and a within-task difficulty manipulation in which 

interstimulus intervals (ISIs) alternate between shorter (i.e., more demanding) and longer 

(i.e., less demanding) ISIs after every set number of trials. The driving-based tracking 

task provided a single continuous measure of performance (i.e., average tracking 

distance), and was analyzed according to the block and ISI structure used with the target 

detection task. While all the measures are of interest in this study, our main focus is on 

the most relevant measures associated with the primary inhibition CPT task (i.e., 



 

21 

commissions and CRs), the secondary responding CPT task (i.e., target hits and RT), and 

the tracking task (i.e., average distance).  

The design of this paradigm was influenced by previous studies that examined 

vigilance performance using combined multitasking paradigms (Buckley et al., 2016; 

Castro et al., 2019; Luna et al., 2022; Rann & Almor, 2022). However, unlike these and 

other studies that utilized counterbalanced designs with alternating condition orders (e.g., 

Chiew & Brazer, 2013; Moran et al., 2020), the paradigm presented in this dissertation 

utilized a fixed-order design in which the Single-Task session was always performed 

first, and the Multi-Task session was always performed second. This was intentionally 

done because our focus was not on the differences between the Single- and Multi-Task 

sessions, but on changes in performance during the Multi-Task session. Always starting 

with just the CPT as the single task provided participants ample time to learn the 

demanding CPT so as to increase power for detecting vigilance decrements in both tasks 

during the Multi-Task session (Carter et al., 2013; Cornblatt et al., 1989; Hope et al., 

1998; Lemay et al., 2004). 

2.4.1 OBJECTIVES 

The first objective for this dissertation was to determine whether our paradigm 

could elicit and measure the performance changes that occur when the target detection 

and tracking tasks are performed simultaneously. In line with the resource depletion 

account of vigilance performance (Caggiano & Parasuraman, 2004; Grier et al., 2003; 

Helton & Russell, 2017), operators may become overloaded when they simultaneously 

perform multiple tasks, especially when target event rates are faster compared to slower 

(Parasuraman & Davies, 1977). These effects may be supported by subjective state 

measures that suggest a positive correlation of stress and task demand (Desmond et al., 
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1998; Matthews et al., 2017; Saxby et al., 2013). Therefore, our first critical hypothesis 

(H1) is that performance will be worst across CPT-related measures in the Multi-Task 

session, and our second critical hypothesis (H2) is that performance will be worst across 

all measures in this session during the faster compared to the slower ISIs.  

The second objective for this project was to determine whether these changes 

exhibit non-linear trajectories throughout their duration. Traditionally, researchers 

analyzed performance on sustained attention tasks using simple statistical methods (e.g., 

correlations, ANOVAs, and regressions) that describe the general relationship between 

variables across independent time-points, with results typically represented as progressive 

linear declines in performance over time (Becker et al., 1991; Berardi et al., 2001; 

Caggiano & Parasuraman, 2004; Colquhoun, 1967; Conners et al., 2003; Dember et al., 

1992; Fisk & Schneider, 1981; Grier et al., 2003; Helton & Russell, 2011; Luna et al., 

2022; Mackworth, 1948; Nuechterlein et al., 1983; Parasuraman, 1979; Pattyn et al., 

2008; Ralph et al., 2017; Roach et al., 2006; See et al., 1995). However, some suggest 

that these methods are not well suited for the analysis of vigilance since they do not 

properly account for the non-linear changes in performance that can occur during the 

course of task execution (Winter & Wieling, 2016), nor do they account for the different 

factors that influence these changes (e.g., nested dependencies, between and within-group 

variations, etc.) (McArdie & Nesselroade, 2003).  

Indeed, operators often require extended periods of practice to learn how to 

perform their tasks most optimally for a given occupational scenario (Bherer et al., 2005; 

Brown, 2008). For more difficult tasks that require higher levels of executive control, 

these learning (or task attenuation) effects can result in rapid changes in performance as 
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operators become accustomed to task requirements (Fisk & Scerbo, 1987). Interestingly, 

these changes can mask, delay, or even counteract the occurrence of vigilance decrements 

during the early stages of task performance (Fisk & Scneider, 1981; Gartenberg et al., 

2018; Smith et al., 2023; Thomson et al., 2015). To explore this, we utilize growth curve 

analyses (GCAs) in combination with a mixed-effects modeling framework as our 

method of data analysis (Boiteau et al., 2014; Rann & Almor, 2022). Therefore, given the 

predicted difficulty involved with performing the CPT and tracking tasks simultaneously 

(i.e., H1 and H2), as well as the relatively short duration in which operators must perform 

these tasks (i.e., approx. 12 minutes), our third critical hypothesis (H3) is that GCAs will 

reveal non-linear changes in performance across all measures in the Multi-Task session.
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CHAPTER 3 

EXPERIMENT 1 

3.1 METHODS 

3.1.1 PARTICIPANTS  

A total of 63 native English-speaking participants (age: M = 20.19, SD = 1.48) 

from the University of South Carolina Department of Psychology undergraduate 

participant pool took part in the experiment. This number was based on an apriori power 

analysis with a medium effect-size (η2) = .50, alpha (α) = .05, and power (β) = .80 (Faul 

et al., 2007).  

Of the 63 participants, 45 were female (age: M = 20.2, SD = 1.32) and 18 were 

male (age: M = 20.2, SD = 1.86). Participants were compensated with extra credit for their 

time. Recruitment criteria for this study specified that participants had to be native 

speakers of English and must have also held a valid driver’s license. There were no other 

inclusion or exclusion criteria for selecting participants. 

3.1.2 HARDWARE AND SOFTWARE  

The CPT was coded and implemented using E-prime 3.0 (Psychology Software 

Tools, Pittsburgh, PA) stimulus presentation software. It ran on a Dell Precision Tower 

7810 computer, and was displayed on a Dell 17in monitor with 1280 x 1040px resolution 

and a refresh rate of 60hz. Participants responded to the task stimuli by pressing a 

Linemaster T-91-S Treadlite II Foot Switch attached to a Psychology Software Tools 

200A Serial Response Box that interfaced with the computer that ran the CPT. 

The driving-based tracking task was coded and implemented using the OpenDS 

(Mahr et al., 2012; Math et al., 2013) driving simulator framework. It ran on a Dell XP 

435t/9000 computer, and was displayed on a Dell 27in full HD flat panel monitor with 
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1920 x 1080px resolution and a refresh rate of 60hz. After collecting data for 

approximately half of the participants in E1, the computer malfunctioned and was 

replaced with a Dell OptiPlex 790 computer that executed the task and collected 

simulator data for the remainder of the study. Participants performed the driving-based 

tracking task using the Microsoft SideWinder Precision Racing Wheel (USB) that 

interfaced with the computer that ran the simulator.   

 All computers ran Windows 10 Pro operating system. R 4.2.2 (R Core Team, 

2012), and R Studio version 1.1.447 (RStudio Team, 2016) were used for data analysis. 

3.1.3 TASKS 

The primary task was a go-no-go target detection task based on the Conner’s 

(2014) CPT (CCPT). It required participants to continuously monitor a computer screen 

as black letter stimuli (font: Arial; size: 200px) were presented against a white 

background, and to respond by pressing a foot pedal when they detected target letters 

(‘A’-‘W’, ‘Y’,’Z’) and withhold response when they detected the critical non-target letter 

‘X’ (Figure 1). Each stimulus presentation (whether target or non-target), as well as the 

subsequent time window up until the next stimulus presentation, was considered a trial. 

There were 270 trials presented over the course of approximately 12 minutes, and trials 

continued to iterate regardless of whether participant responses were recorded. 

Experiment trials were divided into six blocks, with each consisting of 45 trials in which 

the time between stimulus presentations, called the inter-stimulus interval (ISI), randomly 

alternated every 15 trial sub-block for either 1000ms, 2000ms, or 4000ms (Figure 3.1). 

Target and non-target stimuli were randomly selected with an 80% to 20% ratio of targets 

to non-targets each presented for 250ms. Performance data for this task was sampled per 

trial and stored in E-prime output data files. 
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The secondary task was a driving-based tracking task, known as the continuous 

tracking and reaction (ConTRe) task (Mahr et al., 2012), that was implemented in the 

OpenDS driving simulator (Math et al., 2013). It required participants to continuously 

track a yellow target moving across the simulator screen with a blue cursor that they 

controlled using the steering wheel (Figure 3.2). The yellow target was placed 

approximately 20 ft in front of the participants’ view on the simulator screen, and moved 

horizontally (i.e., left-to-right, right-to-left) across the screen at constant lateral speed of 1 

simulated meter per second. The yellow targets direction of movement (left-to-right, 

right-to-left) changed at random times. Participants only had control of the lateral 

movement of the blue cursor. Performance data for the tracking task was measured 

approximately every 19 milliseconds and stored in a MySQL database. 

3.1.4 SETUP 

Both tasks were displayed on monitors that were placed approximately two feet 

directly in front of the participants. The CPT was displayed on a smaller computer 

monitor that was placed behind and beneath a larger monitor that displayed the driving-

based tracking task. For the CPT, the horizontal viewing angle was approximately .61° 

and the vertical visual angle was .64°; for the tracking task, the horizontal viewing angle 

was approximately .98° and the vertical visual angle was .55°. During the Single-Task 

session, the larger monitor was turned off so that participants only attended to the CPT 

displayed on the smaller monitor (Figure 3.3a). During the Multi-Task session, both tasks 

were simultaneously presented thus requiring participants to split their attention between 

both monitors as they performed the tasks (Figure 3.3b). The steering wheel used for the 

tracking task was placed directly in front of participants at chest level on the desk where 

the monitors were located. The foot pedal was placed directly in front of participants on 
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the floor close to where their right foot would naturally rest. Participant line of sight was 

located near the bottom of the monitor displaying the tracking task, at a point where the 

CPT and tracking task stimuli were approximately equal distance (red cross, Figure 3b). 

However, this point varied depending on the height of each participant. 

3.1.5 QUESTIONNAIRES  

Participants were administered questionnaires at different times throughout the 

study. Before starting the experiment, they were first asked to report basic demographic 

information, and to answer a few questions regarding their driving experience and sleep-

related habits. They were also asked to report their pre-experiment subjective states of 

drowsiness and fatigue on two five-point scales in which ‘1’ indicated the lowest levels 

of drowsiness and fatigue, and ‘5’ indicated the highest levels. After completing the first 

experiment session, participants were asked to again report their subjective states of 

drowsiness and fatigue on two five-point scales. They were also asked to assess the 

difficulty of the previous experiment session on the same five-point scale. Then, after 

completing the second experiment session, they were asked one more time to report their 

drowsiness, fatigue, and perceived difficulty.  

3.1.6 PROCEDURE  

Prior to starting the experiment, participants were asked to show proof that they 

had a valid driver's license (as per the inclusion criteria), and that they had put their cell 

phones on silent so as not to distract their attention during either of the experimental 

sessions. Next, participants were given a consent form approved by the University of 

South Carolina IRB to review and sign, placed in a small room in front of the computers 

that ran the CPT and driving-based tracking task, and were then provided instructions on 

how to perform both tasks (e.g., give equal priority to both tasks in the Multi-Task 
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session). Before each session, variables and parameters (including participant number and 

session ID) were set by the researcher. Next, participants completed practice sessions to 

help prepare and acclimate them to the CPT and tracking tasks. They practiced the CPT 

for approximately 120 seconds before they performed the Single-Task session, and they 

practiced the combined CPT and tracking task simultaneously for approximately 120 

seconds before they performed the Multi-Task session. The length of these practice trials 

was set to allow participants enough time to perform one block of trials in which they 

were exposed to each of the three ISIs in the CPT. During the experiment, the researcher 

sat outside of the room where participants performed the tasks in both sessions and 

listened for continuous pedal clicks and friction from steering wheel movements as 

auditory confirmation of compliance on both tasks.  

3.1.7 VARIABLES AND MEASURES  

The variables used for analysis included session (Single-Task, Multi-Task), block 

(1, 2, 3, 4, 5, 6), and ISI sub-block (1000ms, 2000ms, 4000ms). We collected seven 

measures in total: target hit rate (hits), omissions, commissions, correct rejections (CRs), 

and reaction time (RT) were collected from the CPT; sensitivity (d’) and response bias 

(β) were derived from hits and commissions CPT measures; and tracking distance was 

collected from the driving-based tracking task. Table 1 lists these measures, and provides 

a description of their source, definition (as relevant to the characteristics of the tasks used 

in this study), and the psychological processes they are most associated. 

3.1.8 SIGNAL DETECTION THEORY  

SDT provides a framework for describing the ability of an observer to detect (or 

discriminate) critical signals in the presence of background noise (Green & Swets, 1966; 

Marcum, 1947; Stanislaw & Todorov, 1999). According to SDT, there are four possible 
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outcomes to a signal detection situation: hits, omissions, commissions, and CRs. 

Statistical decision theory conceptualizes these outcomes as two probability distributions 

placed along an x-axis, with both being normally distributed with equal size and variance 

(Banks, 1970; Marcum, 1947). The noise distribution has a mean of 0, and the signal 

distribution has a mean greater than 0 and is thereby displaced to the right by the 

magnitude of the signal. Further, a criterion (or threshold) for determining whether a 

signal is detected is placed between both distributions. This criterion is controlled by the 

observer, and its placement (between the two distributions) may shift depending on their 

goals, expectations, and physiological state (Macmillan & Creelman, 1990; Neigel, 

Claypoole, & Szalma, 2019).  

Performance in this framework is commonly assessed using two metrics (Lynn & 

Barrett, 2014; Swets, 1986). The first, d' (dee prime), describes the ability/sensitivity to 

detect a signal and is measured as the standardized difference between the means of the 

signal and noise distributions. Values for d' typically range between 0 (indicating chance 

performance) and 3 (indicating high signal detectability/sensitivity). It is calculated as the 

z-transformation of hits minus the z-transformation of commissions, where neither hits 

nor commissions are equal to 1 or 0 (note: this is often not the case when data is 

aggregated from multiple participants). The second, β (beta), describes the willingness of 

an observer to detect a signal (i.e. response bias), and is measured as the ratio of the 

heights of the signal and noise distributions at the criterion. In cases when the signal 

frequently occurs, and/or if the costs of making a false alarm are small, then the observer 

may shift the criterion to the left and thus increase the likelihood that they will respond 

that the signal was present. In cases when the signal rarely occurs, and or if the cost of 



 

30 

making a false alarm is high, then the observer may shift the criterion to the right and 

thus require more evidence of the signal before they will respond that it was present. 

Values for β are typically measured in base 10 log. When the base 10 log of β is less than 

0, the observer is thought to have a more liberal response bias (i.e. they require less 

evidence to detect signal). When the base 10 log of β is greater than 0, the observer is 

thought to have a more conservative response bias (i.e., they require more evidence to 

detect signal). When the base 10 log of β equals 0, the observer is thought to be unbiased.  

3.1.9 DATA PREPARATION 

The CPT data from the practice blocks (blocks 1 and 3) was discarded and the 

CPT data from the Single- and Multi-Task blocks (blocks 2 and 4, respectively) was 

retained for analysis. The data from the driving-based tracking task in the Multi-Task 

session were stored in a MySQL table. After removing the data from the practice trial 

(block 3), the experimental data (block 4) were merged together (using customized SQL 

scripts), and then exported to .csv format for further data processing and analysis in R. 

Prior to statistical analysis, the data files for both the CPT and driving-based 

tracking task were temporally aligned and merged so that tracking performance could be 

accurately matched with the CPT data. Following this alignment, tracking data was 

filtered to retain only the data from the 500ms before and after each CPT target stimuli 

presentation. This was done to create matched fixed time windows of tracking data across 

conditions since the number of tracking data points was four times higher in the 4000 ms 

ISI blocks than in the 1000ms ISI blocks (Ballard, 2001). Finally, target hit RTs less than 

100ms (also referred to as perseverations) were filtered out of the data since those 

responses were likely due to errant and impulsive responding (Conners, 2014).   
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3.1.10 DATA ANALYSIS 

GCAs are specialized statistical techniques for summarizing longitudinal data 

with best-fit lines (or smooth curves) that characterize performance trends within 

observed time windows (Bollen, 2007; Byrne & Crombie, 2003; Kristjansson, Kircher, & 

Webb, 2007). These lines are defined by estimates that take into account performance 

differences between longitudinal measurement ‘clusters’ (i.e., within-individual groups), 

as well as the individual differences in performance within clusters (i.e., between-

individual variation) (Barr et al., 2013; Curran et al., 2010). Estimates are calculated 

within a mixed-effects framework in which regression models specify a small number of 

pre-determined parameters (i.e., fixed-effects), the random probability distributions 

around those effects (i.e., random-effects), as well as the orthogonal (i.e., statistically 

independent) time factors that represent the trajectory of the estimates over time (Baayen 

et al., 2008). The resulting growth curves plotted from these estimates can come in 

different forms, the most basic of which is the random intercept model in which best-fit 

lines characterize the overall differences between the repeated measurement groups as 

stable or flat, thus signifying no change in time (Barr, 2013). This model can then be 

expanded by considering the family of polynomial functions that can characterize 

performance trends as systematically increasing or decreasing over time (i.e., the linear 

model), or curving at some point and to varying degrees (i.e., the quadratic model, the 

cubic model, etc.) (Diallo et al., 2014).  

