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Summary 

Author: Michelle Antal  

Title: The role of locus coeruleus activity in brain integration during an attentional 

effort task: An fMRI study  

 

Author statement: The present thesis is an independent research project. The data collection 

was carried out by the author and one of the supervisors (Verónica Expósito), as part of a 

larger research project.  

Supervisors: Thomas Espeseth and Verónica Expósito 

Abstract: Brain function is often conceptualized as a balance between modular and 

integrative processing. This balance between functional segregation and integration is a 

crucial aspect of the dynamic organization of efficient distributed networks supporting 

cognitive function. Midbrain and brainstem neuromodulatory projections are known to play 

regulatory roles in functional networks. In particular, pupillary dilation, a proxy of locus 

coeruleus-norepinephrine (LC-NE) system activity, has previously been linked to increased 

brain functional integration, but whether increased functional integration is associated with 

LC activity has not been directly tested. To investigate the impact of the level (or increase) of 

activity in the LC itself, we used fMRI in combination with a neuromelanin-sensitive 

anatomical sequence to measure activity in the human LC elicited by attentional effort in a 

Multiple Object Tracking (MOT) task, using a combination of within-subjects and between-

subjects design. In order to study the hypothesized link between activity in the LC and 

functional changes of network topology, graph theoretical measures were implemented. Data 

from 35 participants were included in the present study. Our results partially supported the 

notion that higher levels of attentional effort relate to topological changes of functional brain 

networks, and importantly these observed changes relate to activity alterations in the LC. 

Graph measures of functional integration showed no link with activity patterns of other 

control areas, supporting the notion that the LC has a unique role in the observed alterations 

in functional network topology. Further, the LC showed significantly higher activity for active 

tracking trials compared to passive trials in the task, but the parametric effect did not reach 

significance. Lastly, we could not find evidence for a relationship between better task 

performance and LC activity, and neither between efficient task performance and a more 
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integrated network-level topology. However, our data does not carry evidence against such a 

relationship. 
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1 Introduction 

In the brain, activity of neuromodulatory neurons, grouped in specific nuclei of the midbrain 

and brainstem, influence many brain regions and functions through their widespread 

ascending projections (Sara, 2009). Normal cognition requires close interaction between the 

forebrain and the modulatory neurons of the brainstem. Neuromodulators are endogenous 

chemicals that regulate the activity of populations of neurons at a large spatial scale. 

Neuromodulators differ from neurotransmitters in that neuromodulators signal molecules 

throughout the brain, while neurotransmitters mediate point-to-point communication between 

individual neurons (Fröhlich, 2016). Major neuromodulators in the brain 

include dopamine, serotonin, acetylcholine, histamine and norepinephrine. Neuromodulators 

affect neural gain, which is defined as the responsivity of neurons to incoming signals, and 

therefore enhance neural communication. Neural gain modulation can be explained as 

modulation of the contrast between excited and inhibited neurons. One mechanism of 

increasing gain is that excited neurons become even more excited, while inhibited neurons 

become even more inhibited (Guedj, Meunier, Meunier, & Hadj-Bouziane, 2017), thereby 

amplifying neural communication.  

Earlier attempts to model behavioral effects of neuromodulators, suggested that their 

release enhances neural gain throughout the target areas (Servan-Schreiber, Printz, & Cohen, 

1990). One of the neuromodulators is norepinephrine (NE) which is widely distributed in the 

central nervous system and released by the locus coeruleus (LC). According to the Adaptive 

Gain Theory (Aston-Jones & Cohen, 2005), the LC-NE system serves to alter neural gain 

throughout the brain in order to assist behavioral adaptation (e.g. by facilitating relevant 

stimuli processing or enhancing attention). In other words, the theory links LC activity with 

brain-wide modulation of norepinephrine levels. This modulation is credited to the increase of 

the signal to noise ratio of afferent input onto regions targeted by projections from the LC 

(Servan-Schreiber et al., 1990). The Adaptive Gain Theory has been supported by evidence 

from direct LC neuronal recordings in both monkeys (Aston-Jones, Rajkowski, Kubiak, & 

Alexinsky, 1994; Aston-Jones, Rajkowski, & Kubiak, 1997) and rats (Bouret & Sara, 2005). 

However, little is known about how LC activity affects brain reorganization under attentional 

effort in humans. 

 

https://en.wikipedia.org/wiki/Dopamine
https://en.wikipedia.org/wiki/Serotonin
https://en.wikipedia.org/wiki/Acetylcholine
https://en.wikipedia.org/wiki/Histamine
https://en.wikipedia.org/wiki/Norepinephrine
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1.1 The locus coeruleus-norepinephrine system 

The brainstem nucleus LC, located in the pons on the lateral edge of the 4th ventricle, is the 

largest noradrenergic nucleus in the brain and the main source of the neurotransmitter NE to 

the neocortex (Chandler, Gao, & Waterhouse, 2014; Sara, 2015). NE, also called 

noradrenaline, is a monoamine neurotransmitter that is thought to enhance neural activity in 

response to relevant stimuli and suppress interference from irrelevant stimuli (Aston-Jones & 

Bloom, 1981; Foote, Aston-Jones, & Bloom, 1980). NE modulates neural excitability 

generating an increase in gain (Servan-Schreiber et al., 1990) by sharpening the contrast 

between neural response to synaptic input and spontaneous neural firing rates (Berridge & 

Waterhouse, 2003). The LC represents the primary source of the cortical, thalamic, cerebellar, 

brainstem and spinal cord NE (Chandler et al., 2014; Grudzien, Shaw, Weintraub, Bigio, 

Mash, & Mesulam, 2007). The ascending projection system of the LC innervates all parts of 

the cerebral cortex, with the noteworthy exception of the basal ganglia. Through its wide-

spread innervations, the LC-NE system modulates sensory processing, motor behavior, 

arousal, regulation of attention, working memory, cognitive flexibility, long term synaptic 

plasticity, and retrieval from remote memory (Chandler et al., 2014; Grudzien et al., 2007; 

Sara, 2015). 

The LC can modulate in two distinguished mode of responses: phasic and tonic 

responses. LC phasic responses increase gain of all units in the behavioral-network, driven by 

task-related decision processes. That is, LC responds phasically to novel and salient stimuli 

that elicit a behavioral response. The timing of phasic LC activation produces adaptive 

adjustments in gain that serve to facilitate task-related behavior. This mode helps to achieve 

optimal performance within a given task. In contrast, the LC tonic mode produces a more 

enduring and less discriminative increase in gain. Within an attentional task, tonic LC firing 

results in degraded performance by disengaging from the task. A tonic increase in gain may, 

however, be adaptive by allowing the system to optimize performance in a broader sense by 

localization of more rewarding stimuli through active exploration (Aston-Jones & Cohen, 

2005).  
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1.2 Functional segregation and integration of human 

brain networks 

As described above, neuromodulation enables the organism to exhibit rapid behavioral 

adaptation in response to changes in the environment. To achieve such reconfiguration, 

neuromodulators influence both the intrinsic properties of neurons and synaptic strengths. 

Such coherent dynamics depend on two distinct processes; 1) forming local network 

communities with strong intrinsic connections and coupling, known as functional segregation, 

and 2) enabling global communication between these communities through network hubs, 

known as functional integration. The balance between functional segregation and integration 

is crucial for the organization of distributed networks underlying cognitive function (Tononi, 

Sporns, & Edelman, 1994). Functional integration allows for the brain to rapidly integrate 

information from anatomically distributed brain regions in order to meet cognitive demands 

(Rubinov & Sporns, 2010; Sporns, 2013). Recent evidence shows that the extent of functional 

integration in the brain plays an important role in effective task performance (Bassett, Yang, 

Wymbs, & Grafton, 2015; Shine, Bissett, Bell, Koyejo, Balsters, Gorgolewski, Moodie, & 

Poldrack, 2016), memory retrieval (Westphal, Wang, & Rissman, 2017) and conscious 

awareness (Barttfeld, Uhrig, Sitt, Sigman, Jarraya, & Dehaene, 2015; Godwin, Barry, & 

Marois, 2015), thereby resulting in a more effective global communication. In contrast, a 

relatively segregated network topology has been shown to have benefits as well. These 

include lower metabolic costs (Bullmore & Sporns, 2012; Zalesky, Fornito, Cocchi, Gollo, & 

Breakspear, 2014) and effective learning performance (Bassett et al., 2015).  

 

1.2.1 Assessment of functional network dynamics 

Most brain network studies have demonstrated functional segregation as a principle of human 

brain organization. On the other hand, functional integration of segregated brain regions has 

proven more challenging to assess. Characterizing functional integration within a distributed 

system lies at the heart of investigating changes in functional connectivity. Functional 

connectivity is defined as statistical dependencies between remote neurophysiological events. 

Network functional connections are calculated from the magnitudes of temporal correlations 

in neuronal activity (Rubinov & Sporns, 2010; Bertolero, Yeo, & D’Esposito, 2015; Deco, 
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Tononi, Boly, & Kringelbach, 2015). Different networks are considered to be functionally 

segregated if their activities show statistical independence, while functionally integrated 

networks display a high degree of statistical dependence (Friston, 2011).  

Since brain networks are invariably complex, their characterization requires complex 

network methods. One of the most compelling mathematical frameworks for studying 

complex brain networks is graph theory. Graph theory as a branch of mathematics enables 

modeling all of the functional connections in the brain as edges between nodes in a network 

(Bullmore & Sporns, 2009; Bertolero, Yeo & D’Esposito, 2015). Graphs are defined as a set 

of nodes (vertices) that are lined by edges (connections). In a brain graph, nodes denote brain 

regions or neurons, while edges represent connections or pathways between nodes. 