As implied in the above description, developing mixed-effects models for GCA is 

a multi-step process. It involves building and comparing different models to find the one 

that explains the trajectory of the growth curve that best fits the data, given the theoretical 

considerations of the study at hand (Peugh, 2010). The most basic model often includes 
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baseline terms for the intercept, time order factors, and random factors used in the 

analysis, while subsequent models add other fixed factors to each of the time order terms. 

Furthermore, evaluating models involves assessing how well each of the compared 

models fit the data using chi-square likelihood ratio tests with degrees of freedom equal 

to the number of parameters used in the analysis (Baayen et al., 2008; Long, 2012). Once 

a model is selected, its parameter estimates and associated p-values are used to interpret 

the fixed-effects of the chosen growth curve (Winter, 2013).  

In this study, we used R 4.2.2 (R Core Team, 2012) and the lme4 (Bates et al., 

2014) statistical package to perform GCAs to analyze the longitudinal performance data 

of this study. The GCAs consisted of terms for linear (i.e., time1) and quadratic (i.e., 

time2) time orders, terms for session (Single-Task, Multi-Task) and ISI (1000ms, 

2000ms, 4000ms), and a random effect of participants on the intercept. We attempted to 

fit more complex random factor terms to the data, but these models did not converge. For 

our analysis, we compared four models that increased in complexity: the Base model only 

included baseline time terms and the random factor (with no fixed terms representing the 

interaction of session and ISI terms) (Model 1, Table A.1); the Intercept model built upon 

this by adding an interaction of the fixed effects on the intercept (Model 2, Table A.1); 

the Linear model built upon this by adding the interaction on the linear (i.e., time1) time 

order (Model 3, Table A.1); and the Quadratic model built upon this by adding the 

interaction on the quadratic (i.e., time2) time order (Model 4, Table A.1). We then 

compared each of these models, using maximum likelihood estimates, to determine the 

best time order model to use for the analysis (Long, 2012). Following Long’s 

recommendations, we considered a model to provide a better fit than a simpler model 
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using a p < .1 criterion. Note that the Base model included Intercept, Linear, and 

Quadratic terms/predictors but not any of the fixed factors we manipulated. This means 

that the Base model could capture the temporal characteristics of the data that were 

constant across session and ISI conditions. Finally, we interpreted the chosen model by 

visually inspecting the plot and coefficients that fit the selected model. 

3.2 RESULTS 

Data from seven participants were removed due to hardware issues that caused 

errors in data collection. Data from the remaining 56 participants (age: M = 20.14, 

SD = 1.51) were used for analysis. Of the 56 participants, 39 were female (age: M = 20.1, 

SD = 1.33) and 17 were male (age: M = 20.2, SD = 1.89).  

3.2.1 CPT MEASURES 

Target Hit Rate: The Intercept model provided a marginally significantly better fit 

of the data compared to the other models (Table B.1), χ2(5) = 10.38, p = < .065. 

Inspection of the model coefficients (Table B.2) and visual inspection of the graph 

(Figure 3.4a) show that: 1. target hit rate was not significantly different between sessions, 

but target hits during the faster ISIs (i.e., 1000ms and 2000ms) were numerically (but not 

significantly) lower (i.e., worse performance) in the Multi-Task session; and 2. target hits 

during all ISIs in both sessions may fit significant positive linear trajectories in which 

they steadily increased (i.e., improved) during the first several blocks, and then slightly 

leveled off during the end blocks. 

Omissions: None of the models provided a significantly better fit of the data than 

the Base model (Table C.1), therefore we chose the Base model. Inspection of the model 

coefficients (Table C.2) and visual inspection of the graph (Figure 3.4b) show that: 1. 

omissions were not significantly different during all ISIs between sessions; and 2. 
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omissions during all ISIs in both sessions may fit significant negative linear trajectories 

in which they steadily decreased (i.e., improved performance) during the first several 

blocks, and then slightly leveled off during the end blocks. 

Commissions: The Quadratic model provided a marginally significant better fit of 

the data (Table D.1), χ2(5) = 9.67, p = <.09. Inspection of the model coefficients (Table 

D.2) and visual inspection of the graph (Figure 3.4c) show that: 1. commissions were 

significantly worst during ISIs in the Multi-Task session; and 2. commissions during the 

1000ms and 4000ms ISIs in the Multi-Task session may fit significant positive quadratic 

(curved) trajectories in which they initially decreased (i.e., improved performance) during 

the first several blocks, and then increased (i.e.., performance worsened) towards the end 

blocks. 

CRs: The Quadratic model provided a marginally significant fit of the data (Table 

E.1), χ2(5) = 10.42, p = <.065. Inspection of the model coefficients (Table E.2) and 

visual inspection of the graph (Figure 3.4d) show that: 1. CRs were significantly worse 

during all ISIs in the Multi-Task session; and 2. CRs during the 1000ms and 4000ms ISIs 

in the Multi-Task session may fit significant negative quadratic trajectories in which they 

initially increased (i.e., improved performance) during the first several blocks, and then 

decreased (i.e., performance worsened) towards the end blocks. 

Reaction Time: The Linear model provided a significantly better fit of the data 

compared to the other models (Table F.1), χ2(5) = 11.64, p = <.05. Inspection of the 

model coefficients (Table F.2) and visual inspection of the graph (Figure 3.5) show that: 

1. RTs in both session were significantly best during the 1000ms ISI and significantly 

worst during the 4000ms ISI, and were significantly worst overall across all ISIs in the 
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Multi-Task session; and 2. RTs across all ISIs in both sessions may fit marginally 

significant positive linear trajectories in which they steadily increased (i.e., worsened 

performance) throughout the session. 

3.2.2 SDT MEASURES 

Sensitivity: The Quadratic model provided a significant fit of the data (Table G.1), 

χ2(5) =11.68, p = < .04. Inspection of the model coefficients (Table G.2) and visual 

inspection of the graph (Figure 3.6a) show that: 1. sensitivity was significantly worse 

during all ISIs in the Multi-Task session; and 2. sensitivity during the 1000ms and 

4000ms ISIs in the Multi-Task session may fit significant negative quadratic trajectories 

in which they initially increased (i.e., improved performance) during the first several 

blocks, and then decreased (i.e., performance worsened) towards the end blocks. 

Response Bias: The Intercept model provided a significantly better fit of the data 

compared to the other models (Table H.1), χ2(5) =11.12, p = < .05. Inspection of the 

model coefficients (Table H.2) and visual inspection of the graph (Figure 3.6b) show 

that: 1. response bias across all ISIs in both sessions was overall liberal; and 2. response 

bias during the 4000ms ISI in the Multi-Task session was significantly more liberal (i.e., 

further from ‘0’) than in the other ISIs. 

3.2.3 TRACKING MEASURE 

Average Tracking Distance: The Linear model provided a marginally significant 

fit of the data (Table I.1), χ2(2) = 2.77, p = <.10. Inspection of the model coefficients 

(Table I.2) and visual inspection of the graph (Figure 3.7) show that: 1. distance during 

all ISIs may fit significant positive quadratic trajectories in which average distance 

initially decreased (i.e., improved performance) during the first several time blocks, and 

then slightly increased (i.e., performance worsened) towards the end blocks; and 2. 
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distance during the 1000ms ISI is significantly worst during the first few blocks, and then 

sharply decreases (i.e., performance improves) and levels off towards the end blocks. 

3.2.4 QUESTIONNAIRE RESPONSES 

We analyzed select survey responses with repeated measures ANOVAs using the 

anova_test function from the rstatix package (version 0.7.0; Kassambara, 2021) in R (R 

Core Team, 2012). Groups in this analysis include order, consisting of Baseline (i.e., 

before Single-Task session), Single-Task session, and Multi-Task session levels. For 

Drowsiness Responses, we found a significant effect of order, F(1.77, 97.62) = 7.36, p < 

0.003, with visual inspection of the boxplot (Figure 3.8a) showing highest levels of 

drowsiness reported in the Multi-Task session. For Fatigue Responses, we found a 

significant effect of order, F(2, 110) = 29.22, p < 0.001, with visual inspection of the 

boxplot (Figure 3.8b) showing highest levels of drowsiness reported in the Multi-Task 

session. Finally, for Difficulty Responses, we found a significant effect of order, F(1, 55) 

= 79.81, p < 0.001, with visual inspection of the boxplot (Figure 3.8c) showing highest 

levels of difficulty reported in the Multi-Task session. 

3.3 DISCUSSION 

There were three critical hypotheses for E1, and each applied to the measures in 

the Multi-Task session: the first (H1) was that performance would be worst across CPT-

related measures than in the Single-Task session; the second (H2) was that performance 

would be worst across all measures during the faster compared to the slower ISIs; and the 

third (H3) was that GCAs would reveal non-linear changes in performance across all 

measures. 

Overall, the results from the GCAs for target hits and omissions data revealed no 

significant differences in performance between each of the ISIs across sessions; however, 
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GCAs for commissions, CRs, sensitivity, and RT data revealed significantly worst 

performance during each of the ISIs in the Multi-Task session, especially during the 

1000ms and 4000ms ISIs. This difference was also evident for the response bias data in 

which performance was significantly more ‘liberal’ during the 4000ms ISI in the Multi-

Task session than during the other ISIs. Furthermore, GCAs for average distance data 

revealed that performance was significantly worse in the early blocks (i.e., blocks 1, 2, 

and 3) during the 1000ms ISI compared to the other ISIs (note: unlike the CPT measures 

that were present in both sessions, the driving-based track task measure was only present 

in the Multi-Task session). Moreover, self-report questionnaire data suggested that 

participants perceived higher levels of drowsiness, fatigue, and task difficulty after 

performing the Multi-Task session; however, these findings apply more generally to the 

overall conditions and not to the specific measures associated with the tasks of the 

conditions. This is a trivial point, since the limitations of self-report questionnaires are 

well documented in the literature (e.g., Razavi, 2001; Williams et al., 2017). Therefore, 

these results provide partial support for H1 and H2.  

Interestingly, GCAs revealed that much of the data in E1 was characterized by 

different performance trajectories. For example, target hits and omissions data during 

each ISI across both sessions were characterized by significant negative linear trajectories 

in which performance steadily worsened with time-on-task. In contrast, commissions, 

CRs, and sensitivity data during the 1000ms and 4000ms ISIs in the Multi-Task session, 

and only during the 1000ms ISI in the Single-Task session, were characterized by 

marginally significant quadratic trajectories in which performance initially worsened and 

then improved towards the later blocks (i.e., blocks 4, 5, and 6); however, while 
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commissions data was characterized by positive trajectories, CRs and sensitivity data was 

characterized by negative trajectories (a difference due to the nature of the performance 

criteria for these measures, as trajectory valences may have different implications 

depending on the measure). Other measures were less uniform with their trends. For 

example, RT data during each ISI across both sessions was characterized by significant 

positive linear trajectories but appeared to have some marginal quadratic trends towards 

the later blocks. Response bias data during each ISI across both sessions was shown to 

only vary on the intercept (i.e., no decrement recorded). Lastly, average distance data 

during the 2000ms and 4000ms ISIs was characterized by significant positive quadratic 

trajectories, but during the 1000ms ISI it appeared to have a significant negative linear 

trajectory in the early blocks with a positive quadratic trend towards the later blocks. 

Therefore, these results provide partial support for H3. 

These results provide evidence that our paradigm achieved both of its objectives. 

First, vigilance decrements were found in all but one measure (i.e., response bias). This 

suggests that the task structure used in this paradigm (i.e., fixed-order design, alternating 

ISI manipulation) was sufficient for eliciting decrements in performance, especially in the 

Multi-Task session in which the interactive effects between the two tasks during the 

different ISIs was the primary focus of interest. Second, performance changed as a 

function of ISI, although this change was not consistent for all measures. This suggests 

that while arousal and alertness levels can change as a function of stimulus presentation 

rates (Matthews et al., 2017; Silverstein et al., 2004), this change may be mediated by 

task-specific factors (Fisk & Schneider, 1981; Wickens, 2008). Third, non-linear changes 

in performance characterized several measures, and suggests that GCAs were effective 
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tools for characterizing vigilance performance within our paradigm (Boiteau et al., 2014; 

Devlin et al., 2023; Grech et al., 2009; Rann & Almor, 2022).  

However, GCA trajectories were not consistent for all measures. Indeed, GCAs 

revealed ‘traditional’ linear vigilance decrement patterns across some measures, and 

quadratic trajectories across other measures. One likely explanation for this difference is 

that quadratic trajectories occur due to the presence of learning effects in which 

performance initially improves during the early blocks as participants learn how to 

perform the tasks (Brown, 2008; Lara et al., 2014; Shiffrin & Schneider, 1977), then 

worsens during the later blocks as they become fatigued from performing the tasks over 

several minutes (Pattyn et al., 2008). More so, some tasks may be more susceptible to 

these effects than others (Parasuraman & Giambra, 1991; Tiwari et al., 2009; Wickens, 

2002). For example, tasks that require more executive control in their execution may 

involve early learning effects (Fisk & Scerbo, 1987), this would explain why the 

measures associated with the primary response inhibition and tracking tasks exhibited 

quadratic trajectories in the Multi-Task session, while the secondary responding task 

exhibited linear trajectories (i.e., since it is highly automated and requires little executive 

control).  

We will defer a full consideration of the theoretical implications of our results for 

the general discussion. That said, given these results, we made two changes to our 

paradigm. First, we removed the less informative 2000ms ISI condition to potentially 

increase the power of our paradigm to capture fine grained changes in performance 

across tasks. Second, we included an additional practice session to better acclimate 
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participants to the tracking task, and thus potentially reduce learning effects in the more 

difficult Multi-Task session.  

 

Table 3.1 Description of Measures. 

Measure Source Definition Psychological processes 

Hits CPT Correctly pressing foot 

pedal when target is 

presented 

Detection accuracy, 

Prepotent motor response 

Omissions CPT Failing to press the foot 

pedal when target is 

presented (i.e., misses) 

Inattentiveness, degradation 

in attention capacity 

Commissions CPT Pressing the foot pedal 

when no target is present 

(i.e., false alarms) 

Impulsivity, Failure to 

inhibition prepotent motor 

response 

CRs CPT Correctly not pressing the 

foot pedal when no target 

is present 

Detection accuracy, 

Response inhibition  

RT CPT The time between correctly 

detecting a presented target 

and pressing the foot pedal 

Prepotent motor response 

processing speed 

d’ SDT Sensitivity for accurately 

detecting target 

Detection accuracy, most 

related to the prepotent 

motor response 

β SDT Response strategy 

regarding speed-vs-

accuracy tradeoffs 

Detection accuracy, 

Prepotent motor response, 

and Failure to inhibit 

prepotent motor response 

Distance Tracking 

task 

Average distance between 

target and cursor during the 

tracking task 

Detection accuracy, 

Prepotent motor response 

processing speed 
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Figure 3.1: CCPT. Participants are required to press the foot-pedal when they detect a 

target letter, and withhold response when a non-target letter is detected. 

 

     

 

Figure 3.2: ConTRe Task. Participants are required to track the moving yellow target 

using the blue cursor they control using a steering wheel. 

 

 

Figure 3.3: Setup – (a). Single-Task session in which the larger monitor was turned off 

and the CPT was displayed on the lower monitor; (b). Multi-Task session in which both 

monitors displayed their associated tasks. Approximate line of sign shown as red cross.  
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Figure 3.4: Growth curve analysis of CPT measures averaged per Block per ISI in E1 – 

(a). Target Hit Rate; (b). Omissions; (c). Commissions; and (d). CRs.  
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Figure 3.5: Growth curve analysis of Reaction Time (RT) averaged per Block per ISI in 

E1.  

 

 

       
Figure 3.6: Growth Curve Analysis of SDT measures averaged per Block per ISI in E1 – 

(a). Sensitivity; and (b). Response Bias.  
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Figure 3.7: Growth Curve Analysis of Tracking Distance averaged per Block per ISI in 

E1. 