Connectivity measurements can then be calculated as the strength of the edges between the 

nodes of the network (Fornito, Zalesky, & Breakspear, 2013). 

 

1.2.2 Neural gain modulation as a candidate mechanism for functional 

network integration 

There is growing evidence that global alterations of neural gain mediated by the ascending 

projections from the LC-NE system drive functional brain integration (Samuels & Szabadi, 

2008; Shine et al., 2016; Shine, van den Brink, Hernaus, Nieuwenhuis, & Poldrack, 2018a). 

Changes in the LC-NE system play an important role in human cognition, and due to its 

modulation of neural gain, it has been linked to network-level configurations in the brain. An 

increase in neural gain indicates enhanced neural signals, which predicts that communication 

between distinct networks should increase (see Figure 1).  
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Figure 1. The proposed mechanism to switch from a more segregated to a more integrated 

state adapted from Schultz and Cole (2016a). Under low levels of neural gain, networks of 

brain areas (dots) are largely segregated. An increase in LC activity drives network 

integration throughout the brain. 

 

1.3 Measuring LC function in humans 

Due to its major role in modulating brain activity, there has been increasing interest in using 

neuroimaging techniques to study LC function in humans. However, investigating blood 

oxygen level–dependent (BOLD) responses in the human LC can be technically challenging 

when it comes to the localization of brainstem nuclei on magnetic resonance imaging (MRI). 

The cross-sectional area of the LC displays considerable individual variability. It ranges from 

17.2 to 32.8 mm2 when areas with the lowest cell densities are measured, and from 0.3 to 5.6 

mm2 when areas with mean cell densities and above are measured (German, Walker, Manaye, 

Smith, Woodward, & North, 1988). The noradrenergic neurons of the LC are identifiable by 

their neuromelanin pigment content, which help its localization both under postmortem 

histological examinations (German et al., 1988) and in in vivo MRI scans that visualize 

neuromelanin pigment within the LC (Keren, Lozar, Harris, Morgan, & Eckert, 2009). Due to 

its small size relative to the resolution of neuroimaging techniques, investigating LC function 

with high ecological validity raises challenges. In recent years, high resolution brainstem 

imaging has been found to be a useful tool to visualize the LC using an anatomical sequence, 

which due to its neuromelanin sensitivity allows identification of the LC (Sasaki, Shibata, 

Tohyama, Takahashi, Otsuka, Tsuchiya, Takahashi, Ehara, Terayama, Sakai, 2006; Keren et 

al., 2009).  
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1.3.1 Indirect measures of LC activity 

Due to the above mentioned challenges of directly assessing LC activity, previous research 

has mostly been focused on indirect measures to use as proxies for noradrenergic activity in 

the LC. The most widely used indirect measure for LC activity has been pupil recordings, as 

pupil size oscillations are known to be directly related to changes in neuronal activity in the 

LC (Joshi, Li, Kalwani, & Gold, 2016). Recently, changes in pupil dilation have been linked 

to fluctuations in brain networks topology (Eldar, Cohen, & Niv, 2013; Shine et al., 2016; 

Shine, Aburn, Breakspear, & Poldrack, 2018b), providing indirect evidence for a link between 

the LC-NE system and network-level topology. This covariation of pupil dilation and LC 

activity across time has been found in monkeys through direct recordings (Joshi et al., 2016) 

and in humans through functional imaging in both resting state and during task performance 

(Eldar et al., 2013; Murphy, O’Connell, O’Sullivan, Robertson, & Balsters, 2014; Shine et al., 

2016).  

 

1.3.2 Constraints of the resting state paradigm 

Resting state functional MRI (rs-fMRI) refers to data acquired while subjects are asked to lie 

in the scanner with eyes open, closed, or fixated on a target without engaging in a task. 

Opposed to tightly controlled experimental paradigms in task-based fMRI, rs-fMRI studies 

involve data that is unable to control for cognitive mental processing that participants may 

engage in during rest. The absence of cognitive demands during rs-fMRI makes it difficult to 

directly test whether the hypothesized changes in noradrenergic activity can actually be linked 

to network-level configurations in the brain (Shine et al., 2018a).  

 

1.3.3 The task-based paradigm 

Besides studies examining whether and how changes in intrinsic functional connectivity 

during rest are associated to neuromodulatory regions (Yellin, Berkovich-Ohana, & Malach, 

2015; Bar, de la Cruz, Schumann, Koehler, Sauer, Critchley, & Wagner 2016; van den Brink, 

Pfeffer, Warren, Murphy, Tona, van der Wee, Giltay, van Noorden, Rombouts, Donner, & 

Nieuwenhuis, 2016), due to the above mentioned limitations of the resting state paradigm, one 
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has to consider how functional connectivity patterns are influenced due to cognitive demands. 

Previous task-based neuroimaging studies in humans have highlighted a close relationship 

between NE, network topology and cognitive performance (Eldar et al., 2013; Shine et al., 

2016). Cognition is known to be tightly related to modulatory function of the LC-NE system, 

as there is evidence for a nonlinear relationship between NE concentration and cognitive 

performance (Robbins & Arnsten, 2009). Task performance commonly leads to higher 

connectivity among networks recruited by the task, thus suggesting an important role of 

functional network topology alterations in effective cognitive performance (Shine et al., 

2018b). Recently, Eldar and colleagues (2013) found evidence for the link between LC-NE 

neuromodulation, brain-wide neural communication and topology, and behavioral 

performance in a learning task using network simulation. They explored two functional 

topological properties of the brain: the functional connectivity strength (the mean of absolute 

correlation score between various brain regions) and the clustering coefficient (the clustering 

in a matrix of neural correlations). They found that higher neural gain (measured by pupil 

diameter) was associated with increased functional connectivity strengths and tighter 

clustering throughout the brain. These results are consistent with the Adaptive Gain Theory 

(Aston-Jones & Cohen, 2005), supporting the involvement of the LC-NE system in global 

modulation of neural gain. 

How does neural gain modulation support functional network topology alterations in 

response to cognitive demands? In a recent study, Shine and colleagues (2016) found 

evidence that the brain traverses through different states over time to meet the demands of a 

complex cognitive task. By implementing graph theoretical measures (Bullmore & Sporns, 

2009), they found that individuals fluctuated between a more segregated network structure 

with greater within-network connectivity and a more integrated state with greater between-

network connectivity. They also found that the network topography transitions were 

correlated with performance of the N-back working memory task, and that the cartographic 

profile of the brain shifted toward integration compared to rest. While all tasks were 

characterized as shifting toward integration, tasks with the highest cognitive demands showed 

the largest shift. Among all studied tasks by Shine and colleagues (2016) - namely motor, 

emotional, relational, gambling, language, social, and N-back -, the most prominent shift 

towards global integration was during the N-back task, which requires complex working 

memory updating and cognitive control. Importantly, they showed that the integration of 

information across the brain was associated with better performance on the task. This suggests 
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that the degree of the shift towards a relatively integrated brain state is related to the 

complexity of a task, as well as how well participants perform. Next, to investigate the 

mechanism behind the temporal fluctuations between more segregated and more integrated 

states, they assessed pupil dilation and brain activity during rest in an independent set of 

participants. Pupil diameter was correlated with the degree of integration measured in the 

network. Shine and colleagues (2016) found an indirect association between LC-NE activity 

and brain network integration (i.e. via pupil dilations), but did not report any effects for the 

LC as such. The results from this study suggest that ascending neuromodulatory signals may 

be the mechanism for how the brain switches from a more segregated state during rest to a 

more integrated state during complex tasks. 

1.3.4 Evidence from pharmacological studies 

In addition to task-induced noradrenergic activity, there has been increasing interest to 

investigate LC-NE system-mediated network reorganization in response to pharmacological 

manipulation. These studies generally enhance NE transmission using atomoxetine (ATX). 

ATX is a selective NE reuptake inhibitor that increases extracellular levels of NE (Bymaster, 

Katner, Nelson, Hemrick-Luecke, Threlkeld, Heiligenstein, Morin, Gehlert, & Perry, 2002). 

ATX also improves signal-to-noise ratio of the LC and modulates the coupling between the 

LC and cortical activity (Bari & Aston-Jones 2013). ATX is currently used in the 

pharmacotherapy of attention deficit/hyperactivity disorder (ADHD; Swanson, Perry, Koch-

Krueger, Katner, Svensson, Bymaster, 2006).  

A recent pharmacological study conducted on rats found that boosting NE 

transmission by ATX, reduced LC activity while preserving the excitatory response (Bari & 

Aston-Jones, 2013). Evidence from studies examining resting-state functional connectivity in 

monkeys (Guedj et al., 2017) and in humans (van den Brink et al., 2016) suggests facilitative 

effects of NE on brain-wide signal transmission. Importantly, the administration of ATX 

compared to placebo has been shown to lead to a reconfiguration of network-level topology 

(Shine et al., 2018a). Furthermore, network-level integration has been shown to increase 

during task performance after ATX administration (Shine et al., 2018a). Specifically, this 

study demonstrated a linear increase in integration with increasing cognitive load levels of the 

task following ATX, while a higher extent of segregation during resting-state following ATX. 

These results show that the manipulation of catecholamine levels leads to a network-level 
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reorganization, providing evidence that the ascending projections of the LC-NE system 

contributes to topological changes in functional brain networks in order to meet cognitive 

demands.  

 

1.4 The present study 

The aim of the present study was to investigate the link between the LC-NE system and the 

extent of network-level integration in the brain during an attentional effort task by using 

activation in the LC as measured by fMRI. We were interested in how increased neural gain, 

measured as increased LC activity, contributes to topological changes of functional brain 

networks. Overall, previous research suggests the involvement of neuromodulatory brain 

systems, such as the LC-NE system in mediating neural gain throughout the brain. Further, 

neural gain modulation seems to play an important role in regulating network-level 

integration. Previous research has mostly been focused on investigating fluctuations in global 

network topology by using pupil dilation or pharmacology as a proxy to signal noradrenergic 

activation in the LC. However, despite these insights, changes in BOLD activity in the LC 

and how these changes relate to alterations in network topology are poorly understood.  

The reviewed research suggests that modulation of neural gain facilitates the transition 

of functional networks from a segregated to an integrated architecture. Further, results from 

neuroimaging and pupillometry studies suggest that investigating how global network 

topology fluctuates during attentional conditions can help us understand the global brain 

properties involved in shifting from a relatively segregated brain state to a relatively 

integrated one. Task performance commonly leads to higher connectivity among networks 

recruited by the task, along with a generally more integrated brain state among otherwise 

segregated regions, thus pointing to the role of global network integration in effective 

cognitive performance. Accordingly, in the present study, we sought to illuminate the role of 

the human LC-NE system in the topological changes of functional brain networks by 

employing the paradigm Multiple Object Tracking (MOT). LC activity is known to be 

involved in signaling attentional challenge and resource allocation in the MOT task (Alnæs, 

Sneve, Espeseth, Endestad, van de Pavert, & Laeng, 2014). The task requires the participant 

to track a covert target within a set of visually similar moving objects on a screen during a 10 

second interval. By including trials without target objects to be tracked, the task allows for 
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investigation of the act of tracking versus passively viewing objects. Further, by manipulating 

the number of target objects, or load level, it also allows for a precise control on the required 

degree of attentional effort. Previously, activity in a template mask of the LC has been found 

to correlate with attentional effort, across tracking load levels in the task, as well as with pupil 

dilation itself, independent of task load (Alnæs et al., 2014).  

To assess neural activity in the LC, the fMRI protocol was adapted to meet the 

challenges associated with imaging small and hard to localize brain structures. Specifically, 

we acquired a neuromelanin-sensitive structural sequence on which the LC can be detected 

(Keren et al. 2009; Krebs, Park, Bombeke, & Boehler, 2017). In order to locate the LC in the 

brainstem, individual masks were manually drawn for each participant. The goal of the 

present study was to test whether neural activity in the human LC, as assessed by fMRI, 

relates to topological changes of functional brain networks. We specifically tested for these 

characteristics by applying graph theory analyses to task-evoked fMRI data to characterize the 

effect of neural gain on network topology using a combination of within- and between-

subjects design. By implementing both types of analysis design, we intended to compare 

whether the proposed effects can be accounted for individual differences or a common 

underlying functional network architecture. 

 

1.4.1 Hypotheses 

Based on previous findings, the following hypotheses were specified: 

1. High levels of LC activity will be associated with high levels of network integration in 

the brain, 

2. while level activity in other task-related regions, namely the left middle frontal gyrus 

(lMFG) and the left inferior parietal lobule (lIPL) and activity in regions unrelated to 

the MOT task, namely the Broca and the Wernicke area will not correlate with 

changes in network-level integration. 

3. Activity in the LC will increase with the increasing difficulty levels of the MOT task.  

4. A shift towards increased network-level integration will be observed during the active, 

cognitively engaging periods of the MOT task compared to passive periods that does 

not require attentional effort. 
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5. Higher performing participants will have a higher level of network integration, and an 

overall higher LC activity in the task.  
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2 Methods 

2.1 Ethical considerations 

The experiment was approved by the local ethics committee at the Department of Psychology, 

University of Oslo. Prior to participating in the study, all participants were provided with 

information about the nature of the task and the methods. All participants provided oral and 

written informed consent prior to taking part in the study, and were informed that they could 

withdraw from the study at any time. Participants were then asked to fill out an MRI safety 

checklist in order to identify anything that may prohibit them from inclusion in the study. 

During the scanning session, all participants were provided with an emergency button in case 

of experiencing discomfort.  

2.2 Data collection 

In total, 35 participants without a history of psychiatric, neurological or other clinically 

significant disorders are reported in the present study (mean age = 25 +- 5 years, age range = 

19-37 years, 24 female). Six participants were excluded from the initial sample (n = 41); four 

due to excessive movement in the scanner, and two due to missing neuromelanin-sensitive 

anatomical scans. Every participant received 200 NOK as compensation for their 

participation. 

2.3 Setup 

The experimental task was implemented using E-Prime 2.0 stimulus presentation software 

(Psychology Software Tools, Pittsburgh, PA). During the scanning session, the experiment 

was presented on a 40” MR-compatible fiber optic screen (NordicNeuroLab, Bergen, 

Norway). The screen was located behind the scanner bore, and the participants viewed the 

screen through a mirror placed on the head coil, resulting in a viewing distance of 

approximately 1.2 meters. Screen resolution was 1920x1080 with a 60 Hz refresh rate. 

Responses were made with MR compatible response grips in each hand (NordicNeuroLab, 

Bergen, Norway). 
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2.4 Experimental design of Multiple Object Tracking task 

Before performing the MOT in the scanner, each participant completed a training session of 

the task. Visual representation of the task is presented in Figure 2. Participants viewed the 

screen through a mirror placed on the coil. The tracking area was represented by a gray square 

on the monitor. Each trial started with the presentation of 10 blue objects in the gray square. 

The objects were circular disks. After 2 s a subset of the objects (or none in Passive Viewing 

trials) changed color to red for another 2.5 s, designating them as targets to be tracked, before 

returning to blue. After a brief interval of 0.5 s, the objects started moving in an unpredictable 

fashion inside the tracking area. Objects changed directions when object edges met each other 

or the edge of the tracking area (there was a perimeter around each target repelling other 

targets whenever these met). Participants were instructed to track the objects. The number of 

designated targets was zero (Passive Viewing), two, three, or four (Load 2-4). A tracking 

condition of a single object was not included, as to avoid ceiling effect. After 10 s all objects’ 

movements stopped, and on the tracking trials, one object was highlighted with a yellow 

circle around it, and the participant responded. The response had to indicate whether the 

object was one of the targets that was originally selected to be tracked (partial report) with a 

joystick. They had 2 seconds to answer. Response accuracy and RT were recorded for each 

trial. Inter-trial intervals lasted 4 s. All participants completed four runs of the experiment, 

each run consisting of six trials per tracking condition including passive viewing. Within the 

runs, two blocks of 12 trials were presented, with a 20 s fixation period after each block. The 

order of the load conditions was pseudorandomized to make sure that all load conditions had 

been run before any of them was repeated.  
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Figure 2. Visual representation of the MOT task. Each trial starts with a 2 s fixation, followed 

by a 2.5 s target assignment (only in tracking trials). Then after 0.5 s, the tracking period 

starts. During tracking, the objects move randomly inside the tracking area. At the end of the 

tracking period, the participants respond to a probe. The response is indicative of whether the 

probe was one of the assigned targets. 

 

2.5 MRI procedure 

Structural and functional MR data were acquired from a 3.0 Tesla Philips Ingenia whole body 

MR scanner, equipped with a 32-channel Philips SENSE head coil (Philips Medical Systems, 

Best, the Netherlands). The scanning sessions were conducted at Rikshospitalet, Oslo. Each 

scanning session started with an anatomical scan (3D T1-weighted images; TR = 5.2 ms; flip 

angle = 8º; number of slices: 368; voxel size: 0.5 mm3).  

Afterwards, six runs of functional images were acquired while subjects performed the 

MOT task. Whole-brain functional images were acquired using a FFE echo-planar (EPI) 

sequence sensitive to blood-oxygen-level-dependent (BOLD) magnetic susceptibility (TR = 

2208 ms; flip angle = 90º; number of slices: 42; voxel size: 3 mm3). Each functional scan 

lasted about 6 minutes and in each scan, 234 volumes were collected. Finally, a 
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neuromelanin-sensitive scan was acquired. The slices for this scan were set in order to cover 

the brainstem (T1-TSE, TR: 600ms, TE: 14ms, voxel dimension: 0.4x0.49x3mm, Flip angle = 

90 º; number of slices: 10). This scan lasted 12 minutes. The whole MRI session, including 

calibration, structural and functional sequences, lasted for approximately one hour and ten 

minutes. Note: an additional resting state sequence was acquired during the MRI procedure 

which is not presented in the current study, and is therefore not included in the analysis. 

 

2.6 Analysis 

2.6.1 Behavioral data 

The behavioral data was analyzed in IBM SPSS Statistics for Windows, Version 22.0 (IBM 

Corp.). For each participant, the dependent variables were accuracy scores estimated 

separately for all load conditions, and overall accuracy scores across all load levels. In order 

to be able to compare accuracy, the proportion of accurately tracked targets was calculated per 

load condition. The number of correct responses per load condition was divided by the 

number of possible correct responses for every subject. According to the normal distribution 

of accuracy, two participants were identified as outliers, and were therefore excluded from 

further behavioral analysis (see Figure 3). In brain-behavior correlations, only participants 

with a minimum overall accuracy of 60% were included. 

 

Figure 3. Distribution of the overall accuracy scores averaged for all trials in the MOT task.  
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2.6.2 fMRI data processing 

Preprocessing. All structural and BOLD images were processed to reduce artifacts. The 

preprocessing of the MRI data was performed using the MATLAB/SPM-based CONN 

toolbox (www.nitrc.org/projects/conn, RRID:SCR_009550). 

Preprocessing using CONN included functional realignment to the mean of all images. 