  

 
 

Figure 3.8: Boxplots for questionnaire responses in E1 – (a). Drowsiness; (b). Fatigue; 

and (c). Perceived Difficulty. Note: The top and bottom lines of the box represent the 

upper and lower quartiles of the data, respectively; the darker colored line represents the 

median value of the data; and the vertical lines attached to the boxes represent the range 

of the scores, while the colored dot represents the outlier for the maximum and minimum 

scores.  

(a) (b) 

(c) 
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CHAPTER 4 

EXPERIMENT 2 

The purpose of Experiment 2 (E2) was to determine whether the E1 paradigm 

could be improved so as to further verify its effectiveness in eliciting and measuring 

changes in performance that occur when operators performed demanding multitasking 

activities.  

Similar to E1, the first critical hypothesis (H1) is that performance will be worst 

across CPT-related measures in the Multi-Task session, and the second critical hypothesis 

(H2) is that performance will be worst across all measures in this session during the faster 

compared to the slower ISIs. However, our third critical hypothesis (H3) is that GCAs 

will reveal quadratic performance trajectories for the measures associated with the 

primary response inhibition task (i.e., commissions and CRs), and our fourth critical 

hypothesis (H4) is that GCAs will reveal linear performance trajectories for the measures 

associated with the secondary responding task (i.e., target hits and RT) and the tracking 

task (i.e., average distance). These last two hypotheses follow from the E1 findings which 

suggest that quadratic trajectories may characterize more demanding tasks in which early 

learning effects occur which eventually give way to later vigilance decrements, while 

linear trajectories may characterize less demanding automatized tasks. 

4.1 METHODS 

We made two key changes to the E1 paradigm. First, and most importantly, we 

removed the 2000ms ISI condition from the within-session difficulty manipulation. As a 
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result, there were more trials (20 instead of 15) in the remaining 1000ms and 4000ms 

ISIs, which increases power while at the same time results in fewer trials per block (40 

instead of 45) and per session (240 instead 270), thereby reducing the overall time of 

each session in the paradigm (approximately 11instead of 12 minutes). We predict this 

duration reduction will have a negligible effect since observed changes in performance 

occurred throughout the experiment blocks in both sessions. Second, we implemented an 

additional practice trial in which participants performed the driving-based tracking task in 

the absence of the CPT for approximately 30 seconds. This new trial occurred after 

participants completed the Single-Task session, and before they begun the Multi-Task 

session practice trial. 

We also utilized empirically validated and theoretically motivated questionnaires 

to assess subjective states of stress before and after each session (using the SSSQ; Helton, 

2004), and perceived workload ratings after each session (using the NASA-TLX; Hart, 

2006). All other methods in E2 (i.e., participant selection criteria, hardware and software, 

tasks, setup, data preparation, and data analysis) were the same as in E1. 

4.2 RESULTS  

4.2.1 CPT MEASURES 

Target Hit Rate: The Intercept model provided a significantly better fit of the data 

compared to the other models (Table J.1), χ2(3) = 25.4, p = <.001. Inspection of the 

model coefficients (Table J.2) and visual inspection of the graph (Figure 4.1a) show that: 

1. Target hits were significantly worse during the 1000ms ISI in the Multi-Task session; 

and 2. target hits during both ISIs across sessions may fit significant negative quadratic 

trajectory in which they steadily increased (i.e., improved performance) during the first 
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several blocks, and then steadily decreased (i.e., worsened performance) during the end 

blocks. 

Omissions: The Intercept model provided a significantly better fit of the data 

compared to the other models (Table K.1), χ2(3) = 18.47, p = < .001. Inspection of the 

model coefficients (Table K.2) and visual inspection of the graph (Figure 4.1b) show 

that: 1. omissions were significantly worse during the 1000ms ISI in the Multi-Task 

session; and 2. omissions across all ISIs in both sessions may fit significant negative 

quadratic trajectories in which they steadily decreased (i.e., improved performance) 

during the first several blocks, and then steadily increased (i.e., worsened performance) 

during the end blocks. 

Commissions: The Intercept model provided a significantly better fit of the data 

compared to the other models (Table L.1), χ2(3) = 11.13, p = <.02. Inspection of the 

model coefficients (Table L.2) and visual inspection of the graph (Figure 4.1c) show that: 

1. commissions were slightly but not significantly worst during the 4000ms ISI in the 

Multi-Task session; and 2. commissions across conditions may initially fit significant 

negative linear trajectories in which they sharply decreased (i.e., improved performance) 

during the first several blocks, and then positive quadratic trajectory in which they 

increased (i.e.., worsened performance) in a curved fashion towards the end blocks. 

CRs: The Quadratic model provided a significantly better fit of the data compared 

to the other models (Table M.1), χ2(3) = 11.71, p = <.01. Inspection of the model 

coefficients (Table M.2) and visual inspection of the graph (Figure 4.1d) show that: 1. 

CRs slightly but not significantly worse during the 4000ms ISI in the Multi-Task session; 

and 2. CRs during both ISIs across sessions may initially fit significant positive linear 
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trajectories in which they sharply increased (i.e., improved performance) during the first 

several blocks, and then negative quadratic trajectory in which they decreased (i.e., 

worsened performance) in a curved fashion towards the end blocks. 

Reaction Time: The Liner model provided a significantly better fit of the data 

compared to the other models (Table N.1), χ2(3) = 19.61, p = <.001. Inspection of the 

model coefficients (Table N.2) and visual inspection of the graph (Figure 4.2) show that: 

1. RTs in both session were significantly best during the 1000ms ISI and significantly 

worst during the 4000ms ISI, and were significantly worst overall across all ISIs in the 

Multi-Task session; and 2. RTs across all ISIs in both sessions may fit marginally 

significant positive linear trajectories in which they steadily increased (i.e., worsened 

performance) throughout the session. 

4.2.2 SDT MEASURES 

Sensitivity: The Intercept model provided a significantly better fit of the data 

compared to the other models (Table O.1), χ2(3) =16.43, p = < .001. Inspection of the 

model coefficients (Table O.2) and visual inspection of the graph (Figure 4.3a) show that: 

1. sensitivity was significantly worst during both ISIs in the Multi-Task session; and 2. 

sensitivity may initially fit significant positive linear trajectory in which they sharply 

increased (i.e., improved performance) during the first several blocks, and then negative 

quadratic trajectory in which they decreased (i.e., worsened performance) in a curved 

fashion towards the end blocks. 

Response Bias: The Intercept model provided a significantly better fit of the data 

compared to the other models (Table P.1), χ2(3) = 9.68, p = < .03. Inspection of the 

model coefficients (Table P.2) and visual inspection of the graph (Figure 4.3b) show that: 

1. response bias during both ISIs across sessions was overall liberal; and 2. response bias 
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during the 4000ms ISI was significantly more liberal (i.e., further from ‘0’) than during 

the 1000ms ISI in the Multi-Task session. 

4.2.3 TRACKING MEASURE 

The Intercept model provided a significantly better fit of the data compared to the 

other models (Table Q.1), χ2(1) = 44.5, p = <.001. Inspection of the model coefficients 

(Table Q.2) and visual inspection of the graph (Figure 4.4) show that: 1. average distance 

was overall worst during the 1000ms ISI; and 2. average distance during both ISIs may fit 

significant positive linear trajectories in which average distance steadily increased (i.e., 

worsened performance) throughout the session. 

4.2.4 QUESTIONNAIRE RESPONSES 

We analyzed select survey responses with repeated measures ANOVAs using the 

anova_test function from the rstatix (version 0.7.0) library in R (R Core Team, 2012). For 

SSSQ Subjective State Responses, we found a significant effect of order, F(1.71, 160.06) 

= 164.13, p < 0.001, with visual inspection of the boxplot (Figure 4.5) showing highest 

levels of distress in the Single-Task subjective response session. For NASA-TLX 

workload Responses, we found a significant effect of order, F(1, 59) = 99.86, p < 0.001, 

with visual inspection of the boxplot (Figure 4.6) showing highest levels of workload 

reported in the Multi-Task session. 

4.3 DISCUSSION 

There were four critical hypotheses for E2, and each applied to the measures in 

the Multi-Task session: the first (H1) was that performance would be worst across CPT-

related measures than in the Single-Task session; the second (H2) was that performance 

would be worst across all measures during the faster compared to the slower ISIs; the 

third (H3) was that GCAs would reveal quadratic performance trajectories for the 
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measures associated with the primary response inhibition task (i.e., commissions and 

CRs); and the fourth (H4) was that GCAs would reveal linear performance trajectories 

for the measures associated with the secondary responding task (i.e., target hits and RT) 

and the tracking task (i.e., average tracking distance). 

Overall, the results from the GCAs revealed that performance was worst in the 

Multi-Task session for the target hits and omissions data during the 1000ms ISI, and for 

the sensitivity and RT data during the 4000ms ISI, while there were no significant 

differences in performance during both ISIs in the commissions and CRs data. GCAs for 

the response bias data revealed that participants were significantly more liberal in their 

responses during the 4000ms ISI in the Multi-Task session. GCAs for the average 

distance data revealed that performance was significantly worst during the 1000ms ISI. 

Finally, self-report questionnaire data from the SSSQ suggests that participants perceived 

similar subjective states of stress across the sessions (i.e., Baseline, Single-Task, Multi-

Task), while data from the NASA-TLX suggest that participants perceived the Multi-

Task session as more demanding than the Single-Task session. Therefore, these results 

provide partial support for H1 and H2. 

As in E1, GCAs revealed a variation in performance trajectories during both ISIs 

across both sessions for most measures. For example: target hit and omissions data were 

characterized by symmetrical quadratic trajectories in which performance initially 

worsened and then gradually improved towards the later blocks; CR, sensitivity, and RT 

data were characterized by ‘check mark’-shaped trajectories in which performance 

sharply improved in a linear fashion during the early blocks (i.e., blocks 1, 2, and 3), and 

then worsened in a curved (quadratic) fashion during the later blocks; response bias data 
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was characterized by flat trajectories (that were slightly, but not significantly, linear); and 

lastly, average distance data was characterized by linear trajectories in which 

performance steadily worsened with time-on-task. Therefore, these results provide full 

support for H3, and partial support for H4. 

These results show that the changes we made to our paradigm did in fact improve 

its effectiveness in eliciting and measuring the performance changes that occur when 

operators perform demanding multitasking activities. First, removing the 2000ms ISI 

condition revealed significant differences in performance between the 1000ms and 

4000ms ISIs across most measures. Like E1, these differences were inconsistent across 

measures, however there was no difference between ISIs for the response inhibition 

measures (i.e., commissions and CRs). These results further support the role of target 

presentation rate on modulating arousal and alertness on certain tasks (Matthews et al., 

2017; Silverstein et al., 2004), and suggest that these effects may be mitigated during 

more demanding tasks, such as the primary response inhibition task, since it requires 

more executive control to perform and is thus more cognitively demanding. Second, 

including the additional tracking practice session resulted in tracking data that was 

characterized by linear trajectories in which performance progressively degraded over 

time. This is a marked difference from E1 in which tracking data was characterized by 

quadratic trajectories, especially during the 1000ms ISI. This suggests that participants 

benefited from the additional practice, and that our paradigm may be especially 

susceptible to task attenuation effects during the early session blocks, which can be 

reduced or eliminated through practice (Parasuraman & Giambra, 1991). 
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One interesting finding was that the inconsistencies in growth curve trajectories 

continued to persist across several of the measures in E2, albeit differently than those 

revealed in E1. For example, in E1, the primary inhibition task measures were 

characterized by quadratic trajectories, while the secondary responding task measures 

were characterized by linear trajectories; however, in E2, both sets of measures were 

characterized by quadratic trajectories, although the former was highly skewed during the 

early blocks while the latter was symmetrically curved throughout the session. These 

findings, in addition to the tracking data findings, may suggest that, in addition to task 

demand and attenuation, workload mitigation strategies could have also influenced 

performance across measures (Epling et al., 2016; Finomore et al., 2009; Kurzban et al., 

2013). Specifically, the extra time given for the participants to practice the tracking task 

may have reduced the amount of control required in its performance. As a result, 

participants may have allocated more attentional resources towards performing the more 

demanding CPT than the tracking task, and thus increased the task attenuation effects 

observed during the early blocks in the session.  

Again, we will defer a full consideration of the theoretical implications of our 

results for the general discussion. That said, given these results, we proposed two final 

changes to our paradigm. First, and most importantly, we included an additional verbal 

task towards the later blocks of the Multi-Task session to increase demand and further 

determine whether participants engage in workload mitigation strategies. Second, we 

allowed participants as much time as they needed to practice each of the tasks. 
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Figure 4.1: Growth curve analysis of CPT measures averaged per Block per ISI in E2 – 

(a) Target Hit Rate, (b) Omissions, (c) Commissions, (d) CRs, (e) Sensitivity, and (f) 

Response Bias.  
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Figure 4.2: Growth curve analysis of Reaction Time (RT) averaged per Block per ISI in 

E2.  

 

 

       
Figure 4.3: Growth curve analyses of SDT measures averaged per Block per ISI in E2 – 

(a) Sensitivity and (b) Response Bias.  
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Figure 4.4: Growth curve analysis of Tracking Distance averaged per Block per ISI in E2. 

 

 

 
Figure 4.5: Boxplots for SSSQ questionnaire responses in E2 – Task Engagement (TE), 

Distress (D), and Worry (W). Note: The top and bottom lines of the box represent the 

upper and lower quartiles of the data, respectively; the darker colored line represents the 

median value of the data; and the vertical lines attached to the boxes represent the range 

of the scores, while the colored dot represents the outlier for the maximum and minimum 

scores. 
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Figure 4.6: Boxplots for NASA-TLX questionnaire responses in E2. Note: The top and 

bottom lines of the box represent the upper and lower quartiles of the data, respectively; 

the darker colored line represents the median value of the data; and the vertical lines 

attached to the boxes represent the range of the scores. 
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CHAPTER 5 

EXPERIMENT 3 

The purpose of Experiment 3 (E3) was to determine whether and to what extent 

engaging in demanding verbal exchange can modulate performance across sustained 

attention tasks.  

This is of particular significance since operators often engage in conversational 

activities throughout task performance (Atchley et al., 2011; Beede & Kass, 2006). For 

pilots, these activities may include continuously exchanging information over the radio 

with air traffic control at different times during flight (Dismukes & Nowinski, 2007; 

Falzon, 2009), while long haul truck drivers may use their CB radio to communicate 

upcoming road conditions to assist other drivers (Claveria et al., 2019). Regardless of the 

scenario, these operators must always remain vigilant since their primary goal is to 

properly operate and control their vehicles from the beginning of their journey to the end 

(Cabon et al., 1993; Wiggins, 2011).  

Nevertheless, engaging in conversation may affect this ability in different ways 

(Almor, 2008; Cohen et al., 2017; Large et al., 2018; Regan et al., 2011; Wijayaratna et 

al., 2019; Zuercher, 1965). For example, Atchley et al., (2014) demonstrated that 

engaging in verbal tasks can improve a drivers’ ability to remain alert when driving for 

longer durations (over 60 minutes); and Rann & Almor (2022) demonstrated that 

engaging in verbal tasks can degrade a drivers’ performance when driving for shorter 

durations (under 5 minutes), especially when they produce compared to when they listen 
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to speech (Kubose et al., 2006). Given the results from our previous experiments, we 

chose to integrate aspects of Atchley et al. (2014) and Rann & Almor (2022) to determine 

how engaging in conversation can affect performance in our paradigm.  

Similar to the previous experiments: the first critical hypothesis (H1) is that 

performance will be worst across CPT-related measures in the Multi-Task session, and 

the second critical hypothesis (H2) is that performance will be worst across all measures 

in this session during the faster compared to the slower ISIs. However, the third critical 

hypothesis (H3) is that GCAs will reveal quadratic performance trajectories for the 

measures associated with the primary inhibition (i.e., CRs and commissions) and 

secondary responding (i.e., target hits and RT) CPT tasks; the fourth critical hypothesis 

(H4) is that GCAs will reveal linear performance trajectories for the average distance 

tracking measure; and the fifth critical hypothesis (H5) is that average distance will be 

worst overall when participants respond compared to when they listen to verbal prompts. 

These last three hypotheses follow from the E2 findings which suggests that during 

demanding scenarios, operators strategically allocate attentional processing resources 

towards less cognitively demanding tasks (Kurzban et al., 2013). 

5.1 METHODS 

We made two key changes to the E2 paradigm: first, we included an interactive 

verbal task in which participants actively listened and then verbally responded to pre-

recorded speech stimuli during the last two blocks (~4 minutes) of the Multi-Task 

session; and second, to potentially reduce some of the practice effects observed in the 

previous experiments, we allowed participants as much time as they needed to practice 

the tasks until they were ready to begin the experiment trials. Most other methods in E3 
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(e.g., participant selection criteria, hardware and software, setup, etc.) were the same as in 

E2.  

The secondary verbal task in E3 was influenced by the Rann & Almor (2022) 

paradigm in which participants performed a driving-based tracking task while they 

actively listened and then immediately responded to pre-recorded verbal prompts 

presented via computer speakers. These prompts involved a speaker greeting the listener 

(i.e., participant), and then stating their name, occupation, and place of employment. For 

example, the speaker would say “Hello my name is Josh, and I am a teller at Wells 

Fargo.” Participants responded to the prompts by verbally greeting the speaker, and 

repeating back the details of what they heard as best as possible. For example, in 

response to the prompt described above, participants would say “Hello Josh, teller at 

Wells Fargo.” There were 12 verbal prompts presented throughout each conversation 

block at a rate of one prompt per every 20 seconds, and the mean duration of the verbal 

prompts were 4395 ms (SD = 771.58).  

For E3, we incorporated this interactive verbal task structure and associated 

verbal stimuli. However, we made several changes to specifically examine the role of 

language processing in modulating performance within our vigilance paradigm. For 

example, we only presented verbal prompts during the last two blocks of the Multi-Task 

session (i.e., approximately four minutes) instead of throughout the entire session, as was 

done in Rann & Almor (2022). We did this to examine how engaging in a conversation-

like verbal task could affect performance when session-related practice effects may start 

to subside (Rakauskas et al., 2004), and potentially at a time when participants may be 

more susceptible to task-related fatigue (Atchely et al., 2014; Gastaldi et al., 2014). 
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Furthermore, we increased the number of verbal prompts from 12 to 20 to increase the 

power for finding effects for the verbal task manipulation, and randomly jittered prompt 

onsets within- and between-participants to enhance their response preparation state and 

thus keep them “on their toes” (Smith et al. 2019; Wodka et al., 2009). We also presented 

prompts in fixed-order across participants (i.e., participants heard and responded to 

prompts in the same order), as we did not feel that randomizing the sound files played by 

the prompts would provide any additional benefit since we already randomized prompt 

onsets.  

Importantly, we also ensured that the verbal prompts were consistently distributed 

between ISIs so that two prompts would always occur during the 1000ms ISI, and that 

eight prompts would always occur in the 4000ms ISI. This was done to mitigate concerns 

regarding the distribution of verbal prompts between the ISIs in the final two blocks of 

the Multi-Task session, since datapoints in the 4000ms ISI outnumbered the datapoints in 

the 1000ms ISI by a proportion of 4:1. Moreover, to ensure that participants had enough 

practice listening and responding to the verbal prompts, we included several prompts in 

the practice trials for both the tracking-only practice session (i.e., practice trial #2) and 

Multi-Task session (practice trial #3). Furthermore, we also allowed participants to 

practice each of the tasks as much as they felt that they needed before they moved on to 

the experiment trials.  

To verify that participants complied with the verbal task, we video recorded 

participants during the Multi-Task session, and then reviewed the recordings to ensure 

that participants quickly and accurately responded to each of the verbal prompts. We also 

administered fill-in-the-blank verbal memory tests to participants after the Multi-Task 
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session. These required participants to fill in the missing pieces of information from a 

transcribed list of the verbal prompts they heard in the session. While we were not 

interested with how well they performed on this test, we did intend to motivate 

participants to fully engage with the verbal task by letting them know before the 

experiment that they would be tested on what they remembered from the prompts upon 

completing the Multi-Task session. 

We examined the effects of verbal tasks on multitasking performance using two 

GCA-based approaches. First, we examined performance trajectories that occurred across 

each of the block time-points across all measures (using the same method used in the 

previous two experiments), making careful consideration of the trends that occurred in 

the last two blocks of the session. Second, we then examined performance trajectories 

that occurred in the driving-based tracking task data by treating each of the 20 verbal 

stimuli onsets as individual time-points of performance distributed across the last four 

minutes of the Multi-Task session. Each of these onsets corresponded to a spatial-

temporal location within the driving simulator environment running the task. They were 

pre-coded into the OpenDS task files for each participant, so that they could easily be 

crossed-referenced and aligned with the average distance data. This allowed us to code 

verbal task data into segments in which no verbal tasks were present (none), segments in 

which participants actively listened to the verbal prompts (listen), and segments in which 

participants quickly responded to what they heard (respond). We used a liberal criterion 

of approximately five seconds to filter average distance data into the different segments 

instead of the approximately 4.5 seconds used in Rann & Almor (2022); this was done to 

accommodate for potential between-participant variation in response times, since review 
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of the video recordings showed that not all participants responded immediately to the 

verbal prompts. Given the power of the analyses in this experiment, we predicted that any 

variation lost as a result of such constraints would be minimal. Finally, since the average 

distance data was not normally distributed, and contained outliers that significantly 

further skewed the data, we removed outliers above three standard deviations from the 

median for the final analysis of performance during the verbal task blocks.  

The overall analysis utilized the same GCA structure that was also used in E1 and 

E2 (i.e., Table A1). This consisted of terms for linear (i.e., time1) and quadratic (i.e., 

time2) time orders, terms for session (Single-Task, Multi-Task) and ISI (1000ms, 

4000ms), and a random effect of participants on the intercept. However, to account for 

more dynamic changes in driving-based tracking task performance due to the effect of 

language processing, we filtered out the average distance data from blocks 1 through 4 so 

that only data from blocks 5 and 6 remained, replaced the block time-points used in the 

previous experiments with terms that corresponded to the 20 verbal onset time-points, 

and included additional terms for cubic (i.e., time3) and quartic (i.e., time4) time orders to 

account for dynamic changes in performance that may not be fully captured by linear and 

quadratic trajectories (i.e., Boiteau et al., 2014; Rann & Almor, 2022). We then gradually 

built models that increased in complexity: the Base model (Model 1, Table A2); the 

Intercept model (Model 2, Table A2); the Linear model (Model 3, Table A2); the 

Quadratic model (Model 4, Table A2); the Cubic model (Model 5, Table A2); and the 

Quartic model (Model 6, Table A2). All other methods were the same as previous 

experiments (e.g., methods to fit complex random factor terms, model comparisons, plot 

and coefficients inspections).  
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5.2 RESULTS 

Data from 60 participants (age: M = 20.13, SD = 1.38), 44 females (age: M = 20.1, 

SD = 1.24), 16 males (age: M = 20.2, SD = 1.77), were used for analysis. This number was 

determined from the apriori power analysis performed in E2 (i.e., Faul et al., 2007). 

5.2.1 CPT MEASURES 

Target Hit Rate: The Quadratic model provided a significant fit of the data (Table 

R.1), χ2(3) = 47.91, p = <.001. Inspection of the model coefficients (Table R.2) and 

visual inspection of the graph (Figure 5.1a) show that: 1. target hits were significantly 

worst during both ISIs in the Multi-Task session, and worst overall in the 1000ms ISI; 2. 

target hits during the 1000ms ISI in the Multi-Task session may initially fit significant 

negative quadratic trajectory in which they decreased (i.e. worsened performance) in a 

curved fashion during the first several blocks, then significant negative linear trajectory 

in which they sharply decreased (i.e., worsened performance) towards the end blocks; 

and 3. target hits during the 4000ms ISI in the Multi-Task session may initially fit 

significant positive linear trajectory in which they slightly increased (i.e., improved 

performance) during the first several blocks, then significant negative quadratic 

trajectory in which they slightly decreased (i.e., worsened performance) towards the end 

blocks.  

  Omissions: The Quadratic model provided a significant fit of the data (Table S.1), 

χ2(3) = 50.04, p = < .001. Inspection of the model coefficients (Table S.2) and visual 

inspection of the graph (Figure 5.1b) show that: 1. omissions were significantly worst 

during both ISIs in the Multi-Task session, and worst overall in the 1000ms ISI; 2. 

omissions during the 1000ms ISI in the Multi-Task session may initially fit significant 

positive quadratic trajectory in which they decreased (i.e. improved performance) in a 
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curved fashion during the first several blocks, then a significant positive linear trajectory 

in which they sharply increased (i.e., worsened performance) towards the end blocks; and 

3. omissions during the 4000ms ISI in the Multi-Task session may initially fit a 

significant negative linear trajectory in which they slightly decreased (i.e., improved 

performance) during the first several blocks, then a significant negative quadratic 

trajectory in which they slightly increased (i.e., worsened performance) towards the end 

blocks.  

Commissions: The Quadratic model provided a significant fit of the data (Table 

T.1), χ2(3) = 16.62, p = <.001. Inspection of the model coefficients (Table T.2) and 

visual inspection of the graph (Figure 5.1c) show that: 1. commissions were significantly 

worse during both ISIs in the Multi-Task session, and worst overall during the 4000ms 

ISI; 2. commissions in the Multi-Task session during both ISIs may initially fit 

significant positive quadratic trajectories in which performance sharply decreased (i.e., 

improved performance) during the first several blocks and then increased (i.e., worsened 

performance) towards the middle blocks in a curve fashion, and then significant positive 

linear trajectories in which they sharply increased (i.e., worsened performance) towards 

the end blocks; and 3. commissions in the Single-Task session revealed interactions in 

which performance during the 1000ms ISI had a significant negative linear trajectory 

across blocks, while performance during the 4000ms ISI had a significant positive linear 

trajectory across blocks. 

CRs: The Quadratic model provided a significant fit of the data (Table U.1), χ2(3) 

= 17.79, p = <.001. Inspection of the model coefficients (Table U.2) and visual 

inspection of the graph (Figure 5.1d) show that: 1. CRs were significantly worse across 
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all ISIs in the Multi-Task session, and worst overall during the 4000ms ISI; 2. CRs in the 

Multi-Task session during both ISIs may initially fit significant negative quadratic 

trajectories in which performance sharply increased (i.e., improved performance) during 

the first several blocks and then decreased (i.e., worsened performance) towards the 

middle blocks in a curve fashion, and then significant negative linear trajectories in 

which they sharply decreased (i.e., worsened performance) towards the end blocks; and 3. 

CRs in the Single-Task session revealed interactions in which performance during the 

1000ms ISI had a significant positive linear trajectory across blocks, while performance 

during the 4000ms ISI had a significant negative linear trajectory across blocks. 

Reaction Time: The Quadratic model provided a significant fit of the data (Table 

V.1), χ2(3) = 31.6, p = <.001. Inspection of the model coefficients (Table V.2) and visual 

inspection of the graph (Figure 5.2) show that: 1. RTs in both sessions were significantly 

best during the 1000ms ISI, and were significantly worst overall during both ISIs in the 

Multi-Task session; 2. RTs during the 4000ms ISI in both sessions may fit significant 

positive linear trajectories in which they steadily increased (i.e., worsened performance) 

throughout the session; and 3. RTs during the 1000ms ISI in both sessions may fit 

quadratic trajectories in which they exhibit opposite curving behavior throughout the 

sessions. 

5.2.2 SDT MEASURES 

Sensitivity: The Quadratic model provided a significant fit of the data (Table 

W.1), χ2 (3) = 49.56, p < .001. Inspection of the model coefficients (Table W.2) and 

visual inspection of the graph (Figure 5.3a) show that: 1. sensitivity was significantly 

worse in the Multi-Task session during both ISIs, and worst overall during the 1000ms 

ISI; 2. sensitivity in the Multi-Task session during both ISIs may fit significant negative 



 

66 

quadratic trajectories in which performance slightly improved in the early blocks and 

then sharply worsened towards the end blocks; and 3. sensitivity in the Single-Task 

session revealed interactions in which performance during the 1000ms ISI had a 

significant positive linear trajectory across blocks, while performance during the 4000ms 

ISI had a significant negative linear trajectory across blocks. 

Response Bias: The Linear model was the simplest model that provided a 

significantly better fit of the data compared to the other models (Table X.1), χ2 (3) = 

107.52, p < .001. Inspection of the model coefficients (Table X.2) and visual inspection 

of the graph (Figure 5.3b) show that: 1. response bias in both sessions across all ISIs was 

overall liberal; 2. response bias in the Multi-Task session during the 1000ms ISI was 

significantly more conservative, especially during the end blocks. 

5.2.3 TRACKING MEASURE 

The Intercept model provided a significantly better fit of the data compared to the 

other models (Table Y.1), χ2(1) = 56.06, p = <.001. Inspection of the model coefficients 

(Table Y.2) and visual inspection of the graph (Figure 5.4) show that: 1. average distance 

was significantly worst in the 1000ms ISI; 2. average distance during both ISIs may fit 

significant negative linear trajectories in which performance progressively worsened with 

time on task, and then slightly (but not significantly) leveled off towards the last two 

verbal task blocks (i.e., blocks 5 and 6). 

5.2.3 TRACKING MEASURE DURING VERBAL TASK 

The Quadratic model provided a significantly better fit of the data compared to 

the other models (Table Z.1), χ2(3) = 8.40, p = <.04. Inspection of the model coefficients 

(Table Z.2) and visual inspection of the graph (Figure 5.5) show that: 1. average distance 

may be slightly (but not significantly) worst overall during the 1000ms ISI in both verbal 



 

67 

task segments, and marginally significantly worst overall in the Respond segment, 

especially at the transition between blocks 5 and 6 (i.e., verbal onset prompts #10 and 

11); 2. average distance during both ISIs may fit significant negative quartic trajectories 

in which distance slightly decreased (i.e., worsened) during the first few verbal task 

onsets and then slightly increased (i.e., improved) towards the middle onsets, and then 

slightly decreased and increased again towards the end of the verbal task onsets.   

5.2.4 QUESTIONNAIRE RESPONSES 

We analyzed select survey responses with repeated measures ANOVAs using the 

anova_test function from the rstatix (version 0.7.0) library in R (R Core Team, 2012). For 

SSSQ Subjective State Responses, we found a significant effect of order, F(3.09, 182.57) 

= 195.81, p < 0.001, with visual inspection of the boxplot (Figure 5.6) showing highest 

levels of distress in the Baseline session. For NASTA-TLX workload Responses, we 

found a significant effect of order, F(1, 59) = 184.08, p < 0.001, with visual inspection of 

the boxplot (Figure 5.7) showing highest levels of workload reported in the Multi-Task 

session.  

5.2.5 VERBAL MEMORY TEST 

We analyzed responses for the fill-in-the-blank verbal memory test by simply 

calculating the mean score across all participants. Of the 24 verbal prompts (i.e., 12 

prompts for block 5, 12 prompts for block 6), participants correctly answered 7.125 

questions on average.  

5.3 DISCUSSION 

There were five critical hypotheses for E3, and each applied to the measures in 

the Multi-Task session: the first critical hypothesis (H1) was that performance would be 

worst across CPT-related measures than in the Single-Task session; the second critical 
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hypothesis (H2) was that performance would be worst across all measures during the 

faster compared to the slower ISIs; the third critical hypothesis (H3) was that GCAs 

would reveal quadratic performance trajectories for the measures associated with the 

primary inhibition (i.e., CRs and commissions) and secondary responding (i.e., target hits 

and RT) CPT tasks; the fourth critical hypothesis (H4) was that GCAs would reveal 

linear performance trajectories for the average tracking distance measure; and the fifth 

critical hypothesis (H5) was that average distance would be worst overall when 

participants responded compared to when they listened to verbal prompts.  

Overall, the results from the GCAs revealed that performance was worst in the 

Multi-Task session for most CPT measures, with target hits, omissions, and sensitivity 

data having worst performance during the 1000ms ISI, and commissions, RT, and CRs 

data having worst performance during the 4000ms ISI. GCAs for the response bias data 

revealed that participants were significantly more conservative in their responses during 

the 1000ms ISI. GCAs for the average distance data revealed that performance was 

significantly worst overall during the 1000ms ISI, and marginally significantly worst 

during the Respond segments in the late verbal task blocks (i.e., blocks 5 and 6). Finally, 

self-report questionnaire data from the SSSQ suggests that participants perceived similar 

(but not significantly different) subjective states of stress across the sessions (i.e., 

Baseline, Single-Task, Multi-Task), while data from the NASA-TLX suggests that 

participants perceived the Multi-Task session as more demanding than the Single-Task 

session. Therefore, these results provide full support for H1 and H5, and partial support 

for H2. 
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As in the previous experiments, GCAs revealed a variation in performance 

trajectories across most measures in the Multi-Task session. For example, target hits, 

omissions, and sensitivity were characterized by large 'check mark'-shaped quadratic 

trajectories with long linear tails during the 1000ms ISI in which performance initially 

improved during the early blocks, then sharply degraded towards the end blocks, and by 

small curved trajectories during the 4000ms ISI in which performance slightly improved 

during the early blocks, then degraded towards the end blocks; CRs, commissions, and 

sensitivity data were also characterized by ‘check mark’-shaped trajectories, however 

they were more parabolic in that performance during both ISIs sharply improved during 

the early blocks, then sharply degraded towards the later blocks; RT data was 

characterized by a large ‘check mark’-shaped quadratic trajectory with a long linear tail 

during the 1000ms ISI in which performance slowly improved in the blocks and then 

early sharply improved towards the later blocks, and a small curved trajectory during the 

4000ms ISI in which performance slightly degraded during the early blocks and then 

improved towards the end blocks (this pattern was similar to the target hits, omissions, 

and sensitivity trajectories, however performance in these trended towards performance 

degradations, while RT data trended towards performance improvements); response bias 

data during both ISIs became more conservative towards the later blocks, however, the 

data was characterized by a large sharp positive linear trajectory during the 1000ms ISI, 

with a small curved quadratic trajectory during the 4000ms ISI; average distance data 

during both ISIs were characterized by positive linear trajectories in which performance 

decreased with time on task; Finally, during the verbal task blocks, average distance data 

was characterized by quartic trajectories in which performance fluctuated across verbal 
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task onsets in that they initially degraded during the early onsets of block 5, and then 

improved towards the end of block 5, then degraded during the early onsets of block 6 

and improved towards the end of block 6. Therefore, these results provide full support for 

H3 and H4. 