Subsequently, a slice timing correction was performed to ensure that the data on each slice 

within a volume corresponded to the same point in time. Afterwards, a within subject 

registration was performed between functional and anatomical images. The co-registered 

anatomical images were segmented and functional images were then spatially normalized to 

the Montreal Neurological Institute (MNI) system. Due to the small size of the brainstem, the 

normalized images were smoothed using a 3 mm full width at half maximum (FWHM) 

Gaussian kernel. Additional preprocessing steps consisted of removal of lineal and quadratic 

trends, and temporal band pass filtering (0.008 – 0.09 Hz). The images acquired from the 

neuromelanin-sensitive structural MRI scans were used to locate the LC in the brainstem of 

each participant. 

General Linear Model analysis. Preprocessed images were submitted to a first level 

analysis. The data was analyzed using the general linear model (GLM) in SPM toolbox 

(http://www.fil.ion.ucl.ac.uk/spm/) to obtain the activity associated to the tracking period in 

the different load levels in the whole brain and in the LC. The durations of each block/event 

and runs of the task were modeled with a canonical HRF. Regressors for Passive Viewing 

(modeling the tracking period in trials with zero target objects), and for the active tracking 

(modeling the tracking period in trials in which participants actively tracked two, three, or 

four targets) were created. Images were high-pass filtered at 128 sec. Contrasts were 

generated for each tracking condition both collapsing across load levels and for each load 

level. Parameter estimates from each participant's GLM were submitted to a second-level test. 

A full-factorial analysis was performed treating participants as a random factor and load as 

the fixed factor. 

ROI-based analysis. Masks of LC were delineated on the high resolution images of each 

individual following the procedure employed in previous studies (Keren et al., 2009). The 

masks were co-registered to the anatomical images and taken to the normalized space. 

http://www.fil.ion.ucl.ac.uk/spm/
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MRIcron (https://www.nitrc.org/projects/mricron) was used to overlay the mean of the LC as 

a region of interest (ROI) averaged across 35 individuals (Figure 4). 

 

 

Figure 4. Mapping the overlap of the position of the individual LC masks on template brain. 

LC ROIs were constructed from the anatomical scans for each participant. The yellow area 

indicates the largest overlapping position of the LC across subjects. The MNI reference 

coordinates for the overlapped LC masks (right side): x, y, z = 3, -38, -24. 

 

BOLD parameter estimates (beta values) were extracted from the segmented ROI for each 

individual participant (average of left and right LC) using rfxplot toolbox 

(http://rfxplot.sourceforge.net/) implemented in SPM. Further, BOLD parameter estimates 

(beta values) were extracted from 4 control regions; two task-related regions, namely the 

lMFG and the lIPL, as well as two task-unrelated regions, namely the Broca and the Wernicke 

area.  
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Figure 5. Beta values of control ROIs in all conditions of the MOT task. Note: PV = Passive 

Viewing, L2 = Load 2, L3 = Load 3, L4 = Load 4. 

 

 

Table 1. Coordinates of ROIs. The left middle frontal gyrus (lMFG) and the left inferior 

parietal lobule (lIPL) were chosen from the peak coordinates of the activation maps. 

 

Functional connectivity analysis. Following preprocessing, functional connectivity analyses 

were carried out in the CONN toolbox by correlating the regional course of 32 regions of 

interests provided in the toolbox. These 32 ROIs are grouped in eight functionally distinct 

networks: the default mode network (4 ROIs), sensorimotor (3 ROIs), visual (4 ROIs), 

salience/cingulo-opercular (7 ROIs), dorsal attention (4 ROIs), frontoparietal (4 ROIs), 

language (4 ROIs), and cerebellar (2 ROIs) networks (see Figure 6). The individual LC masks 

based on the T1-TSE images were included as another ROI. Thus, in total 33 ROIs were 

generated for the whole-brain network analysis. 
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Figure 6. Functional connectivity map of the eight functional networks. Nodes of same color 

belong to the same network. 

 

Graph theory analysis. To enhance the characterization of functional networks' connectivity, 

we carried out a graph theory analysis using the 33 ROIs. They constitute pre-defined 

networks that correspond to distinct modules in the graph analysis. Correlation matrices were 

calculated by correlating the mean time series of the ROIs. After thresholding the correlation 

matrices with a correlation strength of 0.15, the correlation coefficients were converted into z-

values using Fisher’s transformation (Zar, 1996). The resulting Fisher z-transformed matrix 

was subsequently submitted to the Brain Connectivity Toolbox (RRID:SCR_004841; 

https://sites.google.com/site/bctnet/; Rubinov & Sporns, 2010) to estimate graph theoretic 

metrics of interest. The following graph theoretical parameters were calculated: 

1. Participation Coefficient, a measure of the extent to which a node of a network 

interacts with nodes in other networks relative to its total number of connections, 
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therefore a candidate measure to estimate the extent of integration within a graph; 

Shine et al., 2016. Participation Coefficient (PC) measures were calculated from each 

subject’s z-matrix, where only positive connections were accounted for. PC was 

calculated for all nodes (ROIs), excluding the LC. The PC, for a given node i is, 

 

where ki
w(m) is the weighted connections of i with nodes in module m (a module that 

is not containing node i) and ki
w is the total weighted connections node i possesses. 

Higher PC values signal greater communication with nodes in other modules (system 

integration). 

2. Segregation Index (SI), a measure of system segregation based on the calculations of 

Chan, Park, Savalia, Petersen and Wig (2014), that is meant to quantify the pattern of 

differences in the within-system correlations (Zw) in relation to the between system 

correlations (Zb): 

 

Values of this measure of system segregation that are greater than 0 mean larger 

within-system connectivity with respect to connectivity with all other modules 

(between-system connectivity). This measure of system segregation was expected to 

be negatively correlated with the PC, which measures system integration. System 

segregation was also estimated for the whole-brain networks, excluding the LC. 

 

Statistical analysis. Statistical analyses were carried out using IBM SPSS Statistics for 

Windows, Version 22.0 (IBM Corp.). The main interest of the present study was the effect of 

changes in LC activity on graph theoretical measures of network-level integration 

(Hypothesis 1), thus beta values of the LC for all trials (Passive Viewing, Load 2, Load 3 and 

Load 4) were averaged together, and then subjected to a bivariate correlation analysis with the 

SI and the PC which were also averaged across all trials. The reason behind including all 

conditions in the analysis was to be able to capture the variability in the signal. The same 
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bivariate correlations were performed for the averaged beta values of control regions, namely 

the lIPL, the lMFG, the Broca and Wernicke areas. This analysis was conducted to investigate 

the specificity of the proposed effects of LC activity (Hypothesis 2).  

Then, the beta values of the LC were averaged for each condition and then submitted 

to a one-way repeated-measures ANOVA testing for parametric effects in the task (condition: 

Passive Viewing, Load 2, Load 3 and Load 4; Hypothesis 1). Next, to investigate the 

relationship between the two graph measures implemented in the study, the SI and the PC 

values were averaged across all conditions before conducting two-tailed bivariate correlations 

between these mean values of SI and PC. Then, paired-samples t tests were conducted to test 

whether the SI and the PC showed different results in Passive Viewing and Load 4 condition 

of the task (Hypothesis 4). This analysis was conducted to investigate effects similar to effects 

found in response to pharmacological manipulation of LC activity (comparing ATX 

administration to placebo). 

Lastly, to investigate brain-behavior correlations, bivariate correlations were 

conducted between overall accuracy scores (averaged across all tracking conditions) and the 

averaged LC beta values (also for the tracking conditions). The accuracy scores were also 

subjected to bivariate correlations to test the proposed relationship with the averaged SI and 

PC values (Hypothesis 5). All reported correlation values are Pearson correlation coefficients. 

Partial eta squared effect sizes (p) are reported for the ANOVA results: 0.01 = 

small, 0.06 = medium, 0.14 = large, and Cohen’s d (d) is reported for all t-tests: 0.2-0.3 = 

small, 0.5 = medium and 0.8 or larger = large (Cohen, 1988, in Field, 2013).  
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3 Results 

3.1 Imaging results 

First, to investigate whether the SI and the PC indeed reflect the different aspects of the same 

phenomenon, a bivariate correlation was performed, which revealed a significant negative 

correlation between the two measurements: r = -0.919, n = 35, p < 0.001 (see Figure 8). 

 

Figure 7. Negative correlation between the Participation Coefficient and the Segregation 

Index averaged across all trials (R2 linear = 0.845). 

 

To investigate the relationship between overall LC activity and network-level integration 

(Hypothesis 1) across task conditions, we conducted bivariate correlations both between the 

beta values of LC and the SI and between LC beta values and the PC (see Figure 8). There 

was no significant correlation between LC activity and the SI; p = 0.093, while there was a 

significant positive correlation between LC activity and the PC; r = 0.343, n = 35, p = 0.022. 
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Figure 8. Negative correlation between LC activity and the Segregation Index (R2 linear = 

0.052) averaged across all trials (left), and positive correlation between LC activity and the 

Participation Coefficient (R2 linear = 0.117) averaged across all trials (right). 

 

Bivariate correlations investigating the relationship between the beta values of task-unrelated 

ROIs and network-level integration (Hypothesis 2) did not reveal significant relationships in 

either the SI (Broca area: p = 0.461, Wernicke area: p = 0.333) or the PC (Broca area: p = 

0.533, Wernicke area: p = 0.516). A bivariate correlation was computed to assess the 

relationship between the beta values of task-related ROIs and network-level integration as 

well. There was no significant correlation either between the ROIs and the SI (lMFG: p = 

0.696, lIPL: p = 0.720) or the ROIs and the PC (lMFG: p = 0.767, lIPL: p = 0.736).  