There were several interesting findings in E3. First, and perhaps most importantly, 

there was a clear and significant effect of the verbal task across most measures, especially 

during the 1000ms ISI. Specifically, target hits and inhibition task measures (i.e., 

commissions and CRs) degraded towards the last two verbal task blocks, while the RT 

improved, and response bias became more conservative. This falls in line with the 

resource depletion account of vigilance performance (Helton & Warm, 2008; Matthews 

et al., 1993), and suggests that response strategy can at least be partly attributed to shifts 

in resource availability that occur when cognitive load increases (i.e., Fox et al., 2007; 

Helton et al., 2009). However, the overall average distance measure appeared to show no 

significant effect of the verbal task, as performance progressively worsened with time on 

task in a similar linear fashion as it did in E2. This suggests that response strategy also 

shifted across tasks, such that the most highly automatized task (i.e., tracking) got the 

highest priority (and was thus less affected by the verbal task), while the least relevant 

task (i.e., secondary responding) got the lowest priority (and was thus most affected by 

the verbal task). This is particularly interesting since average distance during the last two 

blocks was characterized by quartic trajectories across the verbal task onsets. While this 

fluctuation in performance falls in line with the results from Rann & Almor (2022), 

which demonstrated dynamic changes in performance as drivers engaged in different 

aspects of conversation (e.g., listening, planning, speaking), these results differ in that 
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there were no significant differences in performance between conversation segments. 

This was perhaps due to the lack of power from our design, since there were only 12 

prompts presented per block, and these were disproportionately divided between the ISIs 

(i.e., 4 prompts total for the 1000ms ISI, 8 prompts total for the 4000ms ISI). However, 

this could also be due to general difficulty of participants to both listen and respond while 

also simultaneously performing the CPT and tracking tasks.  

The additional practice time allotted to participants for each of the E3 tasks may 

have helped to make these effects more discernable. This is especially the case for most 

of the CPT data in the Single-Task session which were characterized by interacting linear 

trajectories in which performance steadily improved during the 1000ms ISI and steadily 

worsened during the 4000ms ISI. In line with E2, this finding suggests that measures 

from highly practiced tasks are characterized by linear trajectory vigilance decrements, 

while tasks that require high levels of control are more prone to quadratic trajectories in 

which task attenuation and learning occur in the early blocks which give way to vigilance 

decrements towards the later blocks.  

Together with the results from E1 and E2, these findings provide key insights for 

how resources are allocated during the course of sustained multitasking, and show that 

task automaticity and relevancy are significant factors involved with workload mitigation 

strategies (Fisk & Schneider, 1981; Koch et al., 2018; Monsell, 2003; Schumacher et al., 

2001; Tsang & Chan, 2018; Wickens, 2008).  
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Figure 5.1: Growth curve analysis of objective CPT measures averaged per Block per ISI 

in E3 – (a) Target Hit Rate, (b) Omissions, (c) Commissions, (d) CRs, (e) Sensitivity, and 

(f) Response Bias.  
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Figure 5.2: Growth curve analysis of Reaction Time (RT) averaged per Block per ISI in 

E3.  
 
 

       
Figure 5.3: Growth curve analyses of SDT measures averaged per Block per ISI in E3 – 

(a) Sensitivity and (b) Response Bias.  
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Figure 5.4: Growth curve analysis of Tracking Distance averaged per Block per ISI in E3. 

 
 

 

Figure 5.5: Growth curve analysis of Tracking Distance averaged during each verbal 

stimuli onset per ISI in E3. 

  



 

75 

 
Figure 5.6: Boxplots for SSSQ questionnaire responses in E3 – Task Engagement (TE), 

Distress (D), and Worry (W). Note: The top and bottom lines of the box represent the 

upper and lower quartiles of the data, respectively; the darker colored line represents the 

median value of the data; and the vertical lines attached to the boxes represent the range 

of the scores, while the colored dot represents the outlier for the maximum and minimum 

scores. 

 

 
Figure 5.7: Boxplots for NASA-TLX questionnaire responses in E3. Note: The top and 

bottom lines of the box represent the upper and lower quartiles of the data, respectively; 

the darker colored line represents the median value of the data; and the vertical lines 

attached to the boxes represent the range of the scores. 
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CHAPTER 6 

GENERAL DISCUSSION 

In this dissertation, we conducted three experiments which implemented a novel 

paradigm we developed that measured performance during two sessions: a Single-Task 

session in which participants performed a go-no-go target detection task in the absence of 

any other task for approximately 12 minutes; and a Multi-Task session in which 

participants performed the detection task simultaneously with a driving-based tracking 

task for the same duration. 

Our general predictions for this study were that performance would be worst in 

the more demanding Multi-Task session, and during faster rather than slower ISIs. While 

these are more so related to multitasking performance, and not to vigilance per se, we 

made these predictions to validate whether our paradigm effectively modulated task 

demand between sessions and ISI conditions, which therefore allowed us to examine the 

role of task demand in modulating vigilance performance (i.e., Luna et al., 2022). That 

said, we based these predictions on the resource depletion account of vigilance 

performance, which attributes vigilance decrements to the depletion of available 

attentional resources during demanding multitasking scenarios (Caggiano & 

Parasuraman, 2004; Helton & Russell, 2011; Helton & Warm, 2008; Warm et al., 2008; 

Wickens, 2008).  

Across three experiments, we found that performance was indeed worst overall 

for most measures, and varied depending on ISI within- and between-sessions.  
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Specifically, in E1, target hits and tracking performance was worst during the 1000ms ISI, 

RT was worst in the 4000ms ISI, and there was no difference between the 1000ms and 

4000ms ISIs for omissions, commissions, CRs, and sensitivity. In E2, similar general 

patterns in performance occurred, except that omissions were also worst during the 1000ms 

ISI; and in E3, performance was notably worst in the 1000ms ISI for most measures, and 

worst in the 4000ms ISI for commissions, CRs, and RTs. These results, as well as the 

questionnaire data taken before and after each session across experiments, partially supported 

both predictions. Importantly, these results also demonstrate that operator arousal and 

alertness levels (manipulated via alternating ISIs) may significantly affect their ability to 

sustain attention on relevant tasks (Silverstein et al., 2004), and that these changes may be 

mediated by certain task-specific factors (Wickens, 2002), such as the levels of control and 

automaticity required to perform both tasks (Fisk & Schneider, 1981). 

We examined this more directly with our specific predictions for each experiment. 

Our prediction for E1 was that GCAs would reveal non-linear performance trajectories across 

all measures in the Multi-Task session. We based this on the findings from studies that 

suggest that performance can rapidly change as operators learn how to perform their tasks 

most optimally (Basner et al., 2018; Brown, 2008; Fisk & Schneider, 1981; Parasuraman & 

Giambra, 1991), especially for more difficult tasks that require higher levels of executive 

control, and that these changes can also affect the occurrence of vigilance decrements during 

the early stages of task performance (Fisk & Scneider, 1981; Gartenberg et al., 2018; Smith 

et al., 2023; Thomson et al., 2015). Results partially supported this prediction in that: linear 

trajectories in which performance progressively improved across the session characterized 

target hits and omissions, and trajectories in which performance progressively worsened 
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across the session characterized RTs and average tracking distance (during the 1000ms ISI); 

while quadratic trajectories in which performance initially improved and then worsened 

towards the end of the session characterized commissions, CRs, sensitivity, and average 

distance (during the 2000ms and 4000ms ISIs). These results demonstrate that operators are 

indeed susceptible to learning and practice effects during the early stages of task 

performance, and that these changes may be influenced by the level of control and 

automaticity involved with performing their tasks (Findley et al., 1999; Fisk & Schneider, 

1981; Lara et al., 2014). Most notably, the quadratic performance trajectories revealed by the 

GCAs may be associated with tasks involving higher levels of executive control, while the 

linear trajectories may be associated with tasks involving higher levels of automaticity.  

Along these same lines, our predictions for E2 were that GCAs would reveal 

quadratic performance trajectories for commissions and CR measures, since these are 

associated with the primary inhibition CPT task and may thus require higher level of 

executive control for its execution; and linear performance trajectories for target hits, RTs, 

and average distance measures, since these are associated with the secondary responding 

CPT and tracking tasks, and may thus involve higher levels of automization for their 

execution. Results fully supported these predictions with the exception of target hits, which 

was characterized by quadratic trajectories. These results confirm the E1 predictions that 

both task demand and learning processes may influence performance across measures, and 

demonstrate that operators may invoke workload mitigation strategies in which they allocate 

attentional resources towards performing the more demanding tasks during sustained 

multitasking scenarios (Epling et al., 2016; Finomore et al., 2009; Kurzban et al., 2013; 

Wickens, 2008). 
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Finally, based on the results of E2, our predictions for E3 were that GCAs would 

reveal quadratic performance trajectories for the primary inhibition (i.e., CRs and 

commissions) and secondary responding (i.e., target hits and RT) CPT measures, and linear 

performance trajectories for the average distance measure; we also predicted that average 

distance would be worst overall when participants responded compared to when they listened 

to verbal prompts. We based this on the findings from Rann & Almor (2022), Lee et al. 

(2017), and others which suggest that producing speech is more demanding than listening to 

speech. Results fully supported these predictions. These results confirm the E2 prediction 

that operators may selectively attend to higher priority tasks during demanding sustained 

multitasking scenarios (Kurzban et al., 2013), and that the level of control involved with 

performing the tasks can influence which tasks operators prioritize. 

6.1 THEORETICAL IMPLICATIONS 

These results provide useful insights regarding the vigilance theories discussed in this 

dissertation. For example, as mentioned earlier in the introduction, the two most prominent 

theories of vigilance decrements are the resource depletion account (Helton & Warm, 2008), 

which suggests that vigilance tasks are stressful and demanding, and that operators’ 

attentional resources are progressively depleted over the course of task performance; and the 

cognitive underload account (Scerbo et al., 1992), which suggests that vigilance tasks are 

monotonous and boring, and that operators mindlessly disengage from performing tasks over 

the course of task performance. Of the two theories, we propose that the resource depletion 

account is best supported by the results from our study. Specifically, the performance 

trajectories that characterized the CPT data in the Multi-Task session, as well as the 

subjective measures reported in the questionnaires, suggests that simultaneously performing 
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the sustained attention tasks is highly demanding in comparison to performing the CPT by 

itself in the Single-Task session.  

That said, cognitive underload could be a factor if either task is performed by itself, 

as the CPT is in the Single-Task session. However, the CPT requires higher levels of control 

for the primary inhibition task, so perhaps cognitive underload would best apply to the highly 

automatized (and potentially monotonous) tracking task if it was performed by itself in the 

Single-Task session instead of the CPT (we discuss these points in more detail in the next 

section). Relatedly, the higher demands reported in the Multi-Task session can also provide 

support for the mind-wandering account (Smallwood & Schooler, 2006), which suggests that 

during monotonous scenarios operators progressively shift their attention away from the 

primary task and towards demanding task-unrelated thoughts; as well as the resource-control 

account (Thomson et al., 2015), which suggests that the operators’ ability to sustain task 

goals and prevent mind-wandering from consuming available resources progressively 

diminishes over the course of task performance.  

We can only speculate on the relevancy of these theories since we did not assess for 

mind-wandering in this study (discussed in more detail in the next section). However, the 

results across studies, and especially in E3, provide the most convincing support for the 

opportunity-cost account (Kurzban et al., 2013), which suggests that operators strategically 

allocate their cognitive effort based on the reward and/or motivation involved with 

performing sustained attention tasks. This is supported by the differing performance 

trajectories that characterized the measures of the CPT and tracking tasks in each experiment, 

and especially during the verbal task blocks in E3. Specifically, steady performance declines 

occurred in E3 during both ISIs for the tracking task, while sharp performance declines 
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occurred during the 1000ms ISI in the verbal task blocks for the CPT. This clearly 

demonstrates that the verbal task interfered only with the CPT (which is also predicted by the 

resource depletion account), and that participants strategically allocated resources towards 

performing the tracking and verbal tasks instead of the demanding CPT. 

These results also provide useful insights regarding the validity of the measures 

assessed in our paradigm. First, differentiating measures according to what aspect of the CPT 

they are most associated helps to better assess the attentional mechanisms underlying CPT 

performance (Ord et al., 2021; Riccio et al., 2002; Roebuck et al., 2016). We suggest that the 

CPT used in this study consisted of three sub-tasks: the primary inhibition task, in which CRs 

were associated with target detection accuracy and inhibition ability, and commissions were 

associated with impulsivity and/or the inability to inhibit pre-potent motor responding; the 

secondary responding task, in which target hits were associated with target detection 

accuracy and RT was associated with the processing speed involved with pre-potent motor 

response; and an arousal manipulation, in which performance across all measures were 

potentially affected when target presentation rates changed throughout the sessions (Conners 

et al., 2003; Huang-Pollock et al., 2012; MacLean et al., 2009). Of note, the arousal 

manipulation only applies to CPTs which alternate difficulty within-task, like the CCPT 

(Conners, 2014), and not traditional SART-like paradigms. Furthermore, given the sub-tasks 

that we outlined for SART-like paradigms, we suggest that the vigilance components 

dissociated by Luna et al. (2018) should be re-examined to best account for the many 

different aspects involved with performing vigilance tasks.  

Second, while analysis of the SDT sensitivity measure (i.e., d’) may not be the most 

reliable means of assessing sustained attention performance on SART-like tasks (Huang-
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Polluck et al., 2020; Sarter et al., 2001; Thomson et al., 2016), the response bias measure 

(i.e., β) appears to be a useful indicator of performance, particularly since it is highly 

associated with other relevant measures of performance (e.g., RTs, hits, and commissions), 

and can indicate how and when operators employ response strategies during demanding 

sustained multitasking scenarios (Bedi et al., 2023; Helton et al., 2009; Rubinstein, 2020). 

For example, response bias was overall liberal and showed little change across sessions for 

E1 and E2. However, response bias for E3 sharply shifted towards a more conservative 

criterion during the 1000ms ISI when participants performed the verbal task simultaneously 

with the other tasks. Interestingly, this change did not affect the average distance tracking 

measure. Therefore, these results further support our findings suggesting that operators may 

engage in mitigation strategies in which they weigh the opportunity and costs associated with 

performing certain tasks (Gutzwiller & Sitzman, 2017; Kurzban et al., 2013), and that that 

this choice is highly influenced by task relevance as well as the executive control required to 

perform the task (Finomore et al., 2009; Henderson, 2017; Henderson et al., 2009; Thomson 

et al., 2016). 

Lastly, combining tracking tasks with CPTs may indeed provide a more ecological 

method for examining multitasking performance since it mimics several different real-world 

tasks. For example, the combination of SART-like CPTs and tracking tasks may be 

comparable to military occupations which require gunners to rapidly fire at enemy targets 

while avoiding friendly fire incidents (Munnik et al., 2020; Wilson, 2015). Therefore, the 

results from these combined paradigms may help with the development of new strategies to 

lower the number of accidents that occur during critical military missions (Abich IV et al., 
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2017; Chérif et al., 2018; Nicolae et al., 2016; Shappell & Wiegmann, 2004; Thomas & 

Russo, 2007).  