 

Next, to test whether the level of attentional effort manipulated within the task led to an 

increase in LC activity (Hypothesis 3), a one-way repeated measures ANOVA with the load 

levels (Passive Viewing and Load 2, 3 and 4) in the task as factor and beta values of the LC as 

dependent variable was conducted. Mauchly’s test revealed that the assumption of sphericity 

had been violated, χ2 (5) = 11.21, p = 0.048, therefore, Greenhouse-Geisser corrected 

estimates are reported. There was a significant effect of load level on LC activity, F(2.42, 

82.31) = 9.94, p < 0.001, p0.13. Post hoc tests revealed that there was an increase in LC 

activity from Passive Viewing to all the active tracking load levels (Load 2, 3 and 4), and this 

increase was significant; Passive Viewing and Load 2: t(34) = -4,47, p < 0.001, d = 1.02, 

Passive Viewing and Load 3: t(34) = -4.24, p < 0.001, d = 0.83, and Passive Viewing and 

Load 4: t(34) = -4.49, p < 0.001, d = 0.98. However, there were no significant differences 

between Load 2 and Load 3, t(34) = -0.24, p = 0.81, d = 0.05, Load 2 and Load 4 t(34) = -
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1.722, p = 0.094, d = 0.35, and Load 3 and Load 4, t(34) = -1.64, p = 0.110, d = 0.28. Results 

of the ANOVA are shown in Figure 9.  

 

 

Figure 9. Beta values of LC across load levels in the task. Significant differences marked with 

** (p < 0.001). Note: NS = Not significant. Error bars represent 95% confidence intervals, 

adjusted for within-subjects design. 

 

Then, we compared how the graph theoretical measures of network-level integration changed 

due to task demand.  For this comparison, paired-samples t-tests were conducted for the SI 

between Passive Viewing and Load 4 conditions (Hypothesis 4). The same analysis was run 

in order to check differences for the PC as well. There was a significant difference in the SI 

for Passive Viewing (M = 0.93, SD = 0.09) and Load 4 (M = 0.91, SD = 0.09) conditions; 

t(34) = 2.38, p = 0.023, d = 0.22, with a decrease in Load 4 compared to Passive Viewing. 

Significant results were found in the PC for Passive Viewing (M = 0.74, SD = 0.03) and Load 

4 (M = 0.73, SD = 0.03) conditions as well; t(34) = 2.08, p = 0.045, d = 0.33. The results 

revealed a decrease in Load 4 condition in the PC compared to Passive Viewing (see Figure 

10). 
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Figure 10. Segregation Index (left) and Participation Coefficient (right) in Passive Viewing 

and in Load 4. Significant differences marked with * (p < 0.05). Error bars represent 95% 

confidence intervals, adjusted for within-subjects design. 

 

 

3.2 Brain-behavior correlations  

Bivariate correlations investigating the relationship between accuracy scores and LC activity 

(Hypothesis 5) did not reveal significant relationships (p = 0.354). Next, we investigated the 

relationship between accuracy in the task and the integration measures averaged across all 

trials with one-tailed bivariate correlations, but neither of the correlations reached 

significance; SI and accuracy scores (p = 0.093), PC and accuracy scores (p =.259). 
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4 Discussion 

The aim of the present study was to investigate the relationship between activation in the LC, 

the source region of noradrenergic innervation in the brain, and the extent of network-level 

functional integration. More specifically, we were interested in how increased LC activity 

contributes to topological changes of functional brain networks. Given the role of 

noradrenergic modulation in attention, we expected that those changes would facilitate 

performance. To investigate this, we used fMRI to directly investigate human LC activity in 

response to attentional effort in the MOT task. To meet the technical challenges of BOLD 

activity assessment due to the small size of the LC, as well as anatomical localization, the 

functional imaging was complemented with neuromelanin-sensitive structural images that 

allowed for individual segmentations of the LC. 

Based on the reviewed literature, we expected a link between activity in the LC and 

functional network topology. In order to study the functional changes of complex brain 

networks, graph theoretical measures were implemented. Specifically, we calculated a 

measure of system integration (PC) and a measure of system segregation (SI) of whole-brain 

functional networks to characterize changes in between- and within-network connectivity. 

Previous studies examining the role of the LC in driving functional network integration in the 

brain have used pupil recordings or pharmacology as a proxy to signal noradrenergic 

activation in the LC. To our knowledge, this is the first study to investigate the proposed 

relationship between alterations in network topology and changes in BOLD activity in the LC. 

Our results partially supported the notion that higher levels of BOLD activity in the 

LC are linked to topological changes of functional brain networks. Graph measures of 

functional integration showed no link with activity patterns of other control areas, lending 

further support to the unique role of the LC-NE system in functional network topology 

alterations. When investigating whether or not higher levels of attentional effort in the task 

recruit higher LC activity, we found that LC activity was significantly higher for active 

tracking trials compared to passive trials in the task, but the proposed parametric effect did 

not reach significance. The notion that higher levels of attentional effort relate to topological 

changes of functional brain networks was partially supported by our data, suggesting a 

discrepancy between the two graph theoretical measures (PC and SI) implemented in the 

study. Lastly, the proposed relationship between better task performance and LC activity was 
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not found to be true, and neither was the link between efficient task performance and a more 

integrated network-level topology. However, it should be noted that our data does not carry 

evidence against such a relationship. 

 

4.1 A specific role of LC activity on brain network 

reconfiguration 

We found, first and foremost, that increased LC activity during the MOT task was associated 

with increased levels functional network integration. There was a non-significant relationship 

between LC activity and the SI of networks, although the correlation showed a negative trend 

between the two variables. However, in line with predictions in Hypothesis 1 and 

corresponding to findings of previous research (Shine et al., 2016), there was a significant 

positive correlation between increases in LC activity and the PC of the brain. The different 

behavior between PC and SI might be explained by the above suggested notion that the PC 

and the SI of functional networks reflect different processes. Overall, the results allow us to 

speculate that LC activity associated to attentional events (i.e. tracking) enables the 

reconfiguration of brain networks: the more activity in LC, the largest brain integration. 

In terms of functional specificity, the effect of LC activity on the observed changes in 

network topology seems relatively distinctive when compared to the four control areas (lIPL, 

lMFG, Broca and Wernicke areas). That is, only activity in the LC displayed significant 

positive correlation in our measure of system integration, and a negative trend in the measure 

of system segregation, whilst the correlations between activity of regions unrelated to MOT, 

namely the Broca and the Wernicke area, were not found to be significant with neither the SI 

of networks, nor the PC. Similar non-significant results were found for regions related to the 

MOT task, namely lMFG and the lIPL (Hypothesis 2).  The dissimilarities between the 

patterns in the five regions suggest that the correlation between functional network-level 

integration and activity in the LC are not primarily due to chance or physiological noise, 

suggesting that the observed alterations in functional network topology share a unique link 

with activity changes in the LC. 
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4.2 LC activity and the lack of parametric increases 

during MOT 

Given the relation between overall LC activity and functional integration, we were interested 

in whether or not both the level of LC activity and network integration would increase in 

response to the increased attentional effort in the task. When investigating activity changes in 

the LC during each condition, we found that the LC showed significantly higher activity for 

active tracking trials compared to passive viewing trials in the task. This finding is in line 

with the Adaptive Gain Theory that links task-engaged behavioral states to phasic bursts in 

LC activity (Aston-Jones & Cohen, 2005), and previous MOT research displaying increased 

LC activity in response to attentional load in the task (Alnæs et al., 2014; Wahn, Ferris, 

Hairston, & König, 2016).  Although, it should be noted that the design of the MOT task used 

in the current study included a continuous attentional load, therefore it does not allow for 

differentiation between LC tonic and phasic activity from the fMRI data. When investigating 

LC activity in response to attentional load, we did not find significant results for a parametric 

effect in the active tracking trials in the task (Hypothesis 3). Previous studies have found a 

significant parametric increase in LC activity across tracking load levels during MOT (Alnæs 

et al., 2014; Wahn et al., 2016).  

One possible explanation for the lack of parametric effect is that the task used here 

had only three levels of load, while the task in Alnæs and colleagues (2014) included a fourth 

level (five balls), possibly enhancing the contrast in LC activity. However, another study 

found that this parametric effect reduces in size and is no longer significant when a smaller set 

of attentional load conditions are included in the analysis (Wahn et al., 2016), such as the set 

of conditions included in the present study. This suggests that the parametric effect shown by 

previous studies may have been modulated by a ceiling effect. In other words, with increasing 

levels of load, increases in LC activity between conditions become systematically smaller. 

Another possible explanation for the lack of parametric effect is that LC activity may reflect 

strongest on whether a participant is engaged in a task or not. In fact, a study by Wahn and 

colleagues (2016) found a larger increase in pupil diameter (an indirect measure of LC 

activity) for the comparison involving Passive Viewing and tracking only one target than for 

the average activity increases for each additionally tracked target. 
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4.3 A shift towards functional integration? 

Consistent with previous research and Hypothesis 4, we found a significant decrease in the SI 

of the networks in the Load 4 condition compared to Passive Viewing. The reason for 

comparing only the passive condition with the highest load level in task was to be able to 

compare the most robust effects. This is consistent with previous studies (Kinnison, Padmala, 

Choi, & Pessoa, 2012; Shine et al., 2018a) that found that increased demand in attentional, 

memory and emotion processing tasks is related to increased integration and therefore 

decreased segregation of networks.  