6.2 LIMITATIONS AND FUTURE RESEARCH 

This study has several limitations that should be addressed before considering the 

future directions of this work. First, unlike other studies that implemented similar paradigms 

(e.g., Buckley et al., 2013), our paradigm utilized fixed-order sessions, and did not include a 

tracking-only session. We did this because we wanted to give participants more time to 

practice the CPT (compared to the tracking task) so as to elucidate the changes in 

performance that occur during the more demanding Multi-Task session. While the results 

from our study support both assumptions, not including a tracking-only session eliminated 

our ability to compare sessions within our paradigm, and to generalize results to other 

tracking-related studies in the literature. Although using these fixed order sessions was 

necessary for the purposes of this study, it may be useful for future studies to compare 

vigilance decrements in single and multiple task contexts by manipulating the order of single 

and multiple task blocks.  

Second, although we administered subjective state questionnaires before and after 

sessions throughout our study (Hart & Staveland, 1988; Helton, 2004), these questionnaires 

were not as informative as originally anticipated. In line with other related vigilance studies 

(Körber et al. 2015; Mooneyham & Schooler, 2013; Seli et al., 2016; Smallwood et al., 2004; 

Thomson et al., 2015; Weinstein, 2018; Yanko & Spalek, 2014), it may be worthwhile to also 

assess whether and to what extent operators engage in mind-wandering activities during 

demanding multitasking scenarios. This could provide useful insight for assessing more 

recent theories for vigilance decrements not directly examined in this study, such as the 

resource-control account (Thomson et al., 2015). That said, it may also be interesting to 
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collect continuous subjective measures of workload and stress, such as heart rates, eye 

movement activity, and EEG (Hancock, 1989; Mehrabi & Kim, 2022), to further examine the 

role of cognitive load on sustained multitasking performance. 

Finally, while the duration of sustained attention tasks can range from several minutes 

to hours (Arrabito et al., 2007), our paradigm specifically measured performance within a 

small time window (approximately 12-minutes). This was not a limitation per se, since our 

interest was on the performance changes that occur during relatively short periods (Conners 

et al., 2003; Loh et al., 2004; Roach et al., 2006); that said, extending the duration of our 

paradigm would be a useful contribution to the literature since this relates more to the 

scenarios operators typically encounter in the real-world (Canisius & Penzel, 2007; Mackie, 

1987; Mackworth, 1968; Popp et al., 2015).  

6.3 CONCLUSION 

In this dissertation, we examined the time-course of vigilance decrements that occur 

when operators perform demanding multitasking activities. Our findings suggest that 

cognitive overload and opportunity costs play significant roles in vigilance performance, and 

that dissociating the underlying mechanisms involved in task performance can help better 

interpret measures from common CPTs used in sustained attention research. In addition to 

contributing to the theoretical understanding of attention and multitasking performance, the 

insights gained from our study can inform the development of strategies and interventions to 

mitigate vigilance decrements and improve performance in demanding work environments.  
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APPENDIX A: GROWTH CURVE MODELS 
 

Table A.1. Growth Curve Models for Fitting CPT, SDT, Tracking measures for 

Participant i at Block Time-Point j for E1 and E2. 

 

Model Equation 

 

1. Base Ƴij = β0i + β1 * Blockj + β2 * Blockj
2 + εi 

 β0i = β0 + ζ0i 

β0 = ζ1 

β1 = ζ2 

β2 = ζ3 

 

2. Intercept Ƴij = β0i + β1 * Blockj + β2 * Blockj
2 + εi 

 β0i = β0 + ζ0i 

β0 = ζ1* Session * ISI 

β1 = ζ2 

β2 = ζ3 

  

3. Linear Ƴij = β0i + β1 * Blockj + β2 * Blockj
2 + εi 

 β0i = β0 + ζ0i 

β0 = ζ1* Session * ISI 

β1 = ζ2* Session * ISI 

β2 = ζ3 

 

4. Quadratic Ƴij = β0i + β1 * Blockj + β2 * Blockj
2 + εi 

 β0i = β0 + ζ0i 

β0 = ζ1* Session * ISI 

β1 = ζ2* Session * ISI 

β2 = ζ3* Session * ISI 
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Table A.2. Growth Curve Models for Fitting CPT, SDT, Tracking measures for 

Participant i at Block Time-Point j for E3. 

 

Model Equation 

 

1. Base Ƴij = β0i + β1 * Blockj + β2 * Blockj
2 + εi 

 β0i = β0 + ζ0i 

β0 = ζ1 

β1 = ζ2 

β2 = ζ3 

β3 = ζ4 

β4 = ζ5 

 

2. Intercept Ƴij = β0i + β1 * Blockj + β2 * Blockj
2 + εi  

β0i = β0 + ζ0i 

β0 = ζ1 * Session * ISI * SegType  
β1 = ζ2 

β2 = ζ3 

β3 = ζ4 

β4 = ζ5 

  

3. Linear Ƴij = β0i + β1 * Blockj + β2 * Blockj
2 + εi  

β0i = β0 + ζ0i 

β0 = ζ1 * Session * ISI * SegType 

β1 = ζ2 * Session * ISI * SegType 

β2 = ζ3 

β3 = ζ4 

β4 = ζ5 

 

4. Quadratic Ƴij = β0i + β1 * Blockj + β2 * Blockj
2 + εi  

β0i = β0 + ζ0i 

β0 = ζ1 * Session * ISI * SegType 

β1 = ζ2 * Session * ISI * SegType 

β2 = ζ3 * Session * ISI * SegType 

β3 = ζ4 

β4 = ζ5 

 

5. Cubic Ƴij = β0i + β1 * Blockj + β2 * Blockj
2 + εi  

β0i = β0 + ζ0i 

β0 = ζ1 * Session * ISI * SegType 

β1 = ζ2 * Session * ISI * SegType 

β2 = ζ3 * Session * ISI * SegType 

β3 = ζ4 * Session * ISI * SegType 

β4 = ζ5 
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6. Quartic Ƴij = β0i + β1 * Blockj + β2 * Blockj
2 + εi  

β0i = β0 + ζ0i 

β0 = ζ1 * Session * ISI * SegType 

β1 = ζ2 * Session * ISI * SegType 

β2 = ζ3 * Session * ISI * SegType 

β3 = ζ4 * Session * ISI * SegType 

β4 = ζ5 * Session * ISI * SegType 
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APPENDIX B: E1 TARGET HIT RATE 

Table B.1 Model Comparison for Target Hit Rate in E1. 

 

 

 

  

Model nPar AIC BIC Loglik Deviance Χ2 df 

 

p 

 

 

Base 5 3767.2 3795.3 -1878.6 3757.2     

Intercept 10 3766.8 3822.9 -1873.4 3746.8 10.3823 5 6.51E-02  . 

Linear 15 3773.4 3857.5 -1871.7 3743.4 3.4269 5 0.6345  

Quadratic 20 3781.8 3894 -1870.9 3741.8 1.6092 5 0.9001  
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Table B.2 Intercept Model Coefficients for Target Hit Rate in E1. 

 

Fixed Effects Estimate Std. Error df t value p 

 

 

(Intercept) 11.8125 0.05262 118.55 224.47 <2e-16 *** 

time1 0.07612 0.03234 1960 2.35 0.0187 * 

time2 -0.03929 0.03234 1960 -1.22 0.2246  

sessionNameMulti-Task -0.05952 0.04574 1960 -1.30 0.1933  

ISI2000 0.03571 0.04574 1960 0.78 0.435  

ISI4000 0.05952 0.04574 1960 1.30 0.1933  

sessionNameMulti-Task:ISI2000 0.0119 0.06468 1960 0.18 0.854  

sessionNameMulti-Task:ISI4000 0.05952 0.06468 1960 0.92 0.3576  
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APPENDIX C: E1 OMISSIONS  

Table C.1 Model Comparison for Omissions in E1. 

 

Model nPar AIC BIC Loglik Deviance Χ2 df 

 

p 

 

 

Base 5 3644.5 3672.6 -1817.2 3634.5     

Intercept 10 3649.2 3705.3 -1814.6 3629.2 5.2921 5 3.81E-01   

Linear 15 3654.5 3738.6 -1812.2 3624.5 4.7275 5 0.45  

Quadratic 20 3662.2 3774.3 -1811.1 3622.2 2.3227 5 0.8029  
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Table C.2 Base Model Coefficients for Omissions in E1. 

 

Fixed Effects Estimate Std. Error df t value p 

 

 

(Intercept) 0.15774 0.04273 55.999 3.692 0.000507 *** 

time1 -0.07541 0.03145 1960 -2.398 0.01657 * 

time2 0.04189 0.03145 1960 1.332 0.182975  
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APPENDIX D: E1 COMMISSIONS 
 

Table D.1 Model Comparison for Commissions in E1. 

 

Model nPar AIC BIC Loglik Deviance Χ2 df 

 

p 

 

 

Base 5 4383.6 4411.6 -2186.8 4373.6     

Intercept 10 4337.8 4393.8 -2158.9 4317.8 55.8369 5 8.78E-11  *** 

Linear 15 4340.4 4424.6 -2155.2 4310.4 7.3042 5 0.19898  

Quadratic 20 4340.8 4453 -2150.4 4300.8 9.6733 5 0.08504  . 
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Table D.2 Quadratic Model Coefficients for Commissions in E1. 

 

Fixed Effects Estimate Std. Error df t value p 

 

 

(Intercept) 6.79E-01 7.06E-02 9.36E+01 9.612 1.28E-15 *** 

time1 -1.02E-01 9.03E-02 1.96E+03 -1.134 0.25686  

sessionNameMulti-Task 1.67E-01 5.22E-02 1.96E+03 3.196 0.00142 ** 

ISI2000 -5.95E-03 5.22E-02 1.96E+03 -0.114 0.90914  

ISI4000 -9.52E-02 5.22E-02 1.96E+03 -1.826 0.06797 . 

time2 1.23E-01 9.03E-02 1.96E+03 1.359 0.17434  

time1:sessionNameMulti-Task -9.39E-02 1.28E-01 1.96E+03 -0.735 0.46234  

time1:ISI2000 1.37E-01 1.28E-01 1.96E+03 1.069 0.28506  

time1:ISI4000 1.96E-01 1.28E-01 1.96E+03 1.537 0.12442  

sessionNameMulti-Task:ISI2000 3.87E-02 7.38E-02 1.96E+03 0.525 0.59993  

sessionNameMulti-Task:ISI4000 1.16E-01 7.38E-02 1.96E+03 1.574 0.1157  

sessionNameMulti-Task:time2 2.53E-02 1.28E-01 1.96E+03 0.198 0.84285  

ISI2000:time2 -6.62E-02 1.28E-01 1.96E+03 -0.519 0.60412  

ISI4000:time2 -1.48E-01 1.28E-01 1.96E+03 -1.159 0.24653  

time1:sessionNameMulti-Task:ISI2000 7.47E-02 1.81E-01 1.96E+03 0.413 0.67929  

time1:sessionNameMulti-Task:ISI4000 -1.13E-01 1.81E-01 1.96E+03 -0.626 0.53129  

sessionNameMulti-Task:ISI2000:time2 -1.13E-01 1.81E-01 1.96E+03 -0.626 0.5317  

sessionNameMulti-Task:ISI4000:time2 3.04E-01 1.81E-01 1.96E+03 1.682 0.09264 . 
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APPENDIX E: E1 CORRECT REJECTIONS 
 

Table E.1 Model Comparison for Correct Rejections in E1. 

 

Model nPar AIC BIC Loglik Deviance Χ2 df 

 

p 

 

 

Base 5 4395.5 4423.5 -2192.8 4385.5     

Intercept 10 4348.7 4404.8 -2164.4 4328.7 56.7467 5 5.70E-11  *** 

Linear 15 4351.1 4435.2 -2160.5 4321.1 7.6733 5 0.17518  

Quadratic 20 4350.7 4462.8 -2155.3 4310.7 10.4181 5 0.06422  . 
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Table E.2 Quadratic Model Coefficients for Correct Rejections in E1. 

 

Fixed Effects Estimate Std. Error df t value p 

 

 

(Intercept) 2.32E+00 7.10E-02 9.33E+01 32.667 2.00E-16 *** 

time1  1.09E-01 9.05E-02 1.96E+03 1.202 0.22942  

sessionNameMulti-Task -1.67E-01 5.23E-02 1.96E+03 -3.188 0.00145 ** 

ISI2000 5.95E-03 5.23E-02 1.96E+03 0.114 0.90935  

ISI4000 9.82E-02 5.23E-02 1.96E+03 1.879 0.06041 . 

time2 -1.21E-01 9.05E-02 1.96E+03 -1.334 0.1823  

time1:sessionNameMulti-Task 9.82E-02 1.28E-01 1.96E+03 0.767 0.44332  

time1:ISI2000 -1.37E-01 1.28E-01 1.96E+03 -1.067 0.28619  

time1:ISI4000 -2.03E-01 1.28E-01 1.96E+03 -1.584 0.11346  

sessionNameMulti-Task:ISI2000 -3.87E-02 7.39E-02 1.96E+03 -0.523 0.60078  

sessionNameMulti-Task:ISI4000 -1.22E-01 7.39E-02 1.96E+03 -1.651 0.09898 . 

sessionNameMulti-Task:Time2 -3.70E-02 1.28E-01 1.96E+03 -0.289 0.77253  

ISI2000:time2 6.62E-02 1.28E-01 1.96E+03 0.517 0.60497  

ISI4000:time2 1.46E-01 1.28E-01 1.96E+03 1.141 0.25391  

time1:sessionNameMulti-Task:ISI2000 -8.32E-02 1.81E-01 1.96E+03 -0.46 0.6458  

time1:sessionNameMulti-Task:ISI4000 1.13E-01 1.81E-01 1.96E+03 0.625 0.53225  

sessionNameMulti-Task:ISI2000:time2 1.31E-01 1.81E-01 1.96E+03 0.721 0.47106  

sessionNameMulti-Task:ISI4000:time2 -3.00E-01 1.81E-01 1.96E+03 -1.657 0.09768 . 
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APPENDIX F: E1 REACTION TIME 
 

Table F.1 Model Comparison for Reaction Time in E1. 

 

Model nPar AIC BIC Loglik Deviance Χ2 df 

 

p 

 

 

Base 5 -2365.6 -2337.5 1187.8 -2375.6     

Intercept 10 -3374.5 -3318.5 1697.3 -3394.5 1018.97 5 < 2e-16 *** 

Linear 15 -3376.2 -3292 1703.1 -3406.2 11.6346 5 0.0402 * 

Quadratic 20 -3372.8 -3260.6 1706.4 -3412.8 6.6411 5 0.2487  
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Table F.2 Linear Model Coefficients for Reaction Time in E1. 

 

Fixed Effects Estimate Std. Error df t value p 

 

 

(Intercept) 5.90E+00 1.75E-02 6.60E+01 338.031 <2e-16 *** 

time1 1.16E-02 1.31E-02 1.96E+03 0.885 3.76E-01  

sessionNameMulti-Task 1.15E-01 7.58E-03 1.96E+03 15.158 <2e-16 *** 

ISI2000 6.32E-02 7.58E-03 1.96E+03 8.333 <2e-16 *** 

ISI4000 1.21E-01 7.58E-03 1.96E+03 15.932 <2e-16 *** 

time2 -1.36E-02 5.36E-03 1.96E+03 -2.533 1.14E-02 * 

time1:sessionNameMulti-Task 1.92E-02 1.86E-02 1.96E+03 1.033 0.3015  

time1:ISI2000 9.25E-03 1.86E-02 1.96E+03 0.498 0.6185  

time1:ISI4000 3.71E-02 1.86E-02 1.96E+03 1.999 0.0457 * 

sessionNameMulti-Task:ISI2000 2.21E-02 1.07E-02 1.96E+03 2.058 0.0397 * 

sessionNameMulti-Task:ISI4000 5.20E-03 1.07E-02 1.96E+03 0.485 0.6275  

time1:sessionNameMulti-Task:ISI2000 2.67E-03 2.63E-02 1.96E+03 0.101 0.9192  

time1:sessionNameMulti-Task:ISI4000 -9.56E-04 2.63E-02 1.96E+03 -0.036 0.971  
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APPENDIX G: E1 SENSITIVITY 
 

Table G.1 Model Comparison for Sensitivity in E1. 

 

Model  AIC BIC Loglik Deviance Χ2 df 

 

p 

 

 

Base 5 3634.3 3662.3 -1812.1 3624.3     

Intercept 10 3582.1 3638.2 -1781.1 3562.1 62.1324 5 4.40E-12  *** 

Linear 15 3586.7 3670.9 -1778.4 3556.7 5.4105 5 0.36786  

Quadratic 20 3585.1 3697.2 -1772.5 3545.1 11.6753 5 0.03952  * 
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Table G.2 Quadratic Model Coefficients for Sensitivity in E1. 