Contrary to our predictions, the expected increase in PC, our measure of integration, 

was not found. In fact, this comparison revealed significant decrease in Load 4 compared to 

the Passive Viewing condition. One possible explanation is that, despite the high correlation 

between PC and SI, they reflect different processes. Another reason may be that Passive 

Viewing did not act as a true passive control of the task, and internal brain activity led to high 

integration even though the condition was not attentionally effortful. Indeed, Shine and 

colleagues (2016) found in their study that the extent of integration (as measured by PC of 

whole-brain networks) during a cognitively challenging task showed little variability and the 

task-state was generally characterized as shifting towards integration, while the resting state 

condition was characterized by significant fluctuations between integrated and segregated 

network topology. In our study, this observed variability in the extent of integration during 

resting state might explain a higher measure of PC of networks during Passive Viewing. 

Further, previous studies have mainly credited these shifts to increased connectivity between 

the frontoparietal, dorsal attention, cingulo-opercular, and visual networks (Shine et al., 

2018b). It could be speculated that the Default Mode Network (DMN), which is associated 

with self-referential processing during resting conditions (Fox, Zhang, Snyder, & Raichle, 

2009), may have driven the increased between-network communication patterns in the present 

study (see Figure A1.1 in Appendix 1). However, when investigating network-specific effects 

on global shifts in functional integration in the current study, most networks showed a 

decrease in PC (see Figure A1.2 in Appendix 1). Overall, these results suggest that the PC 

might not be a reliable measure for investigating within-subjects manipulations when a 

passive or resting condition is considered. 

 

https://www.ncbi.nlm.nih.gov/pubmed/?term=Zhang%20D%5BAuthor%5D&cauthor=true&cauthor_uid=19339462
https://www.ncbi.nlm.nih.gov/pubmed/?term=Zhang%20D%5BAuthor%5D&cauthor=true&cauthor_uid=19339462
https://www.ncbi.nlm.nih.gov/pubmed/?term=Raichle%20ME%5BAuthor%5D&cauthor=true&cauthor_uid=19339462
https://www.ncbi.nlm.nih.gov/pubmed/?term=Raichle%20ME%5BAuthor%5D&cauthor=true&cauthor_uid=19339462
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4.4 Brain-behavior correlations 

The predictions about brain-behavior correlations stated in Hypothesis 5 did not reveal any 

significant results. We hypothesized a relationship between better performance in the MOT 

and LC activity based on previous findings of a positive correlation between LC activity 

changes and task performance. For example, animal studies have found that alterations in LC 

activity in monkeys show a strong relationship with changes in task performance (Usher, 

Cohen, Servan-Schreiber, Rajkowski, & Aston-Jones, 1999). Corroborating these findings, 

human participants showed impaired performance during attentionally effortful tasks after 

pharmacologically reducing their LC-NE activity (Coull, Middleton, Robbins, & Sahakian, 

1995). 

These previous findings are, however, contradicted by another principle arguing for a 

nonlinear relationship between NE concentration and cognitive performance (Robbins & 

Arnsten, 2009). This theory considers the link between the efficiency of behavioral 

performance and the level of activity in the LC-NE system as that of the Yerkes-Dodson 

inverted U-shaped function. The inverted U dose response has been demonstrated with 

pharmacological manipulations in both animals (Granon, Passetti, Thomas, Dalley, Everitt, & 

Robbins, 2000) and humans (Gibbs & D’Esposito 2006). Further, it has also been proposed 

that the Yerkes-Dodson relationships may depend on the nature of the task (Robbins & 

Arnsten, 2009). Another study, for example, that investigated the effects on pupil size 

changes (proxy for LC activity) and task performance by repeating the MOT on three 

consecutive days found differential results (Wahn et al., 2016): When relating pupil sizes to 

performance in the MOT, a highly negative relation was evident. That is, with increasing 

performance, pupil sizes decreased. The findings of the present study do not confirm any of 

the above reviewed theories, suggesting that the lack of correlation between LC activity and 

task performance in the current data may reflect the inconsistency already evident in the 

literature.  

Further, we expected a positive relationship between accuracy scores and network 

integration measures (SI and PC), but did not find supporting evidence for such relationship 

either, contradicting previous findings that showed a positive association between the extent 

of integration and improved task performance in challenging cognitive tasks (Shine et al., 

2016). One reason for this discrepancy in findings could be that there exists individual 

differences in functional network topology changes during attentionally effortful and passive 
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conditions. In fact, a recent study found that participants with an overall better performance 

had a task functional connectivity structure on several cognitive tasks that resembles resting-

state functional connectivity architecture (Schultz & Cole, 2016b). This suggests that the 

resting-state functional connectivity topography of better performers might be preconfigured 

to shift into a connectivity pattern that is beneficial to cognitive task performance. A possible 

explanation for this is that high-performing individuals might spend more time in an 

integrated network state during rest and therefore need less time and resources to adjust their 

functional connectivity architecture to adapt to a task-situation (Schultz & Cole, 2016a). 

Future studies should investigate whether or not these possible differences in network 

preconfiguration can explain the individual differences in shifting into a more integrated 

network state during task performance.  

 

4.5 Limitations and future research 

Several limitations may have reduced our ability to detect significant effects of LC activity on 

brain topology during the MOT task. The total duration of the MRI procedure was 

approximately one hour and ten minutes which might have resulted in a decrease in 

attentiveness and concentration over the course of the task. Consequently, the quality of the 

behavioral data might have been negatively influenced by this, leading to affected accuracy 

scores. However, the MOT scanning runs were implemented early in the MRI protocol to 

counteract these effects. In the present study, signs of fatigue and lack of concentration would 

be identifiable from alterations in the average reaction times (RT) and accuracy scores in each 

scanning run of the task. That is, if tiredness affected the participants’ RT and accuracy, it 

should result in increasing RT and decreasing accuracy scores over the course of the scanning 

sessions. Such signs were not visible from the behavioral data (see Figure A2.1 and A2.2 in 

Appendix 2), rather the data indicated signs of increased task experience. 

Although the present study indicated a shift towards network-level integration during 

active tracking in the task compared to Passive Viewing, the paradigm might have not 

allowed for total disengagement from the task during passive trials. Instead, comparing the 

graph theory measures during rs-fMRI with the active tracking periods in the MOT task might 

have resulted in more robust effects. Even though rs-fMRI data does not allow for control of 

the cognitive processing that participants may engage in, it could provide a more reliable 



32 

 

disengagement from the task situation than the passive viewing condition. Another possible 

limitation of the study is the lack of Load 5 in the task. By including an additional load level, 

and therefore increasing the degree of attentional effort might also have resulted in more 

robust effects in LC activity. However, extending the number of trials by adding an extra load 

level might have led to a ceiling effect, as well as further increasing the duration of the MRI 

procedure which, as mentioned above, can lead to worsened data quality.  

Further, it is possible that data was partly underspecified due to technical challenges 

arising from the small size and therefore limited number of voxels of the LC. Perhaps a 

standard fMRI protocol with a spatial resolution of 3 mm3, as used here, is too large to 

confidently assess LC activity without influences from neighboring anatomical structures 

(Astafiev, Snyder, Shulman, & Corbetta, 2010; Krebs et al., 2017). However, we hope that the 

anatomy-based segmentation of the LC for each participant counteracted these effects to some 

degree. Since pupil size oscillations are considered to be a reliable proxy of changes in LC 

activity, future studies could implement a more optimal measure to register LC activity by 

combining the here employed neuromelanin-sensitive anatomical scan and BOLD activity 

measures of the LC with concurrent pupil recordings. This method was implemented in a 

recent study (Murphy et al., 2014) that showed correlation between BOLD activity in the LC 

and a concurrently recorded pupil diameter during resting state, as well as during task 

performance in an odd-ball task. 

 

4.6 Conclusion 

To conclude, the present study partially replicated previous findings on the link between LC 

activity changes and increasing effective interactions between otherwise segregated regions 

(Shine et al., 2018). While the PC positively correlated with increased LC activity, the SI did 

not show the predicted significant decrease. These measures, however, showed no correlation 

with activity patterns of the control ROIs, supporting the notion that the LC has a unique role 

in the observed alterations in functional network topology. Although, it should be noted that 

the relationship between LC activity and functional integration may not be as straightforward. 

It has been suggested that factors, such as network dynamics or spiking dynamics, might play 

influencing aspects as well (Eldar et al., 2013).  
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Further, present study lends further support to previous findings by showing that 

attentional effort in the MOT task recruits activity in the LC. Contradicting our predictions, 

we did not find support for parametric increases in LC activity across tracking load levels in 

the task. Moreover, the results of the present study partially supported the notion that higher 

levels of attentional effort relate to topological changes of functional brain networks. 

However, when further teasing apart this effect, we found that only the SI supported our 

predictions. The PC which measures integration on a network-level, and showed a strong 

negative correlation with the SI, was highest in the passive condition of the task. This 

suggests that the passive condition might have recruited functional networks despite the lack 

of cognitive demands, and the notion that the PC and SI reflect different processes in spite of 

their high correlation. 

Lastly, our brain-behavior correlation results speak against the notion of a relationship 

between better task performance and LC activity, as well as between accuracy scores and 

network-level integration measures (the SI and the PC). These results should be investigated 

by additional research into individual differences in shifting from a more segregated network 

state into a more integrated one.  



34 

 

References 

Alnæs, D., Sneve, M. H., Espeseth, T., Endestad, T., van de Pavert, S. H. P., & Laeng, B. 

(2014). Pupil size signals mental effort deployed during multiple object tracking and 

predicts brain activity in the dorsal attention network and the locus coeruleus. Journal 

of Vision, 14, 1–20. doi:10.1167/14.4.1. 

Astafiev, S. V., Snyder, A. Z., Shulman, G. L., & Corbetta, M. (2010). Comment on 

"Modafinil shifts human locus coeruleus to low-tonic, high-phasic activity during 

functional MRI" and "homeostatic sleep pressure and responses to sustained attention in 

the suprachiasmatic area". Science, 328, 309. doi:10.1126/science.1177200 

Aston-Jones, G., & Bloom, F. E. (1981). Activity of norepinephrine-containing locus 

coeruleus neurons in behaving rats anticipates fluctuations in the sleep-waking cycle. 

Journal of Neuroscience, 1, 876–886. doi:10.1523/JNEUROSCI.01-08-00876. 

Aston-Jones, G., & Cohen, J. D. (2005). An integrative theory of locus coeruleus-

norepinephrine function: adaptive gain and optimal performance. Annual Review of 

Neuroscience 28, 403-450. doi:10.1146/annurev.neuro.28.061604.135709 

Aston-Jones, G., Rajkowski, J., Kubiak, P., & Alexinsky, T. (1994). Locus coeruleus neurons 

in monkey are selectively activated by attended cues in a vigilance task. The Journal of 

Neuroscience, 14(7), 4467-4480. doi:10.1523/JNEUROSCI.14-07-04467 

Aston-Jones, G., Rajkowski, J., & Kubiak, P. (1997). Conditioned responses of monkey locus 

coeruleus neurons anticipate acquisition of discriminative behavior in a vigilance task. 

Neuroscience, 80, 697- 715. doi:10.1016/S0306-4522(97)00060-2 

Bar, K. J., de la Cruz, F., Schumann, A., Koehler, S., Sauer, H., Critchley, H., & Wagner, G. 

(2016). Functional connectivity and network analysis of midbrain and brainstem nuclei. 

NeuroImage, 134, 53–63. doi:10.1016/j.neuroimage.2016.03.071 

Bari, A., & Aston-Jones, G. (2013). Atomoxetine modulates spontaneous and sensoryevoked 

discharge of locus coeruleus noradrenergic neurons. Neuropharmacology, 64, 53–64. 

doi:10.1016/j.neuropharm.2012.07.020 

https://doi.org/10.1016/j.neuroimage.2016.03.071
https://doi.org/10.1016/j.neuropharm.2012.07.020


35 

 

Barttfeld, P., Uhrig, L., Sitt, J. D., Sigman, M., Jarraya, B., & Dehaene, S. (2015). Signature 

of consciousness in the dynamics of resting-state brain activity. Proceedings of the 

National Academy of Sciences of the United States of America, 112, 887–892. 

doi:10.1073/pnas.1418031112 

Bassett, D. S., Yang, M., Wymbs, N. F., & Grafton, S. T. (2015). Learning-induced autonomy 

of sensorimotor systems. Nature Neuroscience, 18, 744–751. doi:10.1038/nn.3993 

Berridge, C. W., & Waterhouse, B. D. (2003). The locus coeruleus–noradrenergic system: 

modulation of behavioral state and state-dependent cognitive processes. Brain Research 

Reviews, 42, 33–84. doi:10.1016/S0165-0173(03)00143-7 

Bertolero, M. A., Yeo, B. T., & D’Esposito, M. (2015). The modular and integrative 

functional architecture of the human brain. Proceedings of the National Academy of 

Sciences of the United States of America, 112, 6798-6807. 

doi:10.1073/pnas.1510619112 

Bouret, S., & Sara, S. J. (2005). Network reset: A simplified overarching theory of locus 

coeruleus noradrenaline function. Trends in Neurosciences, 28, 574-582. 

doi:10.1016/j.tins.2005.09.002 

Bullmore, E. & Sporns, O. (2009). Complex brain networks: graph theoretical analysis of 

structural and functional systems. Nature Reviews Neuroscience, 10, 186–198. 

doi:10.1038/nrn2575 

Bullmore, E., & Sporns, O. (2012). The economy of brain network organization. Nature 

Reviews Neuroscience, 13, 336–349. doi:10.1038/nrn3214 

Bymaster, F. P., Katner, J. S., Nelson, D. L., Hemrick-Luecke, S. K., Threlkeld, P. G., 

Heiligenstein, J. H., Morin, S. M., Gehlert, D. R., & Perry, K. W. (2002). Atomoxetine 

increases extracellular levels of norepinephrine and dopamine in prefrontal cortex of rat: 

a potential mechanism for efficacy in attention deficit/hyperactivity disorder. 

Neuropsychopharmacology, 27, 699-711. doi:10.1016/S0893-133X(02)00346-9 

Chan, M. Y., Park, D. C., Savalia, N. K., Petersen, S. E., & Wig, G. S. (2014). Decreased 

segregation of brain systems across the healthy adult lifespan. Proceedings of the 

https://doi.org/10.1073/pnas.1418031112
https://doi.org/10.1016/S0165-0173(03)00143-7
https://doi.org/10.1073/pnas.1510619112
https://doi.org/10.1016/j.tins.2005.09.002
https://doi.org/10.1016/S0893-133X(02)00346-9


36 

 

National Academy of Sciences of the United States of America, 111, 4997–5006. 

doi:10.1073/pnas.1415122111 

Chandler, D., Gao, W., & Waterhouse, B. (2014). Heterogeneous organization of the locus 

coeruleus projections to prefrontal and motor cortices. Proceedings of the National 

Academy of Sciences of the United States of America, 111(18), 6816-6821. 

doi:10.1073/pnas.1320827111 

Coull, J. T., Middleton, H. C., Robbins, T. W., & Sahakian, B. J. (1995). Clonidine and 

diazepam have differential effects on tests of attention and learning. 

Psychopharmacology, 120(3), 322-332. doi:10.1007/BF02311180 

Deco, G., Tononi, G., Boly, M., & Kringelbach, M. L. (2015). Rethinking segregation and 

integration: contributions of whole-brain modelling. Nature Reviews Neuroscience, 16, 

430–439. doi:10.1038/nrn3963 

Eldar, E., Cohen, J. D., & Niv, Y. (2013). The effects of neural gain on attention and learning. 

Nature Neuroscience 16, 1146–1153. doi:10.1038/nn.3428 

Field, A., P. (2013). Discovering statistics using IBM SPSS statistics: And sex and drugs and 

rock 'n' roll (4th ed.). London: Sage. 

Foote, S. L., Aston-Jones, G., & Bloom, F. E. (1980). Impulse activity of locus coeruleus 

neurons in awake rats and monkeys is a function of sensory stimulation and arousal. 

Proceedings of the National Academy of Sciences of the United States of America, 77, 

3033–3037. doi:10.1073/pnas.77.5.3033 

Fornito, A. Zalesky, A., & Breakspear, M. (2013). Graph analysis of the human connectome: 

promise, progress, and pitfalls. NeuroImage, 80, 426–444. 

doi:10.1016/j.neuroimage.2013.04.087 

Fox, M. D., Zhang, D., Snyder, A. Z., & Raichle, M. E. (2009). The global signal and 

observed anticorrelated resting state brain networks. Journal of Neurophysiology, 

101(6), 3270-3283. doi:10.1152/jn.90777.2008 

Friston, K. J. (2011).  Functional and effective connectivity: A review. Brain Connectivity, 1, 

13-36. doi:10.1089/brain.2011.0008. 

https://doi.org/10.1073/pnas.1415122111
https://doi.org/10.1073/pnas.1320827111
https://doi.org/10.1073/pnas.77.5.3033
https://doi.org/10.1016/j.neuroimage.2013.04.087
https://www.ncbi.nlm.nih.gov/pubmed/?term=Fox%20MD%5BAuthor%5D&cauthor=true&cauthor_uid=19339462
https://www.ncbi.nlm.nih.gov/pubmed/?term=Zhang%20D%5BAuthor%5D&cauthor=true&cauthor_uid=19339462
https://www.ncbi.nlm.nih.gov/pubmed/?term=Snyder%20AZ%5BAuthor%5D&cauthor=true&cauthor_uid=19339462
https://www.ncbi.nlm.nih.gov/pubmed/?term=Raichle%20ME%5BAuthor%5D&cauthor=true&cauthor_uid=19339462


37 

 

Fröhlich, F. (2016). Network neuroscience. New York: NY: Academic Press. 

German, D.C., Walker, B.S., Manaye, K., Smith, W.K., Woodward, D.J., North, A.J., (1988). 

The human locus coeruleus: computer reconstruction of cellular distribution. Journal of 

Neuroscience, 8, 1776–1788. doi:10.1523/JNEUROSCI.08-05-01776 

Gibbs, S. E., D’Esposito, M. (2006). A functional magnetic resonance imaging study of the 

effects of pergolide, a dopamine receptor agonist, on component processes of working 

memory. Neuroscience, 139, 359–371. doi:10.1016/j.neuroscience.2005.11.055 

Godwin, D., Barry, R. L., & Marois, R. (2015). Breakdown of the brain’s functional network 

modularity with awareness. Proceedings of the National Academy of Sciences of the 

United States of America, 112, 3799–3804. doi:10.1073/pnas.1414466112 

Granon, S., Passetti, F., Thomas, K. L., Dalley, J. W., Everitt, B. J., & Robbins, T. W. (2000). 

Enhanced and impaired attentional performance after infusion of D1 dopaminergic 

receptor agents into rat prefrontal cortex. Journal of Neuroscience, 20, 1208–1215. 

doi:10.1523/JNEUROSCI.20-03-01208.2000 

Grudzien, A., Shaw, P., Weintraub, S., Bigio, E., Mash, D., & Mesulam, M. (2007). Locus 

coeruleus neurofibrillary degeneration in aging, mild cognitive impairment and early 

Alzheimer's disease. Neurobiology of Aging, 28(3), 327-335. 

doi:10.1016/j.neurobiolaging.2006.02.007 

Guedj, C., Monfardini, E., Reynaud, A. J., Farnè, A., Meunier, M., & Hadj-Bouziane, F. 