 

Fixed Effects Estimate Std. Error df t value p 

 

 

(Intercept) 2.30405 0.05972 91.39759 38.583 2.00E-16 *** 

time1 0.12162 0.07483 1960 1.625 0.10428  

sessionNameMulti-Task -0.15443 0.04321 1960 -3.574 0.00036 *** 

ISI2000 0.02291 0.04321 1960 0.53 0.59602  

ISI4000 0.09538 0.04321 1960 2.208 0.02739 * 

time2 -0.12735 0.07483 1960 -1.702 0.08897 . 

time1:sessionNameMulti-Task 0.04608 0.10583 1960 0.435 0.6633  

time1:ISI2000 -0.10078 0.10583 1960 -0.952 0.34106  

time1:ISI4000 -0.15912 0.10583 1960 -1.504 0.13287  

sessionNameMulti-Task:ISI2000 -0.03157 0.0611 1960 -0.517 0.6054  

sessionNameMulti-Task:ISI4000 -0.07442 0.0611 1960 -1.218 0.22339  

sessionNameMulti-Task:time2 -0.01859 0.10583 1960 -0.176 0.86057  

ISI2000:time2 0.07111 0.10583 1960 0.672 0.50172  

ISI4000:time2 0.15675 0.10583 1960 1.481 0.13873  

time1:sessionNameMulti-Task:ISI2000 -0.07093 0.14967 1960 -0.474 0.63562  

time1:sessionNameMulti-Task:ISI4000 0.06007 0.14967 1960 0.401 0.68819  

sessionNameMulti-Task:ISI2000:time2 0.11334 0.14967 1960 0.757 0.44898  

sessionNameMulti-Task:ISI4000:time2 -0.27168 0.14967 1960 -1.815 0.06965 . 
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APPENDIX H: E1 RESPONSE BIAS 
 

Table H.1 Model Comparison for Response Bias in E1. 

 

Model nPar AIC BIC Loglik Deviance Χ2 df 

 

p 

 

 

Base 5 -1410.5 -1382.5 710.26 -1420.5     

Intercept 10 -1411.6 -1355.5 715.82 -1431.6 11.1237 5 4.90E-02 * 

Linear 15 -1403.8 -1319.7 716.9 -1433.8 2.1669 5 0.8256  

Quadratic 20 -1396.5 -1284.3 718.23 -1436.5 2.6558 5 0.75287  
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Table H.2 Intercept Model Coefficients for Response Bias in E1. 

 

Fixed Effects Estimate Std. Error df t value p 

 

 

(Intercept) -4.80E-01 1.19E-02 2.05E+02 -40.471 <2e-16 *** 

time1 8.16E-03 9.04E-03 1.96E+03 0.902 0.3672  

time2 -1.74E-03 9.04E-03 1.96E+03 -0.192 0.8479  

sessionNameMulti-Task 1.43E-02 1.28E-02 1.96E+03 1.121 0.2625  

ISI2000 -9.03E-03 1.28E-02 1.96E+03 -0.706 0.4803  

ISI4000 5.54E-03 1.28E-02 1.96E+03 0.433 0.6652  

sessionNameMulti-Task:ISI2000 -7.18E-03 1.81E-02 1.96E+03 -0.397 0.6914  

sessionNameMulti-Task:ISI4000 -4.51E-02 1.81E-02 1.96E+03 -2.492 0.0128 * 
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APPENDIX I: E1 TRACKING DISTANCE 
 

Table I.1 Model Comparison for Tracking Distance in E1. 

 

Model nPar AIC BIC Loglik Deviance Χ2 df 

 

p 

 

 

Base 5 -2278.6 -2254 1144.3 -2288.6     

Intercept 7 -2314.7 -2280.2 1164.3 -2328.7 40.0739 2 1.99E-09 *** 

Linear 9 -2317.1 -2272.9 1167.5 -2335.1 6.4473 2 0.03981 * 

Quadratic 11 -2313.3 -2259.2 1167.7 -2335.3 0.1864 2 0.91103  
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Table I.2 Linear Model Coefficients for Tracking Distance in E1. 

 

Fixed Effects Estimate Std. Error df t value p 

 

 

(Intercept) 0.294836 0.010679 66.808 27.609 < 2e-16 *** 

time1 -0.032734 0.009323 952 -3.511 0.000467 *** 

ISI2000 -0.021692 0.005383 952 -4.03 6.02E-05 *** 

ISI4000 -0.034138 0.005383 952 -6.342 3.49E-10 *** 

time2 0.015569 0.005383 952 2.892 0.003909 ** 

time1:ISI2000 0.031073 0.013185 952 2.357 0.018637 * 

time1:ISI4000 0.026458 0.013185 952 2.007 0.045062 * 
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APPENDIX J: E2 TARGET HIT RATE 
 

Table J.1 Model Comparison for Target Hit Rate in E2. 

 

Model nPar AIC BIC Loglik Deviance Χ2 df 

 

p 

 

 

Base 5 2645.9 2672.2 -1317.9 2635.9     

Intercept 8 2626.5 2668.7 -1305.2 2610.5 25.4082 3 1.27E-05 *** 

Linear 11 2629.2 2687.2 -1303.6 2607.2 3.3253 3 0.3441  

Quadratic 14 2630.7 2704.5 -1301.3 2602.7 4.4461 3 0.2171  
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Table J.2 Intercept Model Coefficients for Target Hit Rate in E2. 

 

Fixed Effects Estimate Std. Error df t value p 

 

 

(Intercept) 1.59E+01 4.91E-02 1.16E+02 323.89 < 2e-16 *** 

time1 1.64E-02 3.71E-02 1.38E+03 0.443 0.6576  

time2 -8.64E-02 3.71E-02 1.38E+03 -2.33 0.0199 * 

sessionNameMulti-Task -1.86E-01 4.28E-02 1.38E+03 -4.348 1.48E-05 *** 

ISI4000 2.78E-03 4.28E-02 1.38E+03 0.065 0.9483  

sessionNameMulti-Task:ISI4000 1.31E-01 6.05E-02 1.38E+03 2.157 0.0312 * 
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APPENDIX K: E2 OMISSIONS 

Table K.1 Model Comparison for Omissions in E2. 

 

Model nPar AIC BIC Loglik Deviance Χ2 df 

 

p 

 

 

Base 5 2479.6 2506 -1234.8 2469.6     

Intercept 8 2467.1 2509.3 -1225.6 2451.1 18.47 3 0.0003517 *** 

Linear 11 2470.4 2528.4 -1224.2 2448.4 2.763 3 0.429586  

Quadratic 14 2471 2544.8 -1221.5 2443 5.388 3 0.1454808  
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Table K.2 Base Model Coefficients for Omissions in E2. 

 

Fixed Effects Estimate Std. Error df 

 

t value p 

 

 

(Intercept) 7.50E-02 4.49E-02 1.24E+02 1.669 0.097615 . 

time1 -3.19E-02 3.52E-02 1.38E+03 -0.907 0.364695  

time2 9.00E-02 3.52E-02 1.38E+03 2.561 0.010547 * 

sessionNameMulti-Task 1.56E-01 4.06E-02 1.38E+03 3.833 0.000133 *** 

ISI4000 8.33E-03 4.06E-02 1.38E+03 0.205 0.837357  

sessionNameMulti-Task:ISI4000 -1.11E-01 5.74E-02 1.38E+03 -1.936 0.053106 . 
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APPENDIX L: E2 COMMISSIONS 
 

Table L.1 Model Comparison for Commissions in E2. 

 

Model nPar AIC BIC Loglik Deviance Χ2 df 

 

p 

 

 

Base 5 3362.2 3388.6 -1676.1 3352.2     

Intercept 8 3357.1 3399.3 -1670.5 3341.1 11.1337 3 1.10E-02 * 

Linear 11 3362.5 3420.5 -1670.2 3340.5 0.5998 3 0.89648  

Quadratic 14 3366.4 3440.2 -1669.2 3338.4 2.1368 3 0.54451  
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Table L.2 Quadratic Model Coefficients for Commissions in E2 

 

Fixed Effects Estimate Std. Error df t value p 

 

 

(Intercept) 6.89E-01 6.94E-02 1.02E+02 9.933 < 2e-16 *** 

time1 -2.01E-01 4.75E-02 1.38E+03 -4.224 2.56E-05 *** 

time2 1.47E-01 4.75E-02 1.38E+03 3.09 0.00204 ** 

sessionNameMulti-Task 3.06E-02 5.49E-02 1.38E+03 0.557 0.57769  

ISI4000 -9.72E-02 5.49E-02 1.38E+03 -1.772 0.07663 . 

sessionNameMulti-Task:ISI4000 1.47E-01 7.76E-02 1.38E+03 1.897 0.058 . 
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APPENDIX M: E2 CORRECT REJECTIONS 
 

Table M.1 Model Comparison for Correct Rejections in E2. 

 

Model nPar AIC BIC Loglik Deviance Χ2 df 

 

p 

 

 

Base 5 3376.1 3402.5 -1683 3366.1     

Intercept 8 3370.4 3412.6 -1677.2 3354.4 11.7122 3 8.44E-03 ** 

Linear 11 3375.8 3433.8 -1676.9 3353.8 0.614 3 0.893217  

Quadratic 14 3379.7 3453.5 -1675.8 3351.7 2.0767 3 0.556641  
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Table M.2 Quadratic Model Coefficients for Correct Rejections in E2. 

 

Fixed Effects Estimate Std. Error df 

 

t value p 

 

 

(Intercept) 3.31E+00 7.02E-02 1.01E+02 47.16 < 2e-16 *** 

time1 1.94E-01 4.77E-02 1.38E+03 4.07 4.96E-05 *** 

time2 -1.52E-01 4.77E-02 1.38E+03 -3.182 0.00149 ** 

sessionNameMulti-Task -3.33E-02 5.51E-02 1.38E+03 -0.605 0.54531  

ISI4000 9.72E-02 5.51E-02 1.38E+03 1.764 0.07788 . 

sessionNameMulti-Task:ISI4000 -1.50E-01 7.79E-02 1.38E+03 -1.925 0.05444 . 
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APPENDIX N: E2 REACTION TIME 
 

Table N.1 Model Comparison for Reaction Time in E2. 

 

Model nPar AIC BIC Loglik Deviance Χ2 df 

 

p 

 

 

Base 5 -1329.2 -1302.8 669.59 -1339.2     

Intercept 8 -2432.2 -2390 1224.09 -2448.2 1108.994 3 < 2.2e-16 *** 

Linear 11 -2445.8 -2387.8 1233.89 -2467.8 19.6127 3 0.0002042 *** 

Quadratic 14 -2441.7 -2367.9 1234.85 -2469.7 1.9225 3 0.5886372  
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Table N.2 Linear Model Coefficients for Reaction Time in E2. 

 

Fixed Effects Estimate Std. Error df 

 

t value p 

 

 

(Intercept) 5.92E+00 1.57E-02 7.04E+01 377.28 <2e-16 *** 

time1 2.79E-02 1.23E-02 1.38E+03 2.269 2.34E-02 * 

sessionNameMulti-Task 1.28E-01 7.11E-03 1.38E+03 17.957 <2e-16 *** 

ISI4000 1.77E-01 7.11E-03 1.38E+03 24.972 <2e-16 *** 

time2 -1.16E-02 6.15E-03 1.38E+03 -1.887 5.94E-02 . 

time1:sessionNameMulti-Task -2.66E-02 1.74E-02 1.38E+03 -1.526 1.27E-01  

time1:ISI4000 1.72E-02 1.74E-02 1.38E+03 0.989 0.323  

sessionNameMulti-Task:ISI4000 -1.42E-02 1.01E-02 1.38E+03 -1.411 0.1585  

time1:sessionNameMulti-Task:ISI4000 5.81E-02 2.46E-02 1.38E+03 2.361 0.0183 * 
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APPENDIX O: E2 SENSITIVITY 
 

Table O.1 Model Comparison for Sensitivity in E2. 

 

Model nPar AIC BIC Loglik Deviance Χ2 df 

 

p 

 

 

Base 5 2389.3 2415.7 -1189.7 2379.3     

Intercept 8 2378.9 2421.1 -1181.5 2362.9 16.4283 3 9.26E-04 *** 

Linear 11 2384.5 2442.5 -1181.3 2362.5 0.3587 3 0.9486287  

Quadratic 14 2390.2 2464 -1181.1 2362.2 0.3049 3 0.9591043  
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Table O.2 Intercept Model Coefficients for Sensitivity in E2. 

 

Fixed Effects Estimate Std. Error df 

 

t value p 

 

 

(Intercept) 2.66E+00 5.02E-02 9.99E+01 52.974 < 2e-16 *** 

time1 1.40E-01 3.38E-02 1.38E+03 4.128 3.87E-05 *** 

time2 -1.20E-01 3.38E-02 1.38E+03 -3.563 0.00038 *** 

sessionNameMulti-Task -6.95E-02 3.90E-02 1.38E+03 -1.779 0.07539 . 

ISI4000 5.98E-02 3.90E-02 1.38E+03 1.531 0.12594  

sessionNameMulti-Task:ISI4000 -6.86E-02 5.52E-02 1.38E+03 -1.243 0.21422  
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APPENDIX P: E2 RESPONSE BIAS 
 

Table P.1 Model Comparison for Response Bias in E2. 

 

Model nPar AIC BIC Loglik Deviance Χ2 df 

 

p 

 

 

Base 5 -796.04 -769.68 403.02 -806.04     

Intercept 8 -799.72 -757.54 407.86 -815.72 9.6771 3 0.02152 * 

Linear 11 -796.11 -738.11 409.06 -818.11 2.3912 3 0.49527  

Quadratic 14 -794.31 -720.5 411.16 -822.31 4.2024 3 0.24042  
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Table P.2 Intercept Model Coefficients for Response Bias in E2. 

 

Fixed Effects Estimate Std. Error df t value p 

 

 

(Intercept) -5.38E-01 1.32E-02 1.50E+02 -40.782 < 2e-16 *** 

time1 1.85E-02 1.14E-02 1.38E+03 1.628 0.1037  

time2 9.09E-03 1.14E-02 1.38E+03 0.799 0.4245  

sessionNameMulti-Task 3.11E-02 1.31E-02 1.38E+03 2.369 0.01798 * 

ISI4000 1.15E-02 1.31E-02 1.38E+03 0.873 0.38294  

sessionNameMulti-Task:ISI4000 -4.98E-02 1.86E-02 1.38E+03 -2.678 0.00748 ** 
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APPENDIX Q: E2 TRACKING DISTANCE 
 

Table Q.1 Model Comparison for Tracking Distance in E2. 

 

Model nPar AIC BIC Loglik Deviance Χ2 df 

 

p 

 

 

Base 5 -1618.2 -1595.3 814.12 -1628.2     

Intercept 6 -1660.7 -1633.3 836.37 -1672.7 44.5007 1 2.54E-11 *** 

Linear 7 -1658.8 -1626.8 836.4 -1672.8 0.0656 1 0.7979  

Quadratic 8 -1656.8 -1620.2 836.41 -1672.8 0.0095 1 0.9224  
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Table Q.2 Intercept Model Coefficients for Tracking Distance in E2. 

 

Fixed Effects Estimate Std. Error df t value p 

 

 

(Intercept) 0.275055 0.010906 66.83378 25.22 < 2e-16 *** 

time1 0.022824 0.006129 660.01 3.724 2.13E-04 *** 

time2 0.005139 0.006129 660.01 0.839 4.02E-01  

ISI4000 -0.033953 0.005004 660.01 -6.785 2.59E-11 *** 
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APPENDIX R: E3 TARGET HIT RATE 
 

Table R.1 Model Comparison for Target Hit Rate in E3. 

 

Model nPar AIC BIC Loglik Deviance Χ2 df 

 

p 

 

 

Base 5 4665.2 4691.6 -2327.6 4655.2     

Intercept 8 4444.6 4486.8 -2214.3 4428.6 226.56 3 < 2.2e-16 *** 

Linear 11 4197.2 4255.2 -2087.6 4175.2 253.425 3 < 2.2e-16 *** 

Quadratic 14 4155.3 4229.1 -2063.7 4127.3 47.908 3 2.23E-10 *** 
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Table R.2 Intercept Model Coefficients for Target Hit Rate in E3. 

 

Fixed Effects Estimate Std. Error df t value p 

 

 

(Intercept) 1.59E+01 8.26E-02 1.18E+02 192.158 < 2e-16 *** 

time1 3.98E-03 1.26E-01 1.38E+03 0.032 0.9747  

sessionNameMulti-Task -1.09E+00 7.25E-02 1.38E+03 -15.016 < 2e-16 *** 

ISI4000 1.94E-02 7.25E-02 1.38E+03 0.268 7.89E-01  

time2 6.55E-02 1.26E-01 1.38E+03 0.521 0.602301  

time1:sessionNameMulti-Task -2.60E+00 1.78E-01 1.38E+03 -14.646 < 2e-16 *** 

time1:ISI4000 -3.79E-02 1.78E-01 1.38E+03 -0.213 0.831296  

sessionNameMulti-Task:ISI4000 6.86E-01 1.03E-01 1.38E+03 6.69 3.23E-11 *** 

sessionNameMulti-Task:time2 -1.11E+00 1.78E-01 1.38E+03 -6.245 5.63E-10 *** 

ISI4000:time2 -7.82E-02 1.78E-01 1.38E+03 -0.44 0.659848  

time1:sessionNameMulti-Task:ISI4000 2.12E+00 2.51E-01 1.38E+03 8.43 < 2e-16 *** 

sessionNameMulti-Task:ISI4000: time2 8.49E-01 2.51E-01 1.38E+03 3.381 0.000743 *** 
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APPENDIX S: E3 OMISSIONS 

Table S.1 Model Comparison for Omissions in E3. 

 

Model nPar AIC BIC Loglik Deviance Χ2 df 

 

p 

 

 

Base 5 4532.6 4559 -2261.3 4522.6     

Intercept 8 4330.1 4372.3 -2157.1 4314.1 208.467 3 < 2.2e-16 *** 

Linear 11 4090.3 4148.3 -2034.2 4068.3 245.838 3 < 2.2e-16 *** 

Quadratic 14 4046.3 4120.1 -2009.1 4018.3 50.035 3 7.85E-11 *** 

          

 

  



 

165 

Table S.2 Quadratic Model Coefficients for Omissions in E3. 

 

Fixed Effects Estimate Std. Error df 

 

t value p 

 

 

(Intercept) 1.17E-01 8.12E-02 1.14E+02 1.437 0.153578  

time1 -2.39E-02 1.21E-01 1.38E+03 -0.198 0.843135  

sessionNameCPT+Tracking 1.01E+00 6.97E-02 1.38E+03 14.421 < 2e-16 *** 

ISI4000 -5.56E-03 6.97E-02 1.38E+03 -0.08 0.93651  

time2 -5.46E-02 1.21E-01 1.38E+03 -0.452 0.65156  

time1:sessionNameCPT+Tracking 2.47E+00 1.71E-01 1.38E+03 14.485 < 2e-16 *** 

time1:ISI4000 5.18E-02 1.71E-01 1.38E+03 0.303 0.76176  

sessionNameCPT+Tracking:ISI4000 -6.56E-01 9.86E-02 1.38E+03 -6.648 4.28E-11 *** 

sessionNameCPT+Tracking: time2 1.09E+00 1.71E-01 1.38E+03 6.367 2.62E-10 *** 

ISI4000: time2 6.91E-02 1.71E-01 1.38E+03 0.405 0.685857  

time1:sessionNameCPT+Tracking:ISI4000 -2.00E+00 2.42E-01 1.38E+03 -8.263 3.29E-16 *** 

sessionNameCPT+Tracking:ISI4000:time2 -8.20E-01 2.42E-01 1.38E+03 -3.395 0.000705 *** 
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APPENDIX T: E3 COMMISSIONS 
 

Table T.1 Model Comparison for Commissions in E3. 

 

Model nPar AIC BIC Loglik Deviance Χ2 df 

 

p 

 

 

Base 5 3500.4 3526.7 -1745.2 3490.4     

Intercept 8 3477.8 3520 -1730.9 3461.8 28.585 3 2.74E-06 *** 

Linear 11 3465.6 3523.6 -1721.8 3443.6 18.189 3 0.0004021 *** 

Quadratic 14 3455 3528.8 -1713.5 3427 16.623 3 0.0008446 *** 
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Table T.2 Quadratic Model Coefficients for Commissions in E3. 

Fixed Effects Estimate Std. Error df t value p 

 

 

(Intercept) 7.81E-01 6.91E-02 1.07E+02 11.302 < 2e-16 *** 

time1 -2.29E-01 9.81E-02 1.38E+03 -2.335 0.019681 * 

sessionNameMulti-Task 1.03E-01 5.66E-02 1.38E+03 1.815 0.069811 . 

ISI4000 5.56E-03 5.66E-02 1.38E+03 0.098 0.92188  

time2 1.27E-02 9.81E-02 1.38E+03 0.13 0.896781  

time1:sessionNameMulti-Task 5.64E-01 1.39E-01 1.38E+03 4.063 5.11E-05 *** 

time1:ISI4000 3.51E-01 1.39E-01 1.38E+03 2.527 0.011615 * 

sessionNameMulti-Task:ISI4000 1.61E-01 8.01E-02 1.38E+03 2.011 0.044487 * 

sessionNameMulti-Task:time2 4.73E-01 1.39E-01 1.38E+03 3.408 0.000674 *** 

ISI4000:time2 1.82E-03 1.39E-01 1.38E+03 0.013 0.989544  

time1:sessionNameMulti-Task:ISI4000 -4.62E-01 1.96E-01 1.38E+03 -2.355 0.018642 * 

sessionNameMulti-Task:ISI4000:time2 -1.87E-01 1.96E-01 1.38E+03 -0.955 0.339943  
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APPENDIX U: E3 CORRECT REJECTIONS 
 

Table U.1 Model Comparison for Correct Rejections in E3. 

 

Model nPar AIC BIC Loglik Deviance Χ2 df 

 

p 

 

 

Base 5 3535.5 3561.9 -1762.8 3525.5     

Intercept 8 3508.8 3551 -1746.4 3492.8 32.757 3 3.63E-07 *** 

Linear 11 3493.5 3551.5 -1735.8 3471.5 21.279 3 9.21E-05 *** 

Quadratic 14 3481.7 3555.5 -1726.8 3453.7 17.788 3 0.0004864 *** 
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Table U.2 Quadratic Model Coefficients for Correct Rejections in E3. 

Fixed Effects Estimate Std. Error df t value p 

 

 

(Intercept) 3.22E+00 7.03E-02 1.06E+02 45.754 < 2e-16 *** 

time1 2.31E-01 9.90E-02 1.38E+03 2.335 0.019696 * 

sessionNameMulti-Task -1.36E-01 5.71E-02 1.38E+03 -2.382 0.017352 * 

ISI4000 -5.56E-03 5.71E-02 1.38E+03 -0.097 0.922561  

time2 -5.46E-03 9.90E-02 1.38E+03 -0.055 0.956049  

time1:sessionNameMulti-Task -6.20E-01 1.40E-01 1.38E+03 -4.426 1.03E-05 *** 

time1:ISI4000 -3.55E-01 1.40E-01 1.38E+03 -2.533 0.011407 * 

sessionNameMulti-Task:ISI4000 -1.47E-01 8.08E-02 1.38E+03 -1.822 0.068693 . 

sessionNameMulti-Task:time2 -4.95E-01 1.40E-01 1.38E+03 -3.534 0.000423 *** 

ISI4000:time2 -1.82E-03 1.40E-01 1.38E+03 -0.013 0.989636  

time1:sessionNameMulti-Task:ISI4000 4.88E-01 1.98E-01 1.38E+03 2.466 0.013797 * 

sessionNameMulti-Task:ISI4000:time2 2.00E-01 1.98E-01 1.38E+03 1.011 0.312398  
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APPENDIX V: E3 REACTION TIME 
 

Table V.1 Model Comparison for Reaction Time in E3. 

 

Model nPar AIC BIC Loglik Deviance Χ2 df 

 

p 

 

 

Base -777.63 -751.27 393.81 -787.63      

Intercept -2061.45 -2019.27 1038.73 -2077.45 1289.825 3 < 2.2e-16 ***  

Linear -2129.24 -2071.24 1075.62 -2151.24 73.788 3 6.59E-16 ***  

Quadratic -2154.84 -2081.03 1091.42 -2182.84 31.598 3 6.36E-07 ***  

          

 

  



 

171 

Table V.2 Quadratic Model Coefficients for Reaction Time in E3. 

 

Fixed Effects Estimate Std. Error df t value p 

 

 

(Intercept) 5.88E+00 1.43E-02 7.65E+01 410.89 < 2e-16 *** 

time1 2.76E-02 1.37E-02 1.38E+03 2.01 4.47E-02 * 

sessionNameMulti-Task 2.30E-01 7.92E-03 1.38E+03 29.018 < 2e-16 *** 

ISI4000 1.64E-01 7.92E-03 1.38E+03 20.72 < 2e-16 *** 

time2 -3.16E-02 1.37E-02 1.38E+03 -2.308 2.12E-02 * 

time1:sessionNameMulti-Task 1.03E-01 1.94E-02 1.38E+03 5.284 1.47E-07 *** 

time1:ISI4000 4.35E-02 1.94E-02 1.38E+03 2.244 0.02501 * 

sessionNameMulti-Task:ISI4000 -1.98E-02 1.12E-02 1.38E+03 -1.769 7.71E-02 . 

sessionNameMulti-Task:time2 1.07E-01 1.94E-02 1.38E+03 5.502 4.47E-08 *** 

ISI4000: time2 3.49E-02 1.94E-02 1.38E+03 1.8 0.07211 . 

time1:sessionNameMulti-Task:ISI4000 1.40E-02 2.74E-02 1.38E+03 0.51 6.10E-01  

sessionNameMulti-Task:ISI4000: time2 -8.34E-02 2.74E-02 1.38E+03 -3.04 0.00241 ** 
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APPENDIX W: E3 SENSITIVITY 
 

Table W.1 Model Comparison for Sensitivity in E3. 

 

Model nPar AIC BIC Loglik Deviance Χ2 df 

 

p 

 

 

Base 5 2888 2914.3 -1439 2878     

Intercept 8 2775.1 2817.2 -1379.5 2759.1 118.904 3 < 2.2e-16 *** 

Linear 11 2649.4 2707.4 -1313.7 2627.4 131.644 3 < 2.2e-16 *** 

Quadratic 14 2605.9 2679.7 -1288.9 2577.9 49.558 3 9.92E-11 *** 
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Table W.2 Quadratic Model Coefficients for Sensitivity in E3. 

Fixed Effects Estimate Std. Error df t value p 

 

 

(Intercept) 2.30405 0.05972 91.39759 38.583 2.00E-16 *** 

time1 0.12162 0.07483 1960 1.625 0.10428  

sessionNameMulti-Task -0.15443 0.04321 1960 -3.574 0.00036 *** 

ISI4000 0.02291 0.04321 1960 0.53 0.59602  

time2 0.09538 0.04321 1960 2.208 0.02739 * 

time1:sessionNameMulti-Task -0.12735 0.07483 1960 -1.702 0.08897 . 

time1:ISI4000 0.04608 0.10583 1960 0.435 0.6633  

sessionNameMulti-Task:ISI4000 -0.10078 0.10583 1960 -0.952 0.34106  

sessionNameMulti-Task: time2 -0.15912 0.10583 1960 -1.504 0.13287  

ISI4000: time2 -0.03157 0.0611 1960 -0.517 0.6054  

time1:sessionNameMulti-Task:ISI4000 -0.07442 0.0611 1960 -1.218 0.22339  

sessionNameMulti-Task:ISI4000: time2 -0.01859 0.10583 1960 -0.176 0.86057  
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APPENDIX X: E3 RESPONSE BIAS 
 

Table X.1 Model Comparison for Response Bias in E3. 

 

Model nPar AIC BIC Loglik Deviance Χ2 df 

 

p 

 

 

Base 5 -75.978 -49.616 42.989 -85.98     

Intercept 8 -206.176 -163.997 111.088 -222.18 136.1978 3 <2e-16 *** 

Linear 11 -307.694 -249.698 164.847 -329.69 107.5178 3 <2e-16 *** 

Quadratic 14 -305.707 -231.894 166.854 -333.71 4.0135 3 0.26  
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Table X.2 Intercept Model Coefficients for Response Bias in E3. 

 

Fixed Effects Estimate Std. Error df t value p 

 

 

(Intercept) 93.2741 0.47539 139.52625 196.204 < 2e-16 *** 

time1 0.44729 0.79352 1380 0.564 5.73E-01  

sessionNameMulti-Task -3.15398 0.45814 1380 -6.884 8.79E-12 *** 

ISI4000 2.72137 0.45814 1380 5.94 3.60E-09 *** 

time2 -0.11326 0.79352 1380 -0.143 8.87E-01  

time1:sessionNameMulti-Task -14.58094 1.1222 1380 -12.993 < 2e-16 *** 

time1:ISI4000 0.47924 1.1222 1380 0.427 0.6694  

sessionNameMulti-Task:ISI4000 3.89764 0.6479 1380 6.016 2.29E-09 *** 

sessionNameMulti-Task: time2 -5.21421 1.1222 1380 -4.646 3.70E-06 *** 

ISI4000: time2 0.08307 1.1222 1380 0.074 0.941  

time1:sessionNameMulti-Task:ISI4000 13.30148 1.58703 1380 8.381 < 2e-16 *** 

sessionNameMulti-Task:ISI4000: time2 3.95108 1.58703 1380 2.49 0.0129 * 
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APPENDIX Y: E3 TRACKING DISTANCE 
 

Table Y.1 Model Comparison for Tracking Distance in E3. 

 

Model nPar AIC BIC Loglik Deviance Χ2 df 

 

p 

 

 

Base 5 -2088.6 -2065.7 1049.3 -2098.6     

Intercept 6 -2142.6 -2115.2 1077.3 -2154.6 56.0604 1 7.03E-14 *** 

Linear 7 -2142.7 -2110.7 1078.4 -2156.7 2.0955 1 0.1477  

Quadratic 8 -2140.7 -2104.1 1078.4 -2156.7 0.0023 1 0.9619  
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Table Y.2 Intercept Model Coefficients for Tracking Distance in E3. 

 

Fixed Effects Estimate Std. Error df t value p 

 

 

(Intercept) 0.286496 0.006732 69.753844 42.557 < 2e-16 *** 

time1 0.013508 0.004449 660 3.036 2.49E-03 ** 

time2 -0.004571 0.004449 660 -1.027 3.05E-01  

ISI4000 -0.027789 0.003633 660 -7.649 7.18E-14 *** 
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APPENDIX Z: E3 TRACKING DISTANCE DURING VERBAL TASK 
 

Table Z.1 Model Comparison for Tracking Distance during Verbal Task in E3. 

 

 

  
Model nPar AIC BIC Loglik Deviance Χ2 df 

 

p 

 

 

Base 7 -4251.8 -4211.2 2132.9 -4265.8     

Intercept 10 -4253.5 -4195.5 2136.8 -4273.5 7.7451 3 0.05158 . 

Linear 13 -4250.7 -4175.2 2138.3 -4276.7 3.1173 3 0.37389  

Quadratic 16 -4253.1 -4160.2 2142.5 -4285.1 8.3954 3 0.03851 * 

Cubic 19 -4253.5 -4143.2 2145.8 -4291.5 6.4488 3 0.09171 . 

Quartic 22 -4247.6 -4119.9 2145.8 -4291.6 0.0964 3 0.99226  
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Table Z.2 Quadratic Model Coefficients for Tracking Distance during Verbal Task in E3. 

 

Fixed Effects Estimate Std. Error df t value p 

 

 

(Intercept) 2.73E-01 8.85E-03 2.12E+02 30.803 < 2e-16 *** 

time1 -1.93E-02 2.71E-02 2.42E+03 -0.711 0.47721  

ISI4000 -5.03E-03 7.32E-03 2.39E+03 -0.688 0.49174  

segtypeRespond 1.38E-02 8.20E-03 2.39E+03 1.686 0.09193 . 

time2 -1.64E-02 2.01E-02 2.39E+03 -0.818 0.41328  

time3 1.20E-02 1.01E-02 2.40E+03 1.179 0.2384  

time3 3.07E-02 1.01E-02 2.39E+03 3.057 0.00226 ** 

time1:ISI4000 1.77E-02 3.21E-02 2.42E+03 0.553 0.57999  

time1:segtypeRespond -1.48E-02 3.48E-02 2.39E+03 -0.425 0.67076  

ISI4000:segtypeRespond -9.14E-03 9.38E-03 2.39E+03 -0.975 0.32981  

ISI4000: time2 3.66E-02 2.59E-02 2.39E+03 1.414 0.15746  

segtypeRespond: time2 -3.53E-02 2.77E-02 2.39E+03 -1.275 0.2023  

time1:ISI4000:segtypeRespond 2.88E-02 4.07E-02 2.39E+03 0.709 0.47861  

ISI4000:segtypeRespond:time2 1.00E-02 3.63E-02 2.39E+03 0.277 0.78196  
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