(2017). Boosting norepinephrine transmission triggers flexible reconfiguration of brain 

networks at rest. Cerebral Cortex, 27(10), 4691–4700. doi:10.1093/cercor/bhw262 

Joshi, S., Li, Y., Kalwani, R., & Gold, J. (2016). Relationships between pupil diameter and 

neuronal activity in the locus coeruleus, colliculi, and cingulate Cortex. Neuron, 89(1), 

221-234. doi:10.1016/j.neuron.2015.11.028 

Keren, N. I., Lozar, C. T., Harris, K. C., Morgan, P. S., & Eckert, M. A. (2009). In vivo 

mapping of the human locus coeruleus. NeuroImage (47) 1261–1267. 

doi:10.1016/j.neuroimage.2009.06.012 

https://doi.org/10.1016/j.neuroscience.2005.11.055
https://doi.org/10.1073/pnas.1414466112
https://doi.org/10.1016/j.neurobiolaging.2006.02.007
https://doi.org/10.1093/cercor/bhw262
https://doi.org/10.1016/j.neuron.2015.11.028
https://doi.org/10.1016/j.neuroimage.2009.06.012


38 

 

Kinnison, J., Padmala, S., Choi, J-M., & Pessoa, L. (2012). Network analysis reveals 

increased integration during emotional and motivational processing. The Journal of 

Neuroscience, 32(24), 8361– 8372. doi:10.1523/JNEUROSCI.0821-12.2012 

Krebs, R. M., Park, H. R. P., Bombeke, K., & Boehler, C. N. (2017). Modulation of locus 

coeruleus activity by novel oddball stimuli. Brain Imaging and Behavior, 12(2), 577-

584. doi:10.1007/s11682-017-9700-4 

Murphy, P. R., O’Connell, R. G., O’Sullivan, M., Robertson, I. H., & Balsters, J. H. (2014). 

Pupil diameter covaries with BOLD activity in human locus coeruleus. Human Brain 

Mapping, 35, 4140–4154. doi:10.1002/hbm.22466 

Robbins, T. W. & Arnsten, A. F. T. (2009). The neuropsychopharmacology of fronto-

executive function: Monoaminergic modulation. Annual Review of 

Neuroscience, 32(1), 267-287. doi:10.1146/annurev.neuro.051508.135535 

Rubinov, M., Sporns, O. (2010). Complex network measures of brain connectivity: uses and 

interpretations. Neuroimage, 52, 1059 –1069. doi:10.1016/j.neuroimage.2009.10.003 

Sara, S. J. (2009). The locus coeruleus and noradrenergic modulation of cognition. Nature 

Reviews. Neuroscience 10, 211–223. doi:10.1038/nrn2573 

Sara, S. (2015). Locus Coeruleus in time with the making of memories. Current Opinion in 

Neurobiology, 35, 87-94. doi:10.1016/j.conb.2015.07.004 

Samuels, E. R. & Szabadi, E. (2008). Functional neuroanatomy of the noradrenergic locus 

coeruleus: Its roles in the regulation of arousal and autonomic function. Part I. 

Principles of functional organization. Current Neuropharmacology, 6(3), 235–253. 

doi:10.2174/157015908785777229 

Sasaki, M., Shibata, E., Tohyama, K., Takahashi, J., Otsuka, K., Tsuchiya, K., Takahashi, S., 

Ehara, S., Terayama, Y., Sakai, A., (2006). Neuromelanin magnetic resonance imaging 

of locus coeruleus and substantia nigra in Parkinson's disease. NeuroReport 17, 1215–

1218. doi:10.1097/01.wnr.0000227984.84927.a7 

Schultz, D. H., & Cole, M. W. (2016a). Integrated brain network architecture supports 

cognitive task performance. Neuron, 92(2), 278-279. doi:10.1016/j.neuron.2016.10.004 

https://doi.org/10.1002/hbm.22466
https://www.annualreviews.org/doi/abs/10.1146/annurev.neuro.051508.135535
https://www.annualreviews.org/doi/abs/10.1146/annurev.neuro.051508.135535
https://doi.org/10.1016/j.neuroimage.2009.10.003
https://doi.org/10.1016/j.conb.2015.07.004
https://doi.org/10.1016/j.neuron.2016.10.004


39 

 

Schultz, D. H., & Cole, M. W. (2016b). Higher intelligence is associated with less task-related 

brain network reconfiguration. Journal of Neuroscience, 36(33), 8551-8561. 

doi:10.1523/JNEUROSCI.0358-16.2016 

Servan-Schreiber, D., Printz, H., & Cohen, J. D. (1990). A network model of catecholamine 

effects: gain, signal-to-noise ratio, and behavior. Science 249, 892-895. 

doi:10.1126/science.2392679 

Shine, J. M., Bissett, P. G., Bell, P. T., Koyejo, O., Balsters, J. H., Gorgolewski, K. J., 

Moodie, C. A., Poldrack, R. A. (2016). The dynamics of functional brain networks: 

integrated network states during cognitive task performance. Neuron 92:544–554. 

doi:10.1016/j.neuron.2016.09.018 

Shine, J. M., van den Brink, R. L., Hernaus, D., Nieuwenhuis, S., & Poldrack, R. A. (2018a). 

Catecholaminergic manipulation alters dynamic network topology across cognitive 

states. Network Neuroscience. doi:10.1162/NETN.a.00042  

Shine, J. M., Aburn, M. J., Breakspear, M., & Poldrack, R. A. (2018b). The modulation of 

neural gain facilitates a transition between functional segregation and integration in the 

brain. eLife. doi:10.7554/eLife.31130 

Sporns O. 2013. The human connectome: origins and challenges. NeuroImage, 80, 53–61. 

doi:10.1016/j.neuroimage.2013.03.023 

Swanson, C. J., Perry, K. W., Koch-Krueger, S., Katner, J., Svensson, K. A., Bymaster, F. P. 

(2006). Effect of the attention deficit/hyperactivity disorder drug atomoxetine on 

extracellular concentrations of norepinephrine and dopamine in several brain regions of 

the rat. Neuropharmacology, 50, 755-760. doi:10.1016/j.neuropharm.2005.11.022 

Tomasi, D., & Volkow, N. D. (2012). Resting functional connectivity of language networks: 

Characterization and reproducibility. Molecular Psychiatry, 17(8), 841–854. 

doi:10.1038/mp.2011.177 

Tononi, G., Sporns, O., & Edelman, G. M. (1994). A measure for brain complexity: relating 

functional segregation and integration in the nervous system. Proceedings of the 

National Academy of Sciences of the United States of America, 91, 5033-5037. 

doi:10.1073/pnas.91.11.5033 

https://doi.org/10.1016/j.neuron.2016.09.018
https://doi.org/10.1162/NETN_a_00042
https://doi.org/10.1016/j.neuroimage.2013.03.023
https://doi.org/10.1016/j.neuropharm.2005.11.022


40 

 

Usher, M., Cohen, J. D., Servan-Schreiber, D., Rajkowski, J., & Aston-Jones, G. (1999). The 

role of locus coeruleus in the regulation of cognitive performance. Science, 283(5401), 

549-554. doi:10.1126/science.283.5401.549 

van den Brink, R. L., Pfeffer, T., Warren, C. M., Murphy, P. R., Tona, K.-D., van der Wee, N. 

J. A., Giltay, E., van Noorden, M. S., Rombouts, S. A. R. B., Donner, T. H., & 

Nieuwenhuis, S. (2016). Catecholaminergic neuromodulation shapes intrinsic MRI 

functional connectivity in the human brain. Journal of Neuroscience, 36, 7865–7876. 

doi:10.1523/JNEUROSCI.0744-16.2016 

Wahn, B., Ferris, D. P., Hairston, W. D., & König, P. (2016). Pupil sizes scale with 

attentional load and task experience in a Multiple Object Tracking task. PLoS ONE, 

11(12), 1-15. doi:10.1371/journal.pone.0168087 

Westphal, A. J., Wang, S., & Rissman, J. (2017). Episodic memory retrieval benefits from a 

less modular brain network organization. Journal of Neuroscience, 37(13), 3523-3531. 

doi:10.1523/JNEUROSCI.2509-16.2017 

Yellin, D., Berkovich-Ohana, A. & Malach, R. (2015). Coupling between pupil fluctuations 

and resting-state fMRI uncovers a slow build-up of antagonistic responses in the human 

cortex. NeuroImage, 106, 414–27. doi:10.1016/j.neuroimage.2014.11.034 

Zalesky, A., Fornito, A., Cocchi, L., Gollo, L. L., & Breakspear, M. (2014). Time-resolved 

resting-state brain networks. Proceedings of the National Academy of Sciences of the 

United States of America, 111, 10341–10346. doi:10.1073/pnas.1400181111 

Zar, J. (1996). Biostatistical Analysis. Prentice Hall, Upper Saddle River, NJ. 

 

https://doi.org/10.1371/journal.pone.0168087
https://doi.org/10.1016/j.neuroimage.2014.11.034
https://doi.org/10.1073/pnas.1400181111


41 

 

Appendix 1 

 

 

Figure A1.1: PC of brain networks (excluding the Default Mode Network) in Passive Viewing 

and in Load 4. Note: PV = Passive Viewing, L4 = Load 4, NS = Not significant. 

 

 

Figure A1.2: PC values of each network in the MOT task. Note: DMN = Default mode 

network, SM = Sensorimotor network, VisN = Visual network, SN = Salience network, DAN 

= Dorsal attention network, FPN = Frontoparietal network, LN = Language network, 

Cerebellum = Cerebellar network. 
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Appendix 2 

 

 

Figure A2.1: Mean accuracy scores in each scanning run. 

 

 

Figure A2.2: Mean RT in each scanning run. 

 

 